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1. Introduction

Advancement of science and technology resulted in many modem mechanical

systems with a variety of functions. Increased functionality has increased the

complexity of systems, making them difficult to design, manufacture and maintain.

It has been shown that for many such systems, life-cycle costs, of which

troubleshooting costs form a significant fraction, could be very high [Bently,

1996]. Therefore, a methodology that improves the efficiency of the diagnosis and

troubleshooting process would be very useful.

A troubleshooting process is a series of tests and replacement

actions conducted on a failed system to bring it back to operating condition.

The process is often complex and is carried out in several stages. Each stage could

involve a choice of observations, tests and repair actions. Troubleshooting

methods used for complex mechanical systems are often ad hoc and dependent on

the engineering expertise available in real time. The ad hoc methods currently used

are less than optimal and often result in high costs. This research is motivated by

the need for a systematic method to generate a decision sequence that minimizes

the cost of restoring a functional device.

This research investigated the possibility of developing an optimal

methodology for troubleshooting. Traditional decision theory, Bayesian networks

and an approximate method developed in this research were the three

methodologies studied. The applicability of these methods to complex real world

problems was investigated on Boeing 737-Bleed Air Control System, which was
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our test case. The first two approaches could not be easily implemented due to

computational constraints. An optimal decision plan was proposed using an

approximate method derived from the p/c algorithm [Heckerman, 1996].

1.1 Description of 737 Bleed Air Control System (BACS)

The bleed air control system (BACS) provides high-pressure air for use in cabin

air conditioning, engine starting, lower cargo compartment heating and anti-

icing systems. Figure 1 shows a schematic of the Boeing 737 bleed air control

system.
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Figure 1: 737 Bleed Air Control System
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The bleed air control system bleeds air from the fifth and ninth stages of

compressor on each side of the 737's two jet engines. The bleed air is routed

through a heat exchanger called the pre-cooler where it is cooled with air from the

engine's fan. From the pre-cooler, the air continues to the bleed air manifold. The

bleed air must be delivered to the manifold within specific temperature and

pressure ranges. If the air was allowed to flow unrestricted, the manifold could be

overheated and/or over pressurized.

A number of valves are used to regulate the air temperature and pressure

and to ensure that pressure is not lost through the BACS. The High Stage Valve

(HSV) restricts flow from the ninth stage of the compressor when the pressure in

the fifth stage is adequate. There is a Bleed air Check valve to prevent airflow into

the fifth compressor stage when the pressure is low. The Precooler Control Valve

(PCV) controls the air from engine's fan, thus it controls the rate of cooling the

bleed air passing through the precooler. The Pressure Reducing and Shut Off

Valve (PRSOV), which falls before the pre-cooler in the flow line, limits the air

pressure supplied to the bleed air manifold. By reducing the air flow, the PRSOV

also provides over temperature protection to the manifold. This protection prevents

manifold pressure loss through the bleed air control system when the air

temperature is too high. A series of ducts connects the components in the flow

line. The BACS has several sensors for diagnosing system failures. These sensors

include analog readings of temperature and pressure at the bleed air manifold



Fixing an abnormality in the system consumes a considerable amount of

time. Often this task has to be performed between flights by the maintenance

personnel at the airport. In a typical troubleshooting situation the technicians

either follow an ad hoc sequence based on their individual experience with the

aircraft or follow the sequence that is suggested in the reference manuals. Often,

the procedures given in these manuals emphasize more on diagnosing the machine

alone and do not guarantee cost minimization. The tools accessible to the

technicians are the Fault Isolation Manual (FIM), Failure Modes and Effects

Analysis (FMEA), Fault Tree Analysis (FTA).

The 737 BACS was chosen as the test case due to the following reasons:

a) The system was fairly complex and that the results of the investigation could be

generalized.

b) The BACS had a reputation for high troubleshooting costs.

c) The functioning of the system was well documented and a record of it's failure

history was available.

From the information given in the above three manuals, sixteen

components were identified as critical for the normal functioning of BACS. The

following assumptions were made to simplify the model:

1. There is a single cause of failure for the system. This in turn means that

if the system has failed then it is because of the failure of one and only

one component.



2. Even though in reality each component could have multiple failure

states, the assumption here is that each component has only one state of

failure.

3. The tests and replacements are perfect.

4. The observation costs (that is, the costs incurred in monitoring the

indications of the system) and replacement costs are independent of the

component's position in the decision sequence.



2. Background

With the need to find a methodology for generating an optimal decision sequence

we investigated the existing work on diagnosis, repair and optimized decision-

making. Much work has been done in the area of designing for manufacturability

(DFM): improving diagnosability and serviceability features in the conceptual

design phase, improving the tools used in maintenance and troubleshooting. Some

work has been done in the IEEE community on improving testability and

reliability of integrated circuits. Even though the information found could not be

readily applied to Boeing 737-Bleed Air Control System problem, some

techniques seemed to have potential for meeting the requirement. The main tools

we found were decision theory and Bayesian networks. In this chapter the

previous work on failure diagnosis is presented first, and then the work on decision

theory and Bayesian networks is presented.

[Gerhenson, 199fl presents a systematic methodology to balance

serviceability, reliability and modularity during the conceptual stages of design.

Serviceability design is used in conjunction with Design For Assembly (DFA) to

create a design that has enhanced life-cycle qualities and production benefits.

[Ruff, 1995] presented a method of mapping a system's performance

measurements to system parameters. [Clark, 1996] extended Ruffs

distinguishability metric to evaluate competing design alternatives and predicted

the difficulty of diagnosing a system. [Wong, 1994] presented a diagnosability

analysis method that minimizes both time and cost during the conceptual design
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stages. [Murphy, 1997] developed methods for predicting a system's Mean Time

Between Unscheduled Removals (MTBUR). [Fitzpatrick, 1999] developed an

analytical model to determine the reliability and maintainability costs over the life

cycle of the product by predicting Mean Time Between Failures (MTBF) and

Mean Time Between Maintenance Actions (MTBMA). [Henning, 2000] proposed

some matrix methods for predicting the probability of justified and unjustified

removals. [Mocko, 2001] extended Henning's research by introducing imperfect

indications into the diagnostic model.

[Raiffa, 1968] described the use of decision theory for solving problems

that involve decision making under uncertainty. [Tsatsoulis et aL, 1997] developed

a case-based design assistant that integrates the decision theory and the case-based

reasoning techniques to help chemists design pharmaceuticals. [Gu, 2000]

developed a decision based design framework for non-deterministic optimization

by using a collaborative optimization approach. [Callaghan, 2000] integrated

utility theory and aspiration-level interactive method for making rational decisions

in large scale design. [Marston, 2000] developed a game based design by

improving the utility theory concepts in decision based design and modeled the

strategic effects of decisions made by different designers of a team on design.

Decision Analysis is an effective method for deciding on the optimal decision in

subjective problems. Even though the existing work did not reveal any successful

attempts of its application to the troubleshooting domain, the methodology seemed

promising.



