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Abstract 

A novel approach to integrating case-based reasoning with 
model-based diagnosis is presented. The main idea is to 
use the model of the device and the results of diagnostic 
tests to index and match cases representing past diagnos- 
tic situations with the current one. The initial diagnostic 
methodology is presented as well as the problems encoun- 
tered while applying this methodology to two real-world de- 
vices. The incorporation of a case-based reasoning system 
is then motivated and described in detail. Experimental 
results show the effectiveness of both the indexing schema 
and the matching algorithm. The paper also discusses how 
and why these results can be generalized to a multiple fault 
situation, to other types of device models and to other ap- 

plications in the field of artificial intelligence. 

Introduction 
This paper presents an approach to integrating case- 

based reasoning with a traditional diagnostic method 
for complex devices. This generic approach to diag- 
nosis is based on a hierarchical decomposition of me- 
chanical devices and uses sensor data, collected in real- 
time and stored in a database, to guide the search to- 
wards hypothetical diagnoses [6, 7, 8, 161. Some of the 
difficulties encountered while applying a model-based 
reasoning (MBR) diagnostic method to two real-world 
devices are identified. These difficulties arose from im- 
perfections of the device model, due to human errors or 
misconceptions. These imperfections lead to incorrect 
models which produced inadequate diagnostic perfor- 
mance. In this paper we further develop ideas initially 
introduced in [7], providing additional motivations for 
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our approach, and experimental results that support 
the claims of the paper. 

CBR has traditionally been used as a stand-alone 
problem-solving method [ 13, 141, sometimes applied to 
diagnostic problems (e.g. [20]). Only recently has CBR 
been used in association with other problem-solving 
paradigms [15, 10, 191. Our approach is novel in that 
it uses CBR only after the MBR process has taken 
place, and in that it uses the model and the results of 
the MBR process to index the cases. 

The hybrid CBR/MBR methodology described in 
this paper incorporates a critique of the results of the 
model-based approach in the light of past experience 
and provides the human operator with a means for 
exploring alternative hypotheses. The integration of 
CBR with the structural isolation process allows for a 
simple and effective indexing schema as well as a com- 
putationally inexpensive similarity measure for cases. 

This paper initially presents the structural isolation 
process. It then lists some of the problems arising when 
trying to apply any MBR. diagnostic method to com- 
plex devices. The hybrid approach combining CBR 
and MBR is presented along with some experimental 
results. The final discussion summarizes the contribu- 
tions of the research. 

Generic iagnosis 
Our approach to generic diagnosis has been fully im- 

plemented in the Automated Data Management Sys- 
tem (ADMS), which has previously been described and 
compared to other techniques for diagnosis in [6]. This 
section describes the structural isolation process and 
outlines the problems that arose in applying it to two 
real-worlcl devices, a robotic system called the Fairing 
Servicing Subsystem, and a Reactor Building Ventila- 
tion System [6, 71. The first device is a robot placed 
at the rear of a ship to automatically replace damaged 
fairings on a cable which drags an underwater detec- 

From: AAAI-93 Proceedings. Copyright © 1993, AAAI (www.aaai.org). All rights reserved. 



tion system. The fairings prevent the detection system 
from drifting away from the axis of the ship. The Re- 
actor Building Ventilation System is a modified model 
of a ventilation system for an existing nuclear power 
plant. 

Structural Isolation Process 

Govindaraj and Su suggested that empirical con- 
straints should direct the formation of knowledge rep- 
resentation in a format that reflects how experts solve 
problems [l2]. They also observed that human di- 
agnosis proceeds in a hierarchical manner, starting 
at higher levels of abstraction to generate hypothe- 
ses that guide the diagnosis at lower levels. Hierar- 
chical, structural and conceptual data structures have 
already been found useful for diagnostic applications 
(e.g. [ll, 12, 251). 

