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Abstract

There are several computer-based approaches which support maintenance engineersin their diagno-
sistask. Inindustrial practice, the application of decision treesisthe prevailing method duetoitssim-
plicity and efficiency. The major shortcomings of this technique are its time-consuming and error-
prone manual generation. Model-based approaches usually overcome these deficiencies. However,
adapting the current industrial diagnosis processes to model-based approaches is, in general, ex-
tremely costly. Furthermore, practice has shown that current modelling techniques are not sufficient
for some technical systemsrelevant inindustry. This paper presents an integration of both aforemen-
tioned techniques by exploiting device models to automatically generate decision trees usable for di-
agnosis. Thus, compatibility with existing industrial diagnosis processes is achieved. The approach
isrealized with MAD, a hybrid system that focuses on diagnosing analog circuits. Dueto itsrelevance
to current research, the modelling and ssimulation part of MAD is the main focus of this paper. In
MAD, analog circuits are modeled as linear networks. Normal and faulty behavior is computed using

a calculus based on qualitative deviations.

1. Introduction

Since most technical systems become increasingly complex their diagnosis becomes amore and more
sophisticated task. There exist severa computer-based approaches which support maintenance engi-
neers in their work. Two of the approaches, decision trees and model-based diagnosis, are of rele-

vance for this paper. They are further introduced in the following.

Usualy, in diagnosis, experts manually put up structures of fault sets in form of decision trees that

lead maintenance engineers through their task [15]. The diagnosis process starts at the root that rep-



resentsthe set of all considered (i.e. modeled) faults. Going down the tree, fault sets are split into sub-
sets of faults differing in the value of a tested property of the diagnosed device. Depending on the
values measured by a maintenance engineer, the tree istraversed until aleaf is reached. At this point,
no further fault set discrimination can be performed. Decision trees are a simple and efficient tool to
diagnose even complex technical systems. They are the prevailing diagnosis technique in industrial
practice. However, theinitial design of adecision treeis often very time-consuming and error-prone,
and technical system changes often lead to an equally time-consuming and error-prone manua mod-

ification of the decision tree.

Model-based approaches explicitly represent the structure of a device and the behavior of its compo-
nents. Behavior descriptions have to be purely local so that they can be used at any place in the model
(the no-function-in-structure principle[5]). The models are eval uated to predict the normal and, often,
the faulty system behavior, too. If discrepancies occur between the modeled behavior and the actual
device, the approach assumes a fault in the device. In order to diagnose it, model-based approaches

generally have the following basic algorithm in common (see [4] for an introduction):

» Hypothesis generation: Given the device structure and the set of behavior discrepancies, compute
the components that account for them.

» Hypothesistesting: Given the candidates produced during hypothesis generation, select the candi-
dates that explain al observed discrepancies. To do this, search for minimal assumptions about
correctly working components that must be retracted to be consistent with the observed device
behavior. Thisis called consistency-based diagnosis. Often, the search is supported by component
fault models. With that, device simulations can be used to compute faulty device behavior.

* Hypothesis discrimination: Given the candidates that account for all observed discrepancies
(often, more than one hypothesis survives the previous phase) propose additional measurements

that efficiently find the faulty components.

However, adapting industrial diagnosis processes to model-based approachesis, in general, extremely
costly. First, model-based approaches require expensive hardware due to intensive computation time.
Second, maintenance engineers used to decision tree techniques would need schooling to cope with
the new technique. Furthermore, model-libraries containing models for all relevant components are
needed to make model-based approaches usable in industrial practice. Thisis not state of the art, yet.

Practice has also shown that current modelling techniques are not sufficient for some technical sys-



temsrelevant in industry. For these reasons, model -based techniques are not yet widespread in indus-

trial diagnosis applications.

This paper introduces an integration of both aforementioned techniques by exploiting device models
to automatically generate decision trees usable for diagnosis (see [6] for a similar approach). Thus,

compatibility of the approach with existing industrial diagnosis processes is achieved.

Note that in our approach, costly modelling and simulation computations are carried out off-line, be-
forethe diagnosistask, whilein classical model-based diagnosisand in [6] behavior ssmulation is car-
ried out during each diagnosis. Thus, the often mentioned scaling problem [4] is partly aleviated.
Additionally, our decision trees can be manually changed to overcome the shortcoming of model-
based approaches that some technical devices cannot be appropriately modeled, yet. The approach is
realized with the system MAD (Modelling, Analyzing, and Diagnosing System) that focuses on the
treatment of analog circuits. Our basic ideaisto transform the device model created by the MAD user
to a linear network that can be described by a system of linear equations based on Kirchhoff’s and
Ohm’slaws. Assuming that afault has occurred, this system of equations can be exploited in order to
determine qualitative valuesfor voltage and current metering points. In our approach, we simulate the

device behavior for all faults to be considered relevant.