[Breese, J.S., et al. 19921 developed an expert system using probabilistic

causal model for diagnosing efficiency problems in a gas turbine. [D'Ambrosio,

1992] applied Bayesian Networks for real-time decision-making and showed how

information feedback has to be handled in Bayesian networks. [Heckerman, et

al.1995, 1996] introduced decision theoretic troubleshooting for making cost

effective decisions. [Jensen, 1996], [CowelI, R.G., et al. 1999] described the use of

influence diagrams for optimal decision-making. [Skanning, 2000] applied

Bayesian networks for troubleshooting of printer and copier feeder system. [Hunt

et al., 2000] compared the effectiveness of the Bayesian networks and decision

trees in modeling the integral theory of female urinary incontinence diagnostic

algorithm. [Antal et al., 2000] developed Bayesian networks for diagnosing the

ovarian cancer and compared the effectiveness with logistical regression and

artificial neural network models. [Barco et al., 2002] used Bayesian Networks for

automating the troubleshooting of a mobile communication network. The literature

survey did not reveal any significant attempts to apply Bayesian networks for

multi stage decision-making in a troubleshooting and repair process. A

troubleshooting process starts with taking some indications from a domain, which

represents the machine or system of interest. These indications are an effect

produced by a specific functional configuration of all the components involved.

The objective in a troubleshooting process is to fix the cause of failure that is

responsible for the indication observed. The beliefs held by a decision maker about

the cause of failure are updated after observing the indications. This is a backward



approach to the cause-effect relationship and is similar to "belief updating" in

Bayesian networks. Because of this similarity between a trouble-shooting process

and the belief updating in Bayesian networks, Bayes' nets seemed to be a potential

tool to obtain an optimal troubleshooting plan.

[Felke, 1988] developed an expert system that uses its own learning

combined with rules and facts to reduce the troubleshooting costs in producing

avionic systems. [Raghavan, 1999], [Shakeri, 1999] developed information-

heuristic-based algorithms to solve optimal and near optimal test sequencing

problems. [Shyaman, 2000] developed a risk sensitive criterion for determining

the optimal sequence of tests for trouble shooting in a telecommunication network.

These methods were highly mathematical and often cannot be adopted by the

technicians, who may not have the level of training in mathematics and computers

required for this purpose.

2.1 Modeling the system

The first step was to build a model that relates system components and possible

failure indications. The information tools available were Failure Modes and

Effects Analysis (FMIEA), Fault Tree Analysis (FTA) and the Fault Isolation

Manual (FIM). These documents contain different perspectives on the failure

characteristics of a system, and together offer a complementary picture of a

system's structure. The FMIEA is organized in a bottom-up approach [Leitch,

1995], in which all possible failure modes of every component is analyzed. The
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fault tree has the opposite perspective as a top down analysis [Leitch, 1995], and is

organized by first considering possible failures and then analyzing all possible

causes at lower structural levels. The FIM lists the corrective actions for each type

of failure indication.

2.1.1 Failure Modes and Effects Analysis (FMEA)

The FMEA is a widely used document for failure analysis, and for obtaining

diagnosability information. From the FMEA, designers can gain important insight

into a system's structure and information flow early in the design process. The

data and relationships in FMEA are also valuable input for predictive analysis such

as criticality, operability, manufacturability, maintainability, and diagnosability

[Henning, 2000]. The FMEA is organized by components Line Replaceable Units

(LRUs), which are the smallest level of structure we identify for diagnosability

analysis. For each of the components in the sub-system, assembly, etc., being

considered, the FMEA provides the following information:

1. The function of the components.

2. All of the most likely failure modes of the component.

3. The failure rates of each component combined with failure mode

frequency.

4. The failure effects on higher levels in the structure, from sub-assemblies to

the whole system. [Leitch, 1995]



11

2.1.2 Fault Tree Analysis (FTA)

Fault trees are widely used not only in reliability analysis, but also in safety

analysis because they are able to predict causes of failure beyond mechanical

malfunction [Bahr, 1997]. While FMEA allows designers to focus on specific

components and their failure characteristics, fault trees tend to allow for focusing

on a particular failure and the sets of component interactions which can lead to that

failure. Therefore, the fault tree perspective leads one to a better understanding of

the structural relationship between components and indications.. Furthermore, the

fault tree is a valuable tool in computing failure rates. With knowledge of

component failure rates, the fault tree allows the rates to be multiplied or added up

the tree to obtain a cumulative failure rate for each failure.

2.1.3 Fault Isolation Manual (FIM)

The fault isolation manual is the primary document followed by the technicians in

troubleshooting. It contains the set of corrective actions to be followed for each

indication or warning that can occur. It also gives an alternative method to confirm

an indication.

Using the information collected from the above three documents it was

decided that there are sixteen components in the bleed air control system that are

critical for its proper functioning. A mapping diagram is constructed between the

indications and the components. Figure 2 shows a sample mapping diagram.



Components

Indications
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Figure 2: A sample Mapping diagram

As shown in Figure 2, the indications and components are grouped into two sets.

Then each indication is mapped to all the possible components, the failure of any

one of which would have ensured the occurrence of that indication. For example,

in Figure 2, the indication Ii could be observed if either Cl or C2 has failed.
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3. Decision Analysis

In this chapter the applicability of decision analysis in troubleshooting is

briefly described. To make it easily understandable to the reader the methodology

is explained using an example of an antilock-braking system. Subsequently, the

applicability to bleed air control system is discussed. We found that the decision

trees resulting from troubleshooting complex systems are exceptionally large in

size and evaluating them is computationally impracticable. However

understanding decision analysis is important for better understanding the

complexity involved in a troubleshooting process.

3.1 Description

Decision analysis is a systematic approach of decision making under

uncertainty by considering all the available action alternatives, the possible

outcomes and then choosing the best action.

A decision tree is a representation of possible events unfolding in temporal

order. The representation contains two types of nodes, the decision type and the

chance type. A decision node (drawn as a square) represents a decision: an

irrevocable allocation of resource. Branches of a decision node correspond to the

mutually exclusive and collectively exhaustive set of alternatives available to the

decision maker.

A chance node (drawn as a circle) represents an uncertain variable.

Branches from a chance node correspond to the mutually exclusive and

collectively exhaustive set of states that the variable can take. The value associated
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with each chance-node branch is the decision makefs probability that the variable

will be in the corresponding state. Each path formed by traversing the branches

from left to right in the tree represents a possible sequence of decisions and the

corresponding outcomes. The value indicated at the end of each path is the cost

incurred by following that path. An excellent source of additional information on

decision analysis is Raiffa, 1968.

3.2 Example

For understanding the applicability of decision analysis to a

troubleshooting problem, it was applied on a simple antilock-braking system. An

antilock braking system has two major components or causes of failure, a master

cylinder and an anti-lock computer. The failed state of the system is indicated by a

glowing light on the dashboard. Given that the dashboard light is glowing the

probability of a master cylinder failure is given by P(Master Cylinder = fail j Dash

Light) = 0.75 and the probability of a failed antilock computer is given by P(Anti-

Lock Computer = fail Dash Light) = 0.25. In the event of a system failure, the

troubleshooter had three alternatives, either to replace one of the two components

or to perform a perfect test. The cost of replacing master cylinder was $100 and

that of the anti-lock computer was $500. This model was assumed to have perfect

tests that reveal the true system state with certainty. The test could be conducted at

a cost of $50. A decision tree was constructed and is shown in Figure 3.
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Repair Master Cylinder-*( $225

Quit 0.75

Repair Anti-Lock Corn puter
0.25

$ (500 +
100)

$ (500 +
epair Master Cylinder

YQuit_ 0.25f
ylinder

Repair Anti-Lock Computer

Master Cylinder
Cost to Replace = CR1 =$100
Pr(Master Cylinder = fail Dash Light) = .75

Anti-Lock Computer
Cost to Replace = CR2=$500
Pr(Anti-Lock Computer = fail Dash Light) = .25

Test
Cost of Test =T1 =$50

Figure 3: Decision Tree for troubleshooting of automotive anti-lock braking
system.