The ADMS methodology for diagnosis of mechani- 
cal devices is based on considering the device as a hi- 
erarchy of components or groups of components. This 
hierarchy is expressed using a frame language and con- 
stitutes the backbone of the knowledge base built for 
individual applications of the ADMS to a mechanical 
device. All recognizable components that can be diag- 
nosed as sources of failure are situated at the bottom of 
the hierarchy. Each component has associated failure 
mechanism patterns. These patterns are conjunctions 
of sensor functions, testing specific conditions on the 
sensor data stored in a database [16]. Between these 
top and bottom levels, the device is decomposed into 
meaningful substructures, associated with test condi- 
tions indicating whether these substructures are po- 
tentially faulty. 

While st,ructural knowledge is usually available from 
engineering design documents and easily encoded, the 
knowledge about failure modes and patterns tends to 
be complex and of various types. In the case of sensor- 
based diagnosis, the queries to the database and their 
use in the sensor functions lead to numerous difficul- 
ties. These clifficulties const#itute the major differences 
between complex devices and electronic circuits, where 
failures and their consequences are straightforward to 
characterize. 

The models used by the ADMS methodology there- 
fore consist, of a structural decomposition of the de- 
vices, along with necessary conditions for substructures 
and basic components being potential diagnoses. They 
are fault models in which all testing conditions use the 
real-time sensor data stored in the database through a 
set of predefined queries. 

In the context described above, performing diagnosis 
involves traversing the hierarchy according to results of 

necessary conditions applied to the substructures rep- 
resented in the hierarchy. At a given node in the hier- 
archy, if there is no evidence that the substructure can 
be faulty, then the whole substructure can be pruned 
from the search space of potentially faulty components. 
If there is such evidence, the substructure is examined 
further and more local conditions are applied to subn- 
odes of the current node. This process is known as 
the structural isolation process [17]. It also handles 
multiple faults by simultaneously investigating multi- 
ple paths in the model. 

The output of the diagnostic algorithm is a ranked 
list of potential diagnoses from which the operator can 
(or not) select the final (supposedly correct) diagno- 
sis. The ranking involves relative levels of confidence 
in each potential diagnosis as well as criteria related 
to the history of each component (such as meantime 
between failures, time to life expectancy, etc.). 

iagnosis aknesses 
Diagnosis from first-principles is believed to be NP- 
hard in the general case [ 19, 21, 221. Many researchers 
have tried to focus the search for minimal diagnoses in 
the diagnosis from first-principle approach [2, 3, 4, 51 
or to reduce the complexity of similar methods (e.g. 
P, w 

Analyzing and compiling human diagnost!ic problem- 
solving capabilities is difficult. Misunderstandings, in- 
correct specifications, typos, etc. typically lead to par- 
tially incorrect models which are difficult to debug, es- 
pecially when there is no simulation program available 
for the device. Moreover, device models are not al- 
ways the most natural or efficient representation for 
diagnosing faulty components [23]. These knowledge 
acquisition and validation problems clearly weaken the 
reliability of model-based systems such as the ADMS 
and need to be addressed before the system can be 
used for critical, real-world applications. Fault mod- 
els consisting of necessary conditions (for parts to be 
faulty) are simpler to express and to implement than 
correct behavior models. However, fault models have a 
well-known drawback: they only model foreseen, pre- 
dictable faults. Therefore, diagnostic systems based on 
fault models are ineffective in the presence of unfore- 
seen faults. 

The process of human diagnostic problem-solving is 
often suboptimal [12, 261. Resulting shortcomings are 
likely to be found in any model designed and imple- 
mented by humans. In our experience, we have found 
such mistakes in the experts’ explanations and reason- 
ing processes. This leads to models that are either in- 
complete or inconsist’ent because they incorporate hu- 
man limitations. 
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Recalling past relevant decisions (diagnostic cases) 
is an effective way of reducing the impact of both the 
model’s and the human’s inadequacies. The next sec- 
tion describes the addition of a CBR system to the ap- 
proach described above. This hybrid approach assists 
in overcoming the bottlenecks of knowledge acquisi- 
tion and human reasoning imperfections that limit the 
capabilities of current model-based approaches to di- 
agnosis. 

