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1. INTRODUCTION 

Artil3cial Intelligence (AI) techniques in the form of 
knowledge-based Wrt Systems (ESs) have been. pro- 
posed12 to provide on-line decision-making support for 
plant operators during both normal and emergency con- 
ditions. However, in spite of the great interest in these 
advanced techniques, their application in the diagnosis of 
large-scale processes has not yet reached its full potential 
because of limitations of the knowiedge base. These lim- 
itations include problems with knowledge acquisition and 
the use of an event-oriented approach for process diag- 
nosis. 

The knowledge base of process diagnosis ESs is generally 
acquired in a heuristic fashion through empirical asso- 
ciations between plant symptoms and component mal- 
functions with no reliance on fundamental physical 
principles. This nonsystematic construction of the 
knowledge base causes, among other problems, the en- 
d e d  information to be biased and limited towards the 
developer's own experience and judgmental knowledge. 
The use of an event-oriented approach for process 
diagnosis requires the developer of the knowledge base 
to anticipate and formulate rules to cover every con- 
ceivable plant situation. In addition to yielding a large 
knowledge base, an undesirable characteristic for an 
on-line real-time advisory system, an event-oriented 
approach for diagnosis of large and complex thermal- 
hydraulic (T-H) based processes cannot guarantee 
functional completene~s,~ and is likely to fail under 
unanticipated circumstances. Hence, these limitations 
preclude an effective verification and validation of the 
knowledge base which is required in industrial applica- 
tiOnS. 

In contrast to the heuristic construction of a rigid 
knowiedge base that uses an event-oriented approach for 
process diagnosis, we propose a different approach that 
involves the systematic construction of a hierarchical 
knowledge base with two levels. This two-level approach 
is function- and component characteristic-based. It struc- 
tures the decision making procedure in order of de- 
creasing intelligence with increasing precision. At the 
first level, a first principles-based 13Y3 utilizing T-H 
function chs&cation, is used to narrow the diagnostic 
focus to a particular set of possible faulty components 
that could be responsible for the inferred functional 
misbehavior of the process. The inference of the par- 
ticular functional misbehavior is made with the T-H 
conservation equations used in a qualitative-physics mode 
of reasoning. This T-H function-based approach should 
result in plant-independent portability, generic verifi- 
cation/validation and comprehensiveness of the know- 
ledge base. At the second level, trained artificial neural 
networks (ANNS)~' are used to further narrow the diag- 
nosis and to identify the faulty component by classifying 
the functional misbehavior as a failure of a specific 
component &om a class of components through specific 
component characteristics. As part of the hierarchical 
scheme for structuring the T-H knowledge base, the 
neural network representations have plant-independent 
portability when used in conjunction with the ES. Imple- 
mentation and training of the A N N s  are plant and T-H 
system specific. Additional hierarchical structuring iS 
utilized within the ES knowledge base and the system of 
A N N s  to compensate for the normally limited availability 
of instrumentation from T-H system to T-H system. 
However, incomplete instrumentation will always be the 
limiting factor for any diagnostic system. Our approach 
compensates for this factor through the use of first- 
principles qualitative physics reasoning. 

To investigate the capabilities of this two-level hier- 
archical knowledge structure, Commonwealth Research 
Corporation (CRC) and Argonne National Laboratory 
(ANI.,) are collaborating on a DOE-sponsored Coopera- 
tive Research and Development Agreement (CRADA) 
project to perform feasibfity studies on the proposed 
diagnostic system. Investigations are beiig performed in 
the construction of a physics-based plantlevel process 
diagnostic ES and the characterization of component- 
level fault patterns through ANNs. The purpose of the 
proof-of-concept project is to develop a computer-based 
system using this AI approach to assist process plant 

) 



DISCLAIMER 

This report was prepared as an account of work sponsored by an agency of the 
United States Government. Neither the United States Government nor any agency 
thereof, nor any of their employees, makes any warranty, express or implied, or 
assumes any legal liability or responsibility for the accuracy, completeness, or use- 
fulness of any information, apparatus, product, or process disclosed, or represents 
that its use would not infringe privately owned rights. Reference herein to any spe- 
cific commercial product, process, or service by trade name, trademark, manufac- 
turer, or otherwise does not necessarily constitute or imply its endorsement, recom- 
mendation, or favoring by the United States Government or any agency thereof. 
The views and opinions of authors expressed herein do not necessarily state or 
reflect those of the United States Government or any agency thereof. 