Starting from the left, the left most square node represents the decision of

whether to perform a test before carrying out a replacement action or not. The

three branches represent the three decisions

1. To replace master cylinder,

2. To replace antilock computer and

3. To peifonn a perfect test.
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The circular node on the repair master cylinder branch represents the chance that

reflects the result of the decision, replace master cylinder.

If the new replacing component was assumed to be perfect, the two

branches emerging from each of the three circular nodes lead to the two possible

cases that could result. One is that the system is observed to be functioning after

the repair action, then the troubleshooting process is terminated and the cost

incurred is $100 (cost of replacing master cylinder). This occurs with a probability

of 0.75. The other possibility is that the system remains in the failed state even

after replacing the Master cylinder, indicating that the master cylinder is not the

cause of failure (as the replacing component is assumed to be perfect) and hence

Antilock Computer is replaced to fix the problem.

Normal condition of the system is restored after the second replacement (as

there are only two components that could fail). The cost incurred in this case is

$600 (=$100 for replacing the master cylinder + $500 for replacing the anti-lock

computer). This can occur with a probability of 0.25. The total cost incurred in

each case is indicated in the rectangle at the end of branch that represents it. The

value shown on each branch is the corresponding probability with which it can

occur.

The decision maker cannot decide with certainty on one of the two

outcomes. So a weighted average cost is calculated at each chance node based on



17

the probability values. This cost is called the expected cost of repair at that node.

The expected cost of repair on the Repair master cylinder branch is $225

[=100(0.75) + 600(0.25)]. Similarly the expected cost of repair in the Repair

Antilock Computer branch is $575 and $250 in the branch Run a perfect test. The

optimal path is given by 'Repair Master Cylinder' branch, which results in the

lowest expected cost of repair.

3.3 Discussion

If the test is assumed to be perfect, then the probability of the test result indicating

a defective component is equal to the prior probability of failure for the component

that is being tested. The two branches from this chance node lead to the two

alternatives, each supporting a specific replacement action. The square nodes that

are connected indicate the decision that is made after the test is performed and

decides which of the two components has to be replaced. The circular nodes reflect

the observations that give information about the cause of failure. The rectangles at

the end of each branch represent the utility values or the costs incurred if that

specific branch of action sequence is chosen to fix the problem. The conditional

probabilities for each branch are calculated using the Bayes' theorem. Starting

from the right most ends, the weighted cost for each of the chance node is

calculated. This is the expected cost at that node. At each of the decision nodes,

the branch that is most profitable is chosen and the expected cost incurred by

following that branch is fixed as the expected cost at the decision node. Following

this procedure to the left until we reach the left most node gives the expected cost



of the process. When all the alternatives are compared the optimal sequence of

decisions can be obtained.

The antilock braking system was a simple model compared to the

complexity of the 737 Bleed air control system. It was decided to test this method

for a more complex system before trying it on the bleed air control system. For this

purpose a flashlight example was considered, because of its relative simplicity in

construction, easily identifiable tests and observations involved in the

troubleshooting process. A flashlight example was considered with four

components that could fail and an associated test for each of them. The flashlight

example resulted in a cumbersome decision tree of 632 paths, all of which had to

be evaluated to find the optimal decision sequence.

The decision tree for trouble shooting a system with n components will

lead to n[l+(2n-2){l+(2n-4)[l+(2n-6)[l+.
. .1.. .n tems]]] paths. For

the 737 Bleed air control system, with a list of 16 critical components this number

will be more than 2.0E17. Evaluating such a large decision tree was impractical

from computational standpoint. Because of this limitation, decision theory could

not be applied to troubleshooting of a complex mechanical system like the 737

bleed air control system.
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4. Bayesian Networks

This chapter introduces Bayesian networks and explains their application to

failure diagnosis and troubleshooting domains using some examples. Bayesian

networks are constructed assuming conditional independence. Because of this

assumption the computational complexity involved in evaluating Bayesian

networks is much lower than for decision analysis. Though this method was useful

in failure diagnosis, we found it impractical for multistage decision making

involved in troubleshooting of complex mechanical systems. However our work

gave some useful insights into the applicability of Bayesian networks in the

conceptual phase of the design process. In this chapter Bayesian networks are

briefly described, and their application to the troubleshooting domain is explained

using some simple examples. Three Bayesian network models of 737 Bleed air

control system were presented, each constructed from a different perspective. The

advantages and disadvantages of the three models are discussed.

A Bayesian network is a graphical representation of the uncertain

relationships among the parameters in a domain. They consist of a set of variables

called "nodes". The variables are connected by a set of directed arcs reflecting

their causal relationships. Each variable has a finite set of mutually exclusive

states. The variables together with the directed arcs form a directed acyclic graph

(a directed graph is acyclic if there is no directed path A1* A2... A, such that

A1= An.). A directed arc indicates the causal influence from a parent to a child.



There are two types of nodes: those that represent the cause and those that

represent the effect. The nodes that represent the cause are called "cause" nodes

and their state generally cannot be known directly. The nodes that represent the

effect are called "effect" nodes and generally are readily observable. "Effect"

nodes help in obtaining information regarding the status of "cause" nodes and are

also called "information" nodes.

For each variable v with parents, pi,... ,p, there is a specified conditional

probability table P (vi p', ..., p,). This conditional probability table gives the

information or decides what state the variable v takes for a given set of states taken

by its parent nodes.

Figure 4: A Simple Bayesian Network

A5

True 0.65Fsei

(a)

(b)
A P(B= P(B= P(B=

Above NormalIA) Below
Normal IA) Normal! A)

True 0.18 0.80 0.02

False 0.75 0.10 0.15

Figure 5: Probability tables associated with the nodes in a Bayesian network.

Figure 4 shows a very simple Bayesian network. The node A represents the

"parent" or "cause" node and the node B is the "child" or "effect" node. The
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directed arc connecting them represents the causal relationship from A to B. The

node A has two states, {True, False} and node B has three states {above normal,

below normal, Normal}. The associated probability tables look like those shown

in Figure 5. Figure 5(a) shows the prior probabilities of variable A and Figure 5(b)

shows the table associated with variable B.

The values of the data points in Figure 5(b) decide the probabilistic

relationship between the node it is associated with and its parents. If the state taken

by variable B is known with certainty, then the probabilities associated with

variable A are changed accordingly. The relations between nodes are updated

when new information is fed into the network. For a more detailed explanation of

Bayesian Networks and causal relationships refer to [Jensen 1996], [Charniak

1991] and [Pearl 1988].