c and Structural Isolation 

The philosophy behind CBR is that “raw”, unab- 
stracted experiences can be used as a source of knowl- 
edge for problem-solving [14,24]. A CBR system stores 
past experiences in the form of cases. When a new 
problem arises, the system retrieves the cases most sim- 
ilar to the current problem, then combines and adapts 
them to clerive and criticize a solution. If the solution 
is not satisfactory, new cases are retrieved to further 
adapt it in the light of new constraints, expressed from 
the non-satisfactory parts of the proposed solution. 
The process is iterated until the proposed solution is 
judged acceptable. After a problem is solved, a new 
case can be created and stored in the casebase. The 
main issues to address when building CBR systems 
are to define an effective indexing schema, efficient re- 
trieval and storage mechanisms, a reliable similarity 
measure for cases and an adaptation mechanism. 

CBR is limited by the difficulty of indexing, retriev- 
ing and evaluating previous experiences. This is espe- 
cially true in the case of diagnostic applications, where 
similar symptoms can have very different or multiple 
causes. Techniques that work for small problems do 
not necessarily handle scaled-up versions of the same 
problem. Model-based approaches are limited by the 
fact that complete and consistent models of complex 
devices are difficult to produce. 

Researchers have previously combined CBR with 
other problem solving paradigms. Rajamoney and Lee 
use CBR to decompose a novel, large problem into 
smaller known ones that are then solved with a model- 
based reasoning (MBR) system [19]. They use CBR 
for a separate task than the one the MBR system is 
used for. Koton’s CASEY system uses CBR to speed 
up a model-based diagnosis system by storing previ- 
ous experiences and recalling them when appropriate 
[15]. In this system, CBR is tried first as an attempt 
to reason by analogy. The cases are directly derived 
from the MBR system and are used, once created, in 
isolation from the MBR system. In these two systems, 
the paradigms are used independently from one an- 
other. Golding and Rosenbloom use CBR to improve 

the accuracy of a rule-based system [lo]. Their cases 
denote exceptions to rules and are indexed by the rules 
they confirm and by the rules they contradict. Cases 
do not store the same information as the rules, but 
provide a different source of information for decision 
making. These systems all show that CBR does im- 
prove the performance of the whole system by either 
speeding up the same process without bringing new 
information or by storing a different type of experien- 
tial knowledge that is used to improve the accuracy of 
the overall system. However, all these systems have to 
face critical problems in retrieving and matching their 
cases, problems that are typical of CBR systems. 

The ADMS hybrid approach to diagnosis is unique 
in that it uses the results of the structural isolation 
process to index cases. There is little overhead in re- 
trieving relevant cases and matching is simplified since 
it is only applied to similar cases. We are considering 
CBR as a tool for assisting the operator in the final 
stage of a diagnostic session. Once the structural iso- 
lation has produced a list of potential diagnoses, the 
operator can call on the CBR component of the system 
to validate diagnoses or investigate other paths in the 
search tree. 

The remainder of this section describes the content 
of cases, the retrieval process and the matching algo- 
rithm currently being used to evaluate case similarity. 

What is a case? 

In general, a case stores a fragment of a past expe- 
rience. In the context of the ADMS, a case stores a 
past diagnostic scenario, consisting of a description of 
the fault that occurred (fault type, fault time, detect- 
ing sensor), the series of pruning steps used to produce 
a list of potential diagnoses (i.e. the tests performed 
during diagnosis and their values), the list of potential 
diagnoses produced by the structural isolation process 
and the correct diagnosis selected by the operator. A 
successful case is a case where the correct diagnosis 
was produced by the structural isolation process and 
confirmed by the human operator. A failure case is a 
case where the diagnosis failed to find the correct di- 
agnosis, and for which the operator chose a component 
that was not in the list of proposed diagnoses. 