DISC LA1 M ER 

Portions of this document may be iil-egible 
in electronic image products. Images are 
produced from the best available original 
document. 



operators during off-normal plant conditions. The 
proposed computer-based system will use T-H signals 
complemented by other non-T-H signals available in the 
data stream to provide the process operator with the 
component which most likely caused the observed pro- 
cess disturbance. To demonstrate the scale-up f e a s i i i  
of the proposed diagnostic system it is b e i i  developed 
for use with the Chemical Volume Control System 
(CVCS) of a nuclear power plant. A full-scope operator 
training simulator representing the Commonwealth 
Edison Braidwood nuclear power plant is behg used 
both as the source of development data and as the means 
to evaluate the advantages of the proposed diagnostic 
system. This is an ongoing multi-year project and the 
remainder of this paper presents a mid-term status 
report. 

2. DIAGNOSTIC TECHNIQUE 

A summary of the diagnostic approach is given here with 
an emphasis on the construction of the two-level func- 
tion- and component characteristics-oriented hierarchical 
structure knowledge base. At the first level, the diag- 
nostic system is general and has knowledge of the overall 
process including a wide variety of plant-wide responses 
and the functional behavior of the process components. 
At the second level, the diagnostic system limits its scope 
to individual component malfunctions, but with more de- 
tailed knowledge of component characteristics. 

The diagnostic technique is best summarized in Fig. 1. 
The taxonomy tree in Fg. 1 shows how the process com- 
ponents are classiiied first by thermal-hydraulics (T-H) 
function and then by component characteristics at each 
stage of the diagnostic technique. The right-hand side 
(RHS) of the figure shows the various modules used by 
each of the two levels to proceed with the diagnostics at 
each stage of the tree. For the tree, the T-H physics 
knowledge base is composed of balance equations (mass, 
momentum, and energy) applied to specific control vol- 
umes, the equations of state (EOS), and the component 
characteristics. Based on a physics-grounded approach, 
the diagnosis is split into the two levels shown in Fig. 1. 
The first level 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 knowledge base which couple the differ- 
ent components together to form a system-wide response. 
This T-H physics knowledge base for the plant-wide re- 
sponse is composed of the balance equations applied to 
specific control volumes and the EOS. The next level 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. Component characteristics used by this 
level are characteristics such as valve characteristics and 
pump characteristics. In summary, the overall strategy is 
a two-level diagnosis process with the physics of T-H 
(balance equations, EOS, component characteristics) 
b e i i  split up between the two levels. In terms of AI 
implementation/programming, we use a hybrid approach. 
The first level is implemented through an ES (If-Then 
rules), and the second level is implemented through 
ANNs. In the diagnostics, spatial detail across the plant 
with 'simple7 correlations, as implemented in the ES 
rules, is then replaced by temporal detail at localized 
components with "complicated" correlations, as 
implemented in the ANNS. 

The RHS of the Fig. 1 shows that the T-H physics know- 
ledge base (first-principle knowledge base) for the plant- 
level diagnosis Es (level 1) is broken down into a three- 
database structure; Physical Rules (PRD), Component 
Classification Dictionary (CCD), and Process Schematics 
incorporated in the Piping and Instrumentation Diagram 
(PID). In this way, all the system-specific connectivity 
information are assigned to the PID. The PRD and the 
CCD are T-H system independent (at this moment, re- 
stricted to water systems or fluids with compressibii/ 
thermal expansion properties close to that of water) and 
thereby generic. The PRD represents the physical rules 
based on T-H physics. The CCD classifies a generic list 
of components (pumps, valve s,...) by function as mass 
source/sink, momentum source/sink, and energy source/ 
sink. Going through the stages of the diagnostic tree in 
Fig. 1, it can be seen that the purpose of the stage 1 
diagnosis is to classify the malfunction by function as a 
mass source/siuk, or a momentum source/sink, or an en- 
ergy source/sink imbalance. Basically, the quasi-steady 
T-H balance equations/EOS are used in a qualitative- 
physics mode and are cast into the If-Then rules of the 
PRD. This first-principles physics correlates the trends 
of the first derivatives of different T-H signals across the 
plant to determine which T-H fundon malfunctioned. 
This is then tied to a class of malfunctioning components 
through the CCD. 