Bayesian networks have been used for many application domains with

uncertainty such as medical diagnosis, pedigree analysis, planning, debt detection,

bottleneck detection, map learning, language understanding, vision etc.

Most of the existing work concentrates on the diagnosis phase only. As

mentioned earlier in the literature survey, there seems to be little evidence of

Bayesian networks having been used for multi-stage decision-making in a

troubleshooting and repair process. To gain insight into these aspects many sample

problems were modeled. Some of the important ones are discussed in this chapter.
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4.1 Automotive Anti-Lock Brakin2 System

The applicability of Bayesian networks was first tried on the automotive anti-lock

braking system previously discussed in section 3. It was assumed that this system

can be restored to operable condition after a single repair action.

rcyIinde Locoer

cationLit

Figure 6: Bayesian model for Anti-Lock Braking System.

Figure 6 represents a simple Bayesian network that shows the causal

relationships of the system. This network helps only for diagnosis purpose. For

decision making purpose a decision (rectangular) node and a utility (hexagon

shaped) node should also be included in the Bayesian network. This kind of a

Bayesian network is also called Influence diagram. The decision node represents

all the possible decisions and the utility node accounts for the cost factor

associated with each decision made. A Bayesian network of this kind is shown in

Figure 7.
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Figure 7: Bayesian model for optimal decision making in troubleshooting the
Anti-Lock Braking System (without tests).

A trouble shooting session is started by observing the problem-defining

node to be abnormal. If the system is in a failed state, then the decision node

shown as Repair Action represents the action that changes the state of the system,

which in this case decides which of the two components, should be replaced to

restore the system to operating condition. Another assumption in the model is that

no tests are available to judge whether a component is broken or not. The variables

Master
cylinder1 and Computer' represent the state of the components after

performing the replacement action. The state taken by these nodes depends on both

the action that is performed and their initial state.

The utility node indicates the utility associated with the action. If the cost

savings that would occur by performing a repair action are available then they

represent the utility value for that action. The costs associated with each decision

can also be used with a negative sign, as cost incurred is a negative utility.

The node Indication Light represents the indicator light on the dashboard

that glows in case of a failure condition. This network can be used to obtain the
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optimal decision to bring the system back into operation, whether to first replace

the master cylinder or the anti-lock computer. If Indication Light is in OFF

position then the troubleshooting process is terminated. Otherwise, based on the

new information obtained (i.e., the Indication Light continues glowing even after

the first replacement action), we can say the other component is defective. The

decision in this case was fairly simple as the ambiguity group contains only two

components (the ambiguity group is the set of independent causes leading to a

certain indication). This type of network will be very helpful with belief updating

for a model that contains more components, but this model does not consider any

tests to determine the cause of failure before performing a replacement action.

Figure 8: Bayesian model for optimized decision making in troubleshooting Anti-
Lock Braking System (with tests).

The network shown in Figure 8 includes tests also. In this network the

status of the two components is jointly considered under Initial status node, which

has three states: master cylinder failed (Mc), Anti-Lock computer failed(C) and

None. The node New status indicates the status of the system after the action is

performed, for a repair action other than a test. In both these nodes a 'none' state is

provided to accommodate the case where a test is performed. The nodes Indication

Light (Before) and Indication Light (After) represent the indication light before and

after making the repair decision respectively. These two nodes have two states



(ON, OFF) each. The Test Result node has three states (tested component is

defective, tested component is OK, None). The 'none' state in this node is to

accommodate the cases where no test is performed.

The node Indication light (Before) is assumed to be ON given that the

system is in failed condition. The decision node Repair Action contains both the

replacement actions as well as the tests for each of the components. If the decision

taken is to perform a test, on a component, then the result of the test depends on

(the initial state of the component) whether or not the component was defective

initially. The state of the node Test Result, which represents the result obtained

from the test performed, depends on Initial status and Repair Action. If the

decision taken is to replace a component then the New status is affected, which in

turn affect the node Indication Light (after). The possible outcomes of this action

are Indication Light (after) = ON, Indication Light (after) = OFF, Test Result =

tested component defective, Test Result = tested component is okay.

Indication Light (after) = OFF indicates the problem is fixed. In the case of

any of the other three outcomes, the next action that fixes the problem for certain

can be readily known (as there are only two components in the ambiguity group).

Optimizing over the Utility node, which includes the costs, associated with each

decision, an optimal decision can be obtained. The result obtained by evaluating

the Bayesian model in a commercial software tool called 'NETICA', built to solve
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Bayesian network models, was to 'Replace Master cylinder'. This is same as the

result obtained from decision theory.

4.2 Classical Car Breakdown Problem

In the Anti-Lock Braking System case the optimal troubleshooting strategy

obtained using decision theory and that from the Bayesian model were the same. It

was a very simple system compared to the complexity of Bleed Air Control

System. The methodology had to be tested for a more complex system before

applying it to the bleed air control system.

Jensen, 20001 discussed the classical car Breakdown model as shown in

the Figure 9. This network basically addresses the question, "what is the cause of

the failure?" It does not consider any optimization of decisions and it was simply a

diagnostic tool. A Bayesian network that represented the car diagnosis problem

with the inclusion of replacement decisions was constructed. Unlike the antilock

braking system model, the ambiguity group in this model has four components, so

a single decision may not be sufficient to fix the problem and a sequence of

decisions may have to be carried out.
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Figure 9: Bayesian model representing Car Breakdown problem

The Bayesian network representation of the troubleshooting process for the

car breakdown problem is shown in Figure 10. If the car is assumed to start after

the first replacement action then, the network looks like the one shown in Figure

10(a). The troubleshooting process is therefore terminated after one replacement

decision. If this assumption is relaxed the network has to be extended, up to four

stages of decisions as shown in Figure 10(b), until the problem is fixed. The

additional links in the extended model ensures that the knowledge gained from all

the previous decisions is retained. These links are called no forgetting links.

The cause (0) node represents all possible causes of failure for the system

initially. This node has five states, the four causes of failure andan additional state

"none" was included for representing a functioning system. The node Indication

(0) represents the indications possible initially and takes two states, {car starts,

car won't start}. The decision node contains five states, the four replacement

decisions and an additional state none representing no replacement. The nodes



Decision (1), Decision (2), Decision (3), and Decision (4) represent the first,

second, third and the fourth stage decisions respectively. The nodes Cause (1),

Cause (2), Cause (3) represent the cause of failure after the first, second and the

third decisions respectively. The nodes Indication (1), Indication (2), Indication

(3) are the indications observed after the first, second and the third decisions

respectively.



Cause(0)j Cause(1)

con Sion(1Tcatjon(1)

Figure 10 (a): Basic Bayesian network for optimal decision.

Figure 10 (b): Bayesian network for optimal decision over 4-Stages of troubleshooting.
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Optimizing over the utility node 'U' in NETICA an optimal sequence was

obtained. We did not consider any tests in this initial model. To include tests in the

trouble shooting process the decision node was given four more states Ti, T2, T3,

and T4, one for testing each of the four components. The network for this model is

obtained by extending the network in Figure 10(a) up to eight levels of decision

making. The associated the conditional probability tables were considerably large

to populate. The probability table connected with the last decision node had

781,250 data points to be filled.