Indexing and Storage of Cases 

The structural isolation process can be seen as a rough 
estimate of the location of a component whose failure 
explains the observed symptoms. The list of potential 
diagnoses is used as a means of indexing the casebase, 
leaving the values of the associated sensor functions for 
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Figure 
tion. 

1: The casebase and the structural decomposi- 

Cawbase 

the matching step which is a finer judgement of simi- 
larity. For either a successful or a failure case, we use 
each potential diagnosis produced by the structural iso- 
lation process as an index for the case. Figure 1 illus- 
trates this indexing schema. Each case is stored at the 
bottom of the structural decomposition under the ba- 
sic components it contains as Ijotential diagnoses. The 
lashed arrows originate from failure cases and point to 
the components representing the correct diagnoses for 
those cases. 

This indexing schema is satisfying because of the in- 
terdependencies that exist among “neighboring” com- 
ponents. Such components often share the same char- 
acteristics and are likely to appear in each other’s lists 
of potential diagnoses. They will likely share the same 
cases, or cases that are very similar to each other, ex- 
cept for failure cases. This ensures a useful grouping of 
similar cases with “bridges” from one grouping to the 
next provided by failure cases. This indexing schema, 
based on the information generated by the structural 
isolation process, is therefore both simple and effective. 

etrieval and atching of Cases 

Cases are retrieved from the casebase to evaluate and 
criticize the current list of potential diagnoses. The 
operator can ask the ADMS to explore its casebase 
and to criticize or confirm a potential diagnosis or to 
suggest new diagnoses that were not generated by the 
structural isolation process. If the current potential 
diagnosis is supported by a previous successful case, 
the level of confidence in this potential diagnosis can be 
raised. If the correct diagnosis for the most similar case 
disagrees with all the suggested diagnoses, and points 
towards a failure case that matches sufficiently well 
with the current situation, the validity of the current 
diagnosis is lowered. The diagnosis stored in the failure 
case is extracted from the casebase and presented to 

the user as a new potential diagnosis that can, in turn, 
be evaluated. 

Retrieved cases are matched with the current situ- 
ation, using finer criteria to evaluate similarity. Such 
criteria include state information from both the past 
case and the current situation. The measure of similar- 
ity yielded by the matching algorithm is a normalized, 
weighted sum of the number of sensor functions sharing 
the same value, the number of substructures shared in 
the path followed during the session represented by the 
past case and during the current session, the common 
characteristics of the symptoms, etc. All steps in the 
matching algorithm involve comparisons of booleans or 
of reals and are computationally inexpensive. 

Because of the indexing method described above, 
components at the bottom of the hierarchy serve as 
pointers to cases that represent diagnostic sessions 
caused by similar or related failures. The matching 
is effective because the knowledge contained in those 
cases and on which the matching is based is relevant 
in both the current and the past cases. The matching 
algorithm is focused on the part of the system that is 
the most relevant to the current situation. 

eri 

The thesis of this paper and the hypothesis for our 
experiments is that the analysis of past experiences can 
aid in the diagnostic process. In particular, CBR can 
be used to effectively validate or critique a diagnos- 
tic decision resulting from an imperfect system model. 
Testing the effectiveness of the hybrid approach to di- 
agnosis requires an initial casebase of diagnostic cases. 
Such a casebase could be created with the normal run- 
ning of the system. For testing purposes, however, 
a simulator was constructed for the Fairing Servicing 
Subsystem to automatically generate sensor data and 
the corresponding sensor function boolean values, rep- 
resenting single faults. This simulator was used to gen- 
erate initial casebases and to simulate test cases for 
evaluating the CBR component of the system. 

Some simplifying assumptions were made in carry- 
ing out the two experiments. First, we assumed that 
all failure modes for components are equally probable. 
Although this does not reflect reality, it does present - 
to some degree - a worst case scenario. Secondly, we 
assume that the sensor information is accurate, i.e. the 
sensors are not included among the components that 
may fail. 