Figufe 1 shows that the structure of the component-level 
diagnosis using ANNs (level 2) is also further broken 
down into two parts; knowledge regarding generic com- 
ponent characteristics (e.g., pumps vs. valves) and 
knowledge regarding specific component characteristics 
(e.g., valve a vs. valve b). The stage 2 diagnosis will 
separate out between generic function c l q s  of compo- 
nents; pumps vs. valves, etc. A N N s  are used at this 
stage. The A N N s  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 T-H 



function class. The stage 3 diagnostics is a good example 
of the restrictions imposed by the need for component 
data. Whether or not distinctions can be made or should 
be made between gate valves and globe valves depends 
upon the availability of differentiable component charac- 
teristics. The existence of a certain stage in the diagnosis 
technique can only be justified if differentiation can be 
made between component characteristics at this diagnos- 
tic leveL The stage 4 diagnostics is intended to decide 
which specific globe valve has malfunctioned. It may be 
possible that the unavailability of specilic component data 
will combine the stage 3 and stage 4 diagnoses into a 
single-stage diagnosis, Other non-T-H signals may have 
to be used. The A N N s  which will be used at this stage 
of the diagnosis are termed specific component 
classifiers. The specific component c l d e r  selects the 
specific malfunctioning component fiom the generic com- 
ponent set. 

Finally, instrumentation availability requires discussion. 
If the instrumentation has instantaneous response and is 
available everywhere, the constructed ES rules should be 
capable of making the complete diagnosis to stage 4. If, 
on the other hand, instrumentation is limited and "slow", 
it may require not only the ANN% but also the faster- 
than-real-time mathematical model simulation ( F l R S )  to 
resolve ambiguities regarding component malfunctions. 
While it is not part of this specific project, the ITRS is 
the third level required to complete the diagnostic 
approach. But even so, the role of instrumentation avail- 
abity can not be overemphasized While the overall 
diagnostic technique as presented in Fig. 1 is quite gen- 
eral, the success will be determined by the quality and 
quantity of the instrumentation. 

3. PRODIAG CODE DEVELOPMENT 

Work has been performed on implementing the diagnos- 
tic technique in the combmed =/ANN development 
code PRODIAG. Several steps/modules are required 
for the PRODIAG Reasoning Algorithm Framework 
(RAF) to implement the diagnostic process summarized 
in sedion 2. The PRD, CCD, generic and specific 
component classifiers are not the only modules which 
have to be developed. Other modules are also required 
to complete the emulation of the frrst-principles 
diagnostic reasoning. Some of the more important 
modules are summarized here in the order of the logic 
flow in the RAF. 

Signal validation and noise filtering performed by a 
V&dator/Filter module is required before the T-H 
signals can be accepted for diagnostic analyses. The 
Occurrence of an off-normal event is detected through 

threshold criteria in the Off-normal Discrimitor 
module. At this point the diagnostics begins. Dynamic 
effects of the T-H responses are handed by the Time 
Window Selector (TWS) module. Since the PRD rules 
are based on quasi-static T-H balance equations, time 
delays and inertia effects have to be treated by the TWS. 
The Hydraulic Loop Selector module then decomposes 
the T-H system into 'simple' closed and open loops and 
picks the control volume for initiating the diagnostic 
process. The selected control volume signals are then 
input into the Trend Classifier module which categorizes 
each signal trend into a particular class. These modules 
are basically preprocessing function modules which pre- 
cede the PRD/CCD. Other important modules include 
the non-T-H modules which fit into the later stages of 
the logic flow. These modules utilize the non T-H 
signals such as those fiom the valve position monitors. 

An effort has been made to divide the steps/modules 
into T-H system-specific steps/modules and generic 
steps/modules. It should, therefore, be simpler to 
transfer this =/ANN diagnostic package between 
different T-H systems. To maintain flexibity, the 
PRODIAG development effort has retained a number of 
the modules as stand-alone modules. The current status 
is that an initial version of the Es portion of PRODIAG 
has been completed for single phase liquid (water) + 
wn-condensible gas systems. ANN representations for 
the mass and momentum T-H function component classi- 
fiers have also been constructed. It is currently 
envisioned that the energy T-H function component 
classifier will not be required. 

4. INITIAL PRODIAG DIAGNOSTICS RESULTS 

Initial results obtained by using the developed "first- 
principles E.S" portion of the PRODIAG code to diag- 
nose transient events are summarized here. The ultimate 
objective of the project is to perform proof-of-concept 
testing to assess technical feasibity for an engineering- 
type or a prototype diagnostic system based on the pro- 
posed approach. To this end, a specific T-H system from 
a specific plant must be selected as the proof-of-concept 
T-H system. The Braidwood nuclear power station is 
one of the newest nuclear power stations on the Com- 
monwealth Edison grid. It is a twin-unit PWR 
(Pressurized Water Reactor) with each PWR rated at 
1120 MW(e). The Braidwood CVCS was selected as the 
test-bed for the development of the process diagnostics 
code, PRODIAG, for the following reasons: (1) it 
operates continuously throughout the various states of the 
plant and is an important part of the primary system, (2) 
it is a single-phase liquid (subcooled water) plus a 
noncondensable gas system, (3) it allows for a large 
number of transients to be modeled by the full-scope 



b 

Braidwood simulator, and (4) it is relatively well, but not 
atypically, instrumented. A demonstration with this T-H 
system will provide confidence in the ability of the 
diagnostic approach to diagnose single-component 
failures using verified/validated signals with automatic 
control action for a range of failure extents and rates. 