4.3 Boeing 737-Bleed Air Control System

Several Bayesian networks were constructed to represent the Bleed air control

system logically. Some difficulties were encountered as the documents did not

provide all the required information and also due to the inconsistencies in the

information obtained from one document to the other. Two models were thought to

be competent: a behavior model and a general model.

4.3.1. Behavior model

A behavioral model was developed from a designer's perspective. This

approach takes into consideration the behavior of the system and its dependence

on the performance of the components. From the clustering of the components

found in the schematic diagram, the airflow path is divided into four sections. In

each section the air is considered to be in a specific air state, this state is described

by temperature and pressure of air in that section.
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Air state 1: (Compressor to Bleed Air check valve or high stage valve.) In this

zone the state of air defined by the two parameters, temperature and pressure of the

bleed air, depends on the stage of the compressor being used to feed the Bleed Air

Control System (for the 737NG it is either the 5th or 9th stage). If the 5th stage of the

compressor is used, then the node Air State 1 refers to the air in flow path

connecting the compressor and the Bleed Air check valve. If the feed is from 9th

stage then Air state 1 refers to the air contained between inlet from the 9th stage of

the compressor and the high stage valve. The temperature and pressure of the air in

air state 1 depends on the compressor stage responsible and the condition of the

ducting in this zone (a leak in the duct may result in the drop of temperature and

pressure).

Air state 2: (bleed air check valve or high stage valve to PRSOV.) In this zone the

state of air depends on the state of air supplied to this zone from the preceding

zone in the flow path, the check valve or high stage valve and the ducting in this

zone (represented by duct 2). The two nodes temperature at 2 and pressure at 2

give the information about air state 2.

Air state 3: (PRSOV to precooler.) This zone is affected by the ducting in this

zone and the PRSOV, which in turn can be affected by Bleed air regulator.

Air state 4: The fourth and the final stage accounts to the zone of the airflow path

that falls after the Precooler. The air in this zone can be affected by the PCV

(Precooler controlvalve), APU check valve, duct pressure transmitter, ground

check valve, precooler, over temperature switch and the ducting in this zone. The

parameters of this air are same as given by the cabin temperature and pressure.
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Figure 11: Bayesian network for the Behavior model of 737 BACS

The states taken by various nodes in the network are shown in the Table 1 of

Appendix 1. Behavioral modeling of a system requires a good knowledge of the

interdependencies of components, indications and the physical parameters like

temperature and pressure. FMEA and FIM provided information about the possible
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failure modes and the corresponding probability values for each component. But

the FMEA and FIM do not contain information about the possible sub states into

which each air state can be divided. In order to construct an effective behavioral

model, some pressure and temperature related data was also needed. This data was

not available at the time of research. This model also required information on how

the failure of any specific section of ducting affects the indication set. Because of

these constraints we could not investigate this model further, even though it looked

more logical and exhaustive from the engineering perspective than the general

approach described next.

4.3.2. General Approach

The general model is constructed from a diagnostician's perspective.

Unlike the Behavior model approach; this model considers only the physical

components and the indication sets produced by their failure, similar to the car

diagnosis model. Figure 10 shows the Bayesian network representing the relations

between the components and the indications produced. The list of nodes is given

Table 2 of Appendix 1.

A Bayesian network constructed from a decision maker's perspective is

shown in Figure 13. This network is a result of using the basic network shown in

Figure 10(a) and then extending it to 16 stages of decision making. To make the

model very sensitive, all the components and indications are included in one

network.
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The nodes Cl, C2,..., C16 represent cause of failure before decisions

D1,D2,. . .,D16 are made respectively. The nodes 11,12,.. .,116 are the indications

observed after making the decisions D1,D2,.. .,D16 respectively. Each cause node

C1 has 16 states. Each indication node I is given 11 states (except the 1st indication

node, which has only 8 states as no decisions are taken prior to it and the system is

assumed to be in failed state), 8 for the indications, two for tests (component tested

is OK, Component tested is defective) and an additional state Normal to

accommodate for the case when the working condition of the system is restored.

Each decision node D1 has 28 states, representing 16 replacement actions and 12

testing actions. This model results in a very cumbersome network. The list of

states given to each Decision, Indication and Cause nodes are listed in Table 3 of

Appendix 1.

In this model at the initial cause node 16 prior probabilities are needed.

These prior probabilities indicate the chance by which each one of the 16

components could be a cause of failure. The table attached to the indication node

(Ii) requires 16 x 8 = 128 data points and the table attached to cause node C2

requires 16 x 16 x 28 = 7168 data points. The remaining cause nodes have

probability tables of the same size (7168 data points). All the indication nodes

except II will have tables with 16 x 11 = 176 data points.
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As we expand the network to make it suitable for multi stage decision-

making, we need to fill the belief tables for each node in the network. For the

decision node, the size of the conditional probability table increases exponentially

with the stage of decision it represents. At the n stage of decision-making, the

data table attached to the decision node will have (28) x (11) x 8 data points. A

trouble shooting sequence for a bleed air control system may extend up to 16

decision stages, which means n = 16. The resulting conditional probability table

for the decision node will have as many as 5.25 x 1040 data points. The entire

network needs a total of 5.26 x iO4° data points to be filled.
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Figure 12: Bayesian network for the General model of 737 BACS



Figure 13: 16-Stage Trouble-Shooting network model for optimal decision making in 737 BACS



A further simplified model was tried, in which the bleed air control system

was divided into sub models. Each sub model considers a single indication and the

ambiguity group associated with it. Separate networks were constructed for each

indication and the associated ambiguity group. This kind of modeling a system

reduces sensitivity to some extent. From Figure 10 it can be seen that most of the

indications have a very small ambiguity group and to investigate this approach, the

indication Zero Pressure was chosen. This indication has an ambiguity group size

of 8 components. So the cause node in this model had 8 states. The indication node

had 4 states and the decision node 14 states (8 replacements and 6 tests). The

conditional probability table associated with the nth decision node contains (14) x

(4Y' xl data points. For the probability table associated with 8th stage decision

node 9.6 x 1013 data points are to be filled, a value though considerably smaller

than 5.25 x iO4°, is still beyond the scope of practicality.

Modeling an effective Bayesian network requires thorough understanding

of the system it represents. Bayesian networks cannot be easily applied to a

complex system like Bleed Air Control System for obtaining an optimal decision

sequence. However with a better understanding of the system they can be used for

diagnosis purposes provided the required data is available. Bayesian networks are

an effective tool to virtually represent the causal relationships in a physical system.

They can be used for diagnosis effectively and can also provide optimal

troubleshooting strategy for simple systems like the antilock braking system.



Behavioral Bayesian networks when built with expert knowledge can help the

designers in the conceptual phase of the design to produce systems that are more

diagnosable. A general type Bayesian model is an effective diagnosis tool. This

model can provide the most likely state of the complete system under a given set

of information about the system. The conventional diagnosis tools available to the

technicians deal each system in isolation. By integrating the Bayesian networks

built for isolated systems into one single large network can be useful to capture

more connected indications which were not previously accessible to the

troubleshooter.



5. Approximate Method

This chapter considers a troubleshooting algorithm presented in

[Heckerman, 1996] and extends it by relaxing some of the inherent assumptions

and derives an approximate method to generate a near optimal troubleshooting

sequence. An algorithm that can be used by a technician is presented and the

procedure is demonstrated on bleed air control system.