The hybrid approach described above is imple- 
mented as an interactive process where the human op- 
erator explores the casebase indexed by the structural 
decomposition of the device. To test our approach, 
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we have implemented a non-interactive version of the 
same program that retrieves all the cases stored under 
the potential diagnoses produced by the structural iso- 
lation. We progressively degrade the model, starting 
from a model that produces perfect diagnosis perfor- 
mance, and moving towards models that contain er- 
rors. This degradation process takes place in the sen- 
sor functions, which are randomly selected and failed. 
A failed sensor function returns an incorrect result, 
falsely describing the state of the device. The model 
for the Fairing Servicing Subsystem contains 19 sensor 
functions, describing 15 failure patterns (conjunctions 
of sensor functions) for 100 components of 8 different 
component types, e.g. motors (4 failure patterns), ca- 
bles (2 failure patterns). The following experiments 
involved running 77 simulations of faults occurring in 
two modules of the Fairing Servicing Subsystem con- 
taining 36 components and 7 sensors. 

Experiment 1 

The first experiment’s goal is to measure the diagnostic 
performance degradation in relation to model degra- 
dation and to show the effectiveness of the indexing 
mechanism for CBR. The hypothesis is that the di- 
agnostic performance becomes worse as the model de- 
grades. Another goal of this experiment is to show how 
many potential diagnoses the CBR system contributes 
to the final result of the integrated approach. 
Method. The simulations are run twice. The first 
pass does not use a casebase but generates one. The 
second pass uses the casebase containing 77 cases. A 
casebase containing the same cases as the ones that 
are currently being run is a not a good test for mea- 
suring the performance of the CBR system. However, 
the goal of this experiment is not to measure diagnos- 
tic performance itself but rather its degradation. 
Results. Figure 2.a shows that the degradation is 
approximately linear in the number of failed sensor 
functions. Figure 2.b shows the number of potential 
diagnoses produced in the same experiment. In this 
experiment, all retrieved cases are considered similar 
enough to the current situation. Figure 2.b shows the 
influence of the CBR system in generating new po- 
tential diagnosis. The number of potential diagnoses 
produced by both the hybrid method and the single 
model-based method are linear in the number of failed 
sensor functions. 

The linearity of the degradation in Figure 2.a is the 
result of a balanced use of sensor functions in the fail- 
ure patterns. Failure patterns consist of 3 to 6 sen- 
sor functions, possibly negated. Figure 2.b shows the 
number of retrieved cases, when the casebase contains 
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Figure 2.b) Number of Potential Diagnoses 

all the cases that were generated by the simulations. 
This gives an indication of the computational cost of 
the CBR system. This cost increases linearly when the 
quality of the model decreases. Although significant, 
this cost remains within reasonable bounds. This ex- 
periment also shows the effectiveness of the retrieval 
process. Regardless of the quality of the model, the 
appropriate cases were always retrieved. Intuitively, 
Figures 2.a and 2.1) correspond to the intuition that 
the worse the device model is, the less accurate it is 
and the more experience is required to compensate for 
erroneous knowledge. 

Experiment 2 

The hypothesis of the second experiment is that the hy- 
brid approach, including a CBR component performs 
better than a the model-based approach alone, for a 
small additional computational cost and without over- 
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whelming the operators with potential diagnoses. It 
also aims at showing the influence of experience (cases) 
on the diagnostic performance. Experiment 1 already 
showed that the number of retrieved matches remains 
within reasonable bounds. 
Method. In this experiment, casebases of different 
sizes are used for different numbers of failed sensor 
functions. For each combination of failed sensor func- 
tions, and for each casebase size, the 77 simulations are 
run ‘on 10 different casebases. The matching algorithm 
described above is used to measure the similarity and 
the plausibility of the retrieved matches compared to 
the current diagnostic situation. 
Results. The horizontal axes in Figure 3.a and 3.b 
represent the size of the casebase. Each curve repre- 
sents a number of failed sensor functions. Figure 3.a 
shows that the improvement is linear in the size of the 
casebase. Figure 3.b shows that the average number of 
potential diagnoses increases only marginally with the 
size of the casebase. This experiment shows that the 