The CVCS has a number of different operating modes as 
it has several functions. One particular configuration for 
one specific operating mode was selected. This con- 
figuration is normal charging/letdown mode at 100% 
power. Since only this operating mode is evaluated 
simplifications can be made in the CVCS system layout. 
Figure 2 shows the simplified CVCS PJD used for this 
project. Except for Makeup and Component Cooling 
Water all other external systems are dropped as they do 
not respond during the transients involved with normal 
charging/letdown. All external relief tanks are retained. 
Individual components retained in Fig. 2 are those which 
either malfunction or respond during the transients. 
Only these components will be needed in the reasoning 
process of the =/ANN. 

Figure 2 also shows the location of the system ktru- 
mentation and, therefore, the plant parameter signals 
which can be used for the =/ANN reasoning. Three 
categories are indicatd, external systems measurements, 
main control board measurements, and local indicators. 
Initially only T-H signals, excluding the external systems 
measurements, will be utilized Usage of other signals 
will eventually ais0 be included. The CVCS has several 
local controllers. It should be adequate to treat the 
smaller set of local controllers shown in Fig. 2. These 
are the TCVUOA controller, PCVl.31 controller, VCT 
makeup controller, VCT hydrogen controller, and the 
CV121 controller. This should be the important set for 
the developmental matrix of transients. All other con- 
trollers are in the manual mode. 

The full-scope Braidwood simulator malfunctions for 
CVCS operator training are used as the initial basis for 
the selection of the developmental matrix of transients. 
Elimination of malfunction cases initiated in external 
systems and potential duplicative transients leads to the 
matrix of 22 transients shown in Table 1. The initial 
objective for the proposed =/ANN is to at least match 
operator abitity in recognidng component malfunctions 
using thermal/hydraulic signals only. Each single-fault 
transient event was simulated for a s ,  including 3s of null 
transient, starting from a steady-state normal mode of 
the CVCS operation with the plant at 100% nominal 
power. 

Table 2 summarizes the PRODIAG diagnostic results for 
the 22 transients. Eight transient events were Uniquely 

identified at some time into the transient. Six transient 
events were identified as b e i i  one out of two hypothe- 
sized faults. Three transient events were identified as 
being one out of many hypothesized faults. In one of the 
transients no diagnostics was made other than the indica- 
tion that an imbalance was observed in the loop where 
the faulty component is located. The lack of sufficient 
instrumentation in the loop and the modulation of the 
pump seals during the transient prevented further diag- 
nostics. In four transient events PRODIAG made incor- 
rect diagnostics. Two of these transients correspond 
to instrumentation failure. The current version of 
PRODIAG was designed to detect component malfunc- 
tions only, and assumes that the readings from the 
sensors are correct. The diagnostic approach may detect 
instrumentation failure, however, sensor validation is 
beyond the scope of this project. One of the other two 
transients may be correctly identified with a modified 
representation of the time-window selector. Another 
transient was not correctly identified because we did not 
use the flow information from flow transmitter FT-157 
located immediately downstream of valve 814lA in the 
leakoff flow line. FT-157 is not shown in Fig. 2. The 
readings from this sensor were disregarded since they 
showed unexpected values in other transients. Appar- 
ently, pump seal #1 located just upstream of FT-157 
modulates under transient conditions. Since the 
modulation of pump seals is difficult to represent and 
since these pump seals are specific to the Braidwood 
CVCS, in future tests we will eliminate the transient 
events which depend on the correct representation of the 
Seals. 

To summarize, PRODIAG is able to correctly identify, 
within one minute of the initial malfunction, 77% (17/22) 
of the CVCS transients with varying levels of resolution. 
We expect to improve on these results in future system 
upgrades. For instance, in the cases where the transients 
were incorrectly identified, we will try to correctly 
identity them as one out of many hypothesized faults. In 
the cases where the transients were identified as one out 
of many hypothesized faults, we will try to narrow the 
diagnostics further and classify them as one out of two 
faulty components, and so on. Addition of external sys- 
tem measurements and non T-H signals to the signal set, 
and the implementation of the A N N s  will also increase 
the degree of resolution. However, we should keep in 
mind that incomplete instrumentation will always be the 
limiting factor in the success of PRODIAG or any other 
diagnostic system. 