If decision theory has to be applied to find the optimal decision sequence

for the trouble shooting process, the effective cost of repair (ECR) values for all

the branches of the decision tree are calculated and then the path with the lowest

ECR (effective cost of repair) value is chosen, which gives the optimal decision

sequence.

Let C,° and C/ be the cost of observation and the cost of repair for the

component, c, respectively. The probability of finding a component c failed is p..

It is assumed that an observation or test will definitely be done before taking the

repair action for every component. If the Cj c is the order in which the

components are observed and repaired then the expected cost of repair is given by

ECR(c1

(C1° + p1C) + (1 p1)(C 2 C) + (1 p1 p2 )( C
3 C) +

ip1 ip1 p2

[Heckerman, 1996].
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It is also assumed that if there is no observation possible for any

component then it is considered to be observed at a cost equal to the cost of repair

and the cost of repair for that component is taken to be zero as the component is

already repaired.

When a component is tested then two decisions could follow. One is that

the component is found defective, this occurs with a probability of pi. The

defective component can be repaired with an additional cost of C[, after which the

process is terminated. Another case would be that, the observed component is

found to be working. This could occur with a probability of (1-p1). The

component is found to be functioning properly and the next component is observed

and if found defective then it is repaired and the trouble-shooting action is

terminated, otherwise observe the next component. The process continues until the

system is brought back to normal condition.

Now let us consider a troubleshooting sequence that has the same order of

decisions as the sequence in the previous case, except for the terms i = k and

= k +1 (which will interchange positions). That is component c k1 is checked

prior to checking the component c k. The ECR value for this sequence is given by

ECR (c1, ... ckl, ck+1, Ck, ... c11). To decide which of these two has the lowest ECR

value, the difference between the two values is found.
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Therefore we obtain the difference in the expected costs of repairs of the

two sequences as

ECR(c1,..., c) ECR(c1 ,.. . c1 , ckl, ck, ..., c11 ) = pkiCk ClPk

Thus it can be seen that the ECR (ci c11) can be less than ECR (cl,...,ck+i,ck,

c) if and only if Pk/C > pk+l/Cl . If p1, p2 are the probabilities of failure of

two components and C1 C2 are the costs associated with them respectively for

component cj and component c2, then, the decision is made based on the values

p1/Cr and p2IC. If pu C is greater than P2/ C, then component Cl is replaced

first otherwise component C2 is given preference. Thus by calculating the values of

pj/ C for all the components and sorting them in descending order the optimal

trouble shooting plan can be obtained.

The Heckerman's method takes into consideration only the first stage

decision and the results may not be as good as those obtained from decision

analysis. However, this method gives a reasonably good approximation of the

optimal trouble shooting sequence.

In the Heckerman' s method the assumption had been that any repair action

is done only after the concerned observationitest is performed. But in the 737-

Bleed Air Control System model at every stage of decision making the decision

makers have the choice of either performing a test and then decide the repair
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action or to directly select a repair action without performing a test. To allow

application to the bleed air control system, in the approximate method we relaxed

this assumption.

If the effective cost of repair for any component after the observation

happens to be greater than the repair cost that is incurred when a repair action is

chosen without making an observation, then it is wise to select a repair action

without making an observation. This can be verified by checking if

(C + pCf) - Cf >0. If true, then perform the replacement action directly

otherwise observe and then replace if needed. For determining if a testlobservation

is required in the case of combined replacement and checkout costs, we check if

(C + p, (Cf + C)) Cf >0. The checkout cost is incurred only when a component

is repaired or replaced.

Thus for a decision to observe and repair the cost C is used in

determining the p/C value and for a decision to repair without an observation, the

cost Cf is used. By sorting the p/C values thus obtained we can determine the

optimal troubleshooting plan.

Algorithm:

a. Collect the set of components, the associated indication sets from

the information tools (i.e., FMEA, FIM and FTA) to generate a

mapping diagram.



b. Decide the ambiguity group for each indication using the mapping

diagram.

c. Rank the components in the descending order of p/C value.

d. Order the repair actions for the components in the ambiguity group

according to their relative rank

e. Check the condition (C + p,C) C >0 for each component in the

ambiguity group. If failed then introduce a Test action before the

repair action.

The algorithm helps in deciding an optimal decision sequence in the presence

of an indication.

Thus by considering each indication and the corresponding ambiguity

group separately we can obtain an optimal repair or test sequence in the presence

of a specific indication. A second evaluation using the Effective Cost of Repair

values calculated in place of the individual costs of repair was done, but the

sequence obtained was not much different from that obtained using the direct

repair cost.

The cost values required were provided by experts. The observation and

repair costs used are in terms of man-hours. Table 1 shows the costs incurred and

the failure probability associated with each component.
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After any component replacement the system is tested again. The costs

incurred in this process are called check out costs, Cc. In such a case the total cost

of repair will be the sum of the check out cost and the cost of replacement only.

Two separate investigations were carried out for identifying the components that

require a test before the replacement action. These results are shown in table 2. In

either case the results supported conducting a test if possible, before conducting a

replacement action. The rows with gray shade in table 2 indicate the components

that did not have any special observation or test. From the results obtained, all

components would be tested before replacement.



Table 1: Observation costs; repair costs and the failure probabilities for the critical components of 737-Bleed air
Control System

Component
Failure

verification
cost (C°)

Failure rate
Repair &

Replacement Cost
(Cr)

Check
Out Cost

(Cc)
Probability (P) Normalized

b bTtro a i i y p

HSV 1.2 5.43E-05 3.146 1.07 2.08E-04 0.137

HSR 0.4 4.42E-05 3.047 1.07 1.70E-04 0.111

Check - 2.49E-06 0 75 025 9.56E-06 0.006
PRSOV 0.8 3.44E-05 1.827 2.17 1.32E-04 0.087

BAR 0.4 4.43E-05 3.423 1.775 l.70E-04 0.112

Pclr 1 1.91E-05 9.264 2.75 7.33E-05 0.048
PCV 0.6 4.34E-05 1.44 2.22 1.67E-04 0.109

PCS - 2.61E-05 3.04 1,81 tOOE-04 0.066

WTAI 0.6 2.37B05 2.962 1.55 9.IOE-05 0060

OVHT - 1.38E-05 12 0.75 5.30E-05 0 035

Sensor - 1.05E-05 304 1 81 4.03E-05 0026

Trans 1 1.73E-05 2.5 1.4 6.64E-05 0.044

ISLN 1.2 9.IOE-06 1.94 0.42 3.49E-05 0.023

APU Chk 0.8 9.56E-06 1.5 0.325 3.67E-05 0.024

GND Chk 0.6 9.56E-06 1.5 0.325 3.67E-05 0.024
Duct 0.33 3.54E-05 4 2.5 1.36E-04 0.089



Table 2: Is an observation/test action required before a repair/replacement?