performance of the hybrid diagnostic system increases 
linearly with the size of the casebase. The matching 
algorithm is itself generic and does not use any specific 
knowledge about the Fairing Servicing Subsystem. We 
therefore believe that it could be applied, with similar 
results, to the Reactor Building Ventilation System, or 
to any other complex device. Figure 3.b illustrates its 
effectiveness in pruning the cases that are irrelevant to 
the current situation. The number of potential diag- 
noses is almost constant as the casebase grows larger. 
Figure 3.a shows the failure rates decreasing linearly 
with the increasing size of the casebase. Better results 
could be achieved if the retrieval and the matching al- 
gorithms allowed for generalizations over component 
types. For example, most motors in the Fairing Ser- 
vicing Subsystem share the same installation configu- 
ration and are monitored by similar sensors. Therefore 
cases related to one motor could be adapted to other 
motors in the device. 

Closing emarks on the Experiments 

There are other possible ways to test this approach. 
The size of the models could be decreased by removing 
sensor functions. This simulates a decreasing num- 
ber of sensors as opposed to a decreasing number of 
working sensors. This would show how important, the 
model, even a partially incorrect model, is in the index- 
ing. This approach could also be tested for incorrect 
failure patterns, or for erroneous structural knowledge. 
Our experience shows that these types of errors are 
typically easier to detect than errors in sensor func- 
tions. 

This paper presents a hybrid approach to diagno- 
sis. It is based on a structural isolation search for 
potential diagnoses, enhanced by contributions from 
an integrated CBR component that assists the human 
operators in their final decision by using both success- 
ful and failure experiences. Such assistance is useful 
because the structural decomposition and the pruning 
rules associated with it are not guaranteed to be either 
consistent or complete and because human operators 
might not consider all the cues that are available to 
them. 

Compared to an all-model-based approach to diag- 
nosis, a hybrid approach addresses a number of prob- 
lems. CBR allows the system to improve on the 
model built by humans. It overrules some mistakes 
that can be made in the design and implementation 
of this model. This is accomplished in a computation- 
ally inexpensive way, by using the decomposition tree 
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as the basis for indexing previous cases. This origi- final diagnosis as one of its potential, or final diagnoses. 
nal indexing method allows for an accurate and effec- The final diagnosis of Y could be examined as a poten- 
tive retrieval of relevant previous cases and avoids the tial diagnosis for the current situation, potentially un- 
problems of computational complexity encountered by covering a double fault situation. Multiple faults could 
other hybrid CBR systems in their retrieval and match- therefore be diagnosed using the same hybrid approach 
ing tasks (e.g. [15, 191). with no added complexity. 

Experimental results show that the performance 
gain brought by the CBR system is significant. The 
CBR system improves the failure rate of partially 
incorrect models without overwhelming the operator 
with potential diagnoses. These results show that con- 
sidering CBR as a way to improve an existing search 
method is a valid approach. This solidifies the results 
presented in [lo]. The power of Golding and Rosen- 
bloom’s method as well as ours comes mostly from 
the indexing schema provided by the other problem- 
solving algorithm. Cases are indexed by relevant pieces 
of knowledge, organized in a hierarchical manner. The 
other problem-solving algorithm (be it rules trigger- 
ing or a structural isolation process) can be seen as 
an indexing schema that extensively uses background 
knowledge. Both systems can therefore be seen as con- 
strained instances of explanation-based indexing [l]. 

This paper describes how a hybrid model- 
based/case-based methodology permits the relaxation 
of the completeness and consistency constraints im- 
posed by the model-based diagnosis approach, and 
helps overcome shortcomings in human capabilities. 
We show how CBR can guide the human operator in 
the last phase of the diagnostic process, using previous 
experiences indexed by the state of the device. The 
paper also contributes to the area of CBR, by show- 
ing that CBR is well suited to applications where it 
is combined with an already existing, but imperfect, 
method or paradigm for problem-solving. 
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