5. CONCLUSIONS 

The hybrid two-level hierarchical knowledge structure 
based on the combined use of a first-principles ES and 



component-characteristic A N N s  has been constructed for 
the diagnosticsystem. Implementation in the PRODIAG 
Code has been completed for the first-principles ES por- 
tion. From the initial resdts of the developmental 
testing at the early phase of "proof-of-concept", the 
proposed approach appears capable of alleviating most of 
the existing limitations in the use of artificial intelligence 
techniques to ,diagnose processes in a realistic environ- 
ment; being able to be comprehensively verified and vali- 
dated, being flexible enough to diagnose an unforeseen 
event, and being capable of handling limited instrumenta- 
tion. In addition, inkiit has been gained on techniques 
for the automated generation of rules and the optimiza- 
tion of minim& instrumentation for the plant-of-the- 
future. Work continues on the topology and training of 
the A N N s ,  and on refinements of the Es. Semi-blind 
and blind testing of the complete PRODIAG diagnostic 
system will be conducted. 

Although the proposed computer-based diagnostic system 
will be applied to the diagnosis of component failures in 
nuclear power plants, the approach used is general and 
has a wide range of applications. In addition to the 
electric power industry (both nuclear and fossil), the 
proposed general-purpose approach for process diagnosis 
can be applied to numerous processes in the chemical 
industry. If the proposed concepts of this advanced 
diagnostic system are proven to work, the application of 
the proposed technology could be of utility in various 
industries. 

REFERENCES: 

(1) Majundar, M. C., Majundar, D. and Sackett, J. I., 
Artificial Intelligence and Innovative Computer 
Applications in the Nuclear Industry, Plenum Press 

(2) Bernard, J. A. and Washio, T. Expe rt Systems 
ADDlications Within the Nuclear Industq American 
Nuclear Society (1989). 

(3) Kirk, D. B. and Murray, A. E. "Verification and 
Validation of Expert System for Nuclear Power Plant 
Applications," EPRI-NP-5978, Electric Power 
Research Institute (1988). 

(4) Reifman, J., Briggs, L. L. and Wei, T. Y. C. "A 
First-Principles General Methodology for 
Representing the Knowledge Base of a Process 
Diagnostic Expert System", Proceedings of the 
Fourth International Conference on Industrial and 
Engineering Applications of Micia l  Intelligence 
and Expert System, Kauai, Hawaii, June 2-5, 1991. 

(1988). 

(5) Reifman, J., Briggs, L. L. and Wet T. Y. C. "Nuclear 
Power Plant Diagnostics Using Qualitative Analysis 
and Component Functional Classification", Proc. of 
the AI91 Frontiers in Innovative Computing for the 
Nuclear Industry, Jackson, Wyoming, September 
Gla, 1991. 

(6) Lippmann, R. P. IEEE ASSP Mv.  4,4 (1987). 

(7) Venkatasubramanian, V. and Chan, K. AIChE J, 35, 
1993 (1W). 

Table 1, Developments! Matrix Transient Cases 

Char& Pump A Trip 
VCT Divert Valve Failure (LCV-112A) 
PCV 131 Auto Controller Failure 
Clogged RCS Fdter 
Clogged seal Injection Filter 
Failure of Pressure Transmitter -131 
Failure of Temperature Element -130 
Flow Control Valve 121 Failure 
Letdown Relief Valve Fails Open 
Charging Line Leak Outside Containment 
Regenerative Heat Exchanger Tube Leak 
Seal Water Heat Exchanger Tube Leak 
Volume Control Tank Level Malfunction (LT-112) 
Volume Control Tank Press Malfunction (PT-115) 
Charging Header (HCV-182) Control Failure 
Letdown Line Leak Outside Containment 
Letdown Heat exchanger Tube Leak 
Letdown Line Leak Inside Containment 
charging Line Leak Inside. Containment 
Seal Injedion Line Leak 
Reactor coolant Pump Seal #I Failure 
Reactor Coolant Pump Seal #2 Failure 

Table 2. Summary of PRODIAG Results for the 22 
Transient Events 

Uniquely Identified 8 

112 6 



Fig. 1. Two-level Hierarchical T-H Knowledge Base Structure 
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