Component c +pc c +(q +c) (C +pC)-C >0 (C +p(C±C))-C >0

HSV 1.63 178 No No
HSR 0 739 0 858 No No

Check 0.750 1.00 -
PRSOV 0.958 1.15 No No

BAR) 0.782 0.980 No No
PcIr 1.45 1.58 No No
PCV 0757 1 00 No No
PCS 3.04 4.85 - -

WTAI 0 777 0 869 No No
OVHT
Sens

1.20
3.04

1.95
4.85

-
-

-
*

1.11 1.17 No No
ISLN 1.24 1.25 No No

APU Chk 0.836 0.844 No No
GND Chk 0.636 0.644 No No

Duct 0.686 0.909 No No



Table 3: (a) Ranking by using normal replacement/repair cost

Rank Component p/C

1 BAR 0.279

2 HSR 0.278

3 Duct 0.27
4 PCV 0.182
5 HSV 0.114
6 PRSOV 0.108
7 WTAI 0.099
8 PCLR 0.048
9 Trans 0.044
10 GNDChk 0.04
11 APU Chk 0.03
12
13

OVHT
PCS

0029
0.022.

14 ISLN 0.019

15 Sens 0.009

116 Check 0.008

(b) Ranking by using combined replacement/repair cost

Rank Component P/C

BAR 0.279

2 HSR 0.278

3 Duct 0.27

4 PCV 0.182

5 HSV 0.114

6 PRSOV 0.108

7 WTAI 0.099

8 PCLR 0.048

9 Trans 0.044

10 GND Chk 0.04

11 APU Chk 0.03

12 ISLN 0.019

0.018

0.014

0.006

13 OVHT

14 PCS

Check15

16 Sens 0.005



Table 3 shows the ranking of the components based on p/C values

calculated using normal repair/replacement cost and the combined

repair/replacement cost.

Table 4 shows the ambiguity group size and the various possible causes for

the set of eight indications as given in the fault isolation manual (FIM). Based on

the rankings given in table 3, the optimal trouble shooting sequence in the

presence of any indication can be determined. For example, when the BLEED

TRIP OFF Light is On, the ambiguity group contains the high stage valve (5),

Bleed air Regulator (1), PCV (4) and over temperature switch (13). The numbers

in braces adjacent to each component indicates its rank, according to Table 3(b).

Following the priority order indicated by the rank, an optimal plan can be

obtained. Therefore the troubleshooting sequence for this indication should be

Test BAR* Replace BAR / Test PCV* Replace PCV / Test HSV -* Replace

HSV / Replace OVHT.
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Table 4: Shows the possible causes and the ambiguity group size for each
indication.

Indication Ambiguity
group size

High Stage valve,

BLEED TRIP OF F Light On Bleed air Regulator,
4

Over temp Switch

Bleed Valve will not close when
PRSOV,2 the Bleed switches moved to OFF,

Bleed air Regulator 2
Engine is the bleed source

PRSOV,
Duct Pressure High, engine is the Bleed air regulator

4bleed source Duct pressure transducer,
Dual duct pressure indicator

PRSOV,
Bleed air regulator

Duct Pressure Low, engine is the Duct pressure transducer,

bleed source Dual duct pressure indicator 8
High stage Valve

High stage controller,
PCV,_duct
PRSOV,

Bleed air regulator
Duct Pressure Zero, engine is the Duct pressure transducer,

7bleed source Dual duct pressure indicator
450 deg F Thermostat

PCV, ductI IiI r

Bleed Air Isolation Valve 1

PRSOV,
Bleed air regulator

Duct pressure, L and R pointers Duct pressure transducer,
7 not the same (split), engine is the Dual duct pressure indicator 8

bleed source High stage Valve
High stage controller,

PCV, duct

Duct pressure,LandRpointers Duct pressure transducer,
8 not the same (split), APU is the Dual duct pressure indicator 3

bleed source Isolation Valve

The algorithm presented in [Heckerman, 1996] assumes that an observation will be

conducted before repairing. This research relaxed the above assumption,
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explained why it is not a correct logic in all situations and showed how to handle a

choice, whether to conduct a test or skip it. It also addressed the issues involved in

deciding the C value for calculating the p/C ratio. The ECR value obtained for

each indication using the method suggested is compared with the ECR value of a

sequence based on the failure probabilities. The ECR values for each component

obtained from either method are plotted and it is found that the approximate

method results in lower ECR. The plot is shown in Figure 14.

Comparision of ECRs in two different ordering

a

7

jj jF[ 0 Order based on P(Faflure)

Order based on P/C

-

2

= M I1 I

#1(4) #2(2) #3(4) #4(8) #5(7) #6(1) #7(8) #8(3)

Indication Number (Ambiguity group size)

Figure 14: Comparison of ECRs in two different ordering
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To validate the approximate method, we compared the results obtained,

with the results from decision analysis, which is believed to give an optimal

solution. As the decision trees for BACS were too complex to compute, the

antilock braking system model was used for validation. The effective cost of repair

(ECR) value was calculated for the decision sequence obtained with the

approximate method, and for the decision sequence obtained with the decision

analysis method. Both ECR values were found to be $ 225.00. The antilock

braking system model had only two components in its ambiguity group, and the

troubleshooting process had only one decision making stage. For complex systems

involving more decision stages, the result obtained using the approximate method

may deviate from the optimal decision sequence resulting from decision analysis.



53

6. Discussion

This research investigated three methods for generating an optimal trouble

shooting plan. Decision Analysis is the most comprehensive of all the three

methods, but it is impractical to apply in complex real world scenarios. This is

because of the mammoth number of branches that need to be evaluated. For any

small changes in the probability values, cost values and physical configuration of

the system under consideration, the entire decision tree has to be reevaluated. This

is a technological challenge as of now and makes it a single time usable tool.

Bayesian networks are not as accurate as decision analysis due to the

conditional independence feature they fundamentally assume. This is a technology

that can be very helpful for diagnosis, but was found to be too complex for

obtaining an optimal multi stage decision sequence using the available software

tools. From a designer's perspective Bayesian networks are very useful, as they

can aid in designing better diagnosable systems right in the conceptual phase of

design. Their usability with a customized computer program is not fully

investigated during this project due to time and technical constraints. Moreover, a

Bayesian network, once built, can easily accommodate for small changes in the

data or minor modifications in the physical configuration of the system, thus it is a

many-time usable tool. The structure of Bayesian networks facilitates integration

of isolated systems into a larger whole. Something like this would be nearly

impossible with a decision tree.



To make a decision using decision theory, the entire joint probability

distribution table for the n components is required, which is exponentially large in

size with the value of n. In Bayesian networks, because of the conditional

independence assumption, only the immediate parents of a node are considered to

have an effect. Thus a Bayesian network requires only the local joint probability

tables at each node. In the conditional probability tables, the data points take the

probability values that are normalized over specific set of states taken by the

parents of the node and are easy to predict. Most of them take values of 0 or 1.

Whereas in a joint probability table used in decision analysis (for switching back

the links) each value has to be calculated using Bay&s rule, which may require a

large amount of computational time. Because of these two reasons Bayesian

Networks are much easier to apply than Decision Theory.

The approximate method is a very simple procedure compared to the other

two methods and found to be the most practical method for complex systems with

many components. Though the results obtained are approximate, it is more

appropriate for the real world scenarios, where effective troubleshooting is

currently ad hoc and depends on the skill of the troubleshooter in real time. This

method is logically much stronger than ad hoc decision-making methods.

Moreover this method is readily adoptable as its computational requirements are

very basic. This method uses a one step look ahead approach i.e., the sequence of

steps presented initially need not be optimal as the troubleshooting process

progresses.
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All the three methods discussed are based on probability theory, which in

itself is a subjective concept and the results they provide may not be completely

true in a specific real world situation. In all the above-discussed methods many

approximations and assumptions are made to make the system under consideration

suitable for applying the theories discussed. Without these assumptions and

approximations, it would be impossible to meet all the data requirements and the

computation time required in the process. The assumptions include a) single

component failure in the even of system failure, b) The tests and replacements are

perfect, and c) the costs associated with a component are independent of where it

occurs in the decision sequence. These assumptions were acceptable given the low

failure rates of the BACS components. If we try to relax any of these assumptions,

for example consider relaxing the first assumption and include multiple failures,

then, a system with n components will have (2" -1) different configurations of

failure. That means the data requirements of that model will be many more times

larger exponentially than those of the current model. This assumption is

considered reasonable, given the low failure rates of the components in the 737-

BACS.
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7. Conclusions

1. The decision analysis approach is impractical to apply for a system as complex

as the 737-bleed air control system.

2. The Bayesian Networks method can be applied to diagnose a complex electro-

mechanical system but it cannot be used to obtain the optimal trouble shooting

sequence using the existing software tools due to practical constraints on

computational time and memory requirements.

3. The Approximate method can be used to obtain a reasonably good

approximation of the optimal troubleshooting sequence.
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APPENDIX 1

Table 1: List states taken by each node used in the Behavior model

Lreta
2
3 High stage regulator

Failed closed,_failed open, Normal
Shutoff valve failed closed, Shutoff valve failed open,
no control air, high 'controP air, Normal

4 Checkvalve Failed closed, failed open, Normal
5

1

6

7

Over_temperature sensor
Bleed air regulator

PRSOV

Failed closed, failed open, Normal
Over temperature sensor failed, circuitry failure to
signal high, no control_air, high'control' air, Normal

8 Preecoler control air sensor fully open, Normal
Solenoid valve (WTAI) Failed closed on ground, Normal
APU check valve Failed closed, failed open, Normal

11 Over temperature switch Failed with open circuit, failed with closed circuit,
Normal

12 pessrasmitte
13 Precooler_control valve Failed closed,_failed open,_Normal
14 Duct 1,2,3,4 Leak, normaljpaj, Not known
jiLPressure at 1,2,3 Not known

L18 Not known
Not known



Table 2: Legend for the nodes shown in the General model shown in figure 12

Node Component I Indication
Transducer Pressure Transducer
PRSOV Pressure relief and shutoff valve
PCV Pressure Control Valve
Preclr_Sensor Precooler Sensor
H_Stg_Vlv High stage Valve
OVHT_Switch Over Heat Switch
Ovr_Temp_Sen Over Temperature Sensor
Duct air ducts connecting components
H_Stg_Reg High Stage Regulator
BAR Bleed Air Regulator
Ground Chk Ground Check Valve
LSLN Isolation Valve
WTAIVIv Wing Thermal Anti-icing Valve
WTAI Wing Thermal Anti-icing
APU_Chk Auxiliary Power Unit Check Valve
APU_Incp Auxiliary Power Unit Insufficient Pressure
Dual_Bleed Bleed air present from both engines
H_Stg_Reg High Stage Regulator
I_Chk Intermediate Check Valve
Eng_Exst_Temp_lnd Engine exhaust Temperature Indicator
BLEED TripOff Bleed trip Off Light
PrLo Pressure Low Indication on the Gauge
Pr_Hi High Pressure Indication
Pclr_Temp>500 Precooler temperature is above 500 Deg C
Zero Pr Pressure gauge indicating zero pressure
>>Hi_Pr Abnormally high gauge pressure



Table 3: The lists of states taken by the nodes in
the troubleshooter network shown in figure 13

List of states in the decision node
Dl: Replace High Stage Valve
:D2: Replace High Stage Regulator (Controller)
D3: Replace Intermediate Check Valve
D4: Replace PRSOV
D5: Replace Bleed Air Regulator (Controller)
D6: Replace Precooler
D7: Replace Precooler Control Valve
D8: Replace Precooler Control Air Sensor
D9: Replace Solenoid Valve (WTAI) (CTAI)
DlO: Replace Over Temp Switch
Dl 1: Replace Bleed Air Over Temp Sensor
p12: Replace Duct Pressure Indication Transmitter
D13: Replace Isolation Valve
D14: Replace APU Check valve
D15: Replace Ground Air Start Check Valve
D16: Replace Duct

D17: Test High Stage Valve
D18: Test High Stage Regulator (Controller)
:D19 Test PRSOV
D20: Test Bleed Air Regulator (Controller)
D21: Test Precooler
D22: Test Precooler Control Valve
D23: Test Solenoid Valve (WTAI) (CTAI)
D24: Test Duct Pressure Indication Transmitter
D25: Test Isolation Valve
D26: Test APU Check valve
D27: Test Ground Air Start Check Valve
D28: Test Duct

List of states in the cause node
1: Defective High Stage Valve
2: Defective High Stage Regulator
3: Defective Intermediate Check Valve
4: Defective PRSOV
5: Defective Bleed Air Regulator
6: Defective Precooler
7: Defective Precooter Control Valve
8: Defective Precooler Control Air Sensor
9: Defective Solenoid Valve (WTAI)

CTAI)
1O: Defective Over Temp Switch
1 1: Defective Bleed Air Over Temp Sensc
12: Defective Duct Pressure Indication

13: Defective Isolation Valve
14: Defective APU Check valve
15: Defective Ground Air Start Check
alve
16: Defective Duct



Table 3 (Contd.)

Ust of states in the indication node
11: BLEED TRIP OFF Light On
12: Bleed Valve will not close when the Bleed switches moved to OFF, Engine is the

bleed source
13: Duct Pressure High, engine is the bleed source
14: Duct Pressure Low, engine is the bleed source
15: Duct Pressure Zero, engine is the bleed source
16: Isolation Valve does not Open or Close properly
17: Duct pressure, L and R pointers not the same (split), engine is the bleed source
18: Duct pressure, L and R pointers not the same (split), APU is the bleed source

19: Normal
10: Tested component OK
11: Tested component defective



APPENDIX 2

Table: Legend for component names used in chapter 5

# Component Representation

1 High Stage Valve (HSV) HSV

2 High Stage Regulator (HSR) HSR

3 Intermediate Check Valve (Check) Check
4 PRSOV PRSOV

5 Bleed Air Regulator (Controller) BAR

6 Precooler Pclr
7 Precooler Control Valve (PCV) PCV

8 Precooler Control Air Sensor (PCS) PCS

9 Solenoid Valve (WTAI) WTAI

10

11

Over Temperature Switch (OVHT)

Bleed Air Over Temp Sensor (Sens)

OVHT

Sensor

12 Duct Pressure Indication Transducer (Trans) Trans

13 Isolation Valve (ISLN) ISLN
14 APU Check valve (APU Chk) APU Chk

15 Ground Air Start Check Valve (Grnd Chk) GND Chk
16 Duct Duct

Ui