Diagnosing analog circuits meansto determine faultsin circuits by their effects, mostly given by volt-
age and current measurements. This can be considered as atypical classification task with faults as
classes and voltage and current measurements as attribute values. Our simulation results containing
all modeled faults and measurements provide al information needed to automatically structure this

classification task by generating decision trees.
Section 2 of this paper describes MAD’s device independent modelling process. Section 3 outlines
the simulation process comprising all modeled faults. Decision tree construction and decision tree

adaption is presented in Section 4.

2. Modélling analog circuitswith MAD

This section starts with an evaluation of previous approaches to model analog circuits (Section 2.1).



A description of the novel qualitative valuesused in MAD follows (Section 2.2). At last, auser’ sview
of MAD’s modelling processis given (Section 2.3).

2.1. Evaluation of previous modelling approaches

In the past, many different approaches to model-based diagnosis of analog circuits have been pub-
lished. For instance, if the circuit parameters can be described by crisp quantitative values, a linear
network can be analyzed by existing tools such as SPICE [1] or systems based on CLP(R) (e.g. [2]).
In order to cope with tolerances and inaccuracies, the DIANA system [3] uses quantitative intervals
to describe network parameters. The FLAMES system [13] proposes fuzzy intervals to describe inac-

curacies more adequately.

While these systems can be used to simulate a large class of analog circuits by exploiting detailed
component models, [17] argue that for diagnostic purposes more abstract models are advantageous.
In particular, linear networks with qualitative parameter values have been investigated in the litera-

ture.

For instance, adhering to the no-function-in-structure principle, the Connectivity Method [17] basi-
cally propagates qualitative information that encodes which port of a circuit component is connected
to source or sink. However, not all kinds of circuits can be handled adequately. In order to overcome
these deficiencies, [11] have developed a qualitative method to analyze linear networks by exploiting
the structure of networks. The so-called SPS method explicitly represents anetwork’ s series-parallel-
star structure asatree (spstree). Asaresult of the network analysis, for all currentsand voltages, sign-
based qualitative values are determined. The Connectivity Method and the SPS method mainly focus
on the detection of structural faults, e.g. broken wires or comparable component faults such as blown
light bulbs etc. They do not address, however, several other diagnosis topics which may arise in ap-

plications:

non-structural faults such as slight deviations from normal behavior,

» deviative effects of non-structural and structural faults on parameter values,
 gpecific circuit topologies,

» abstractionsin diagnosis models,

e variants.



This paper addresses most of these topics and presents a qualitative modelling method that isrealized
in MAD. The problems solved by the approach are explained with an application example. In partic-
ular, we consider afield regulator that is asubcomponent of amotor. A schematic diagram of thefield
regulator circuit is presented in Figure 1. The components shown in the figure are abstractions of the
real physical components. For instance, the control switches T1 to T4 are actually implemented with

transistors and diodes but, for diagnostic purposes, such afine-grained representation is not required.

Figure 1: Field regulator comprising resistors (R), fuse (F),
battery (B), field coil (FC), and controlled switches (T1 to T4).

This paper focuses on non-structural faults expressed by slight deviations from normal behavior, e.g.
increased resistance values. Faults of this kind can neither be modeled by the SPS method nor by the
Connectivity Method because of the sign-based qualitative values used by these methods (there are
gualitative values, typically "0", ”-”, “+”, representing a fixed landmark and values below and above,
respectively). In analog circuits the occurrence of afault affects all currents and voltages, i.e. the ab-
solute values of parameters change. However, in most cases, the parameters do not change their signs
(or reach certain fixed landmarks). Thus, it is hardly possible to adequately derive these fault effects
using sign-based qualitative values. Furthermore, bridge circuit topologies are relevant in our domain
(see Figure 1). These circuits pose a specia problem for qualitative approaches because the direction
of the current through the bridge resistor usually depends on the exact quantitative values of the com-

ponent parameters.

Since we want to model abstractions of real components, quantitative modeling systems (see above)
are not appropriate, either. In addition, we also have to deal with the “variants' dilemma’ [17]. This
means that a certain model of the field regulator should cover severa variants of thisdevice. Variants
differ only slightly concerning values of component parameters. Since qualitative values cover inter-

vals of quantitative values, they are more suitable to cover several variants in the same model.



Based on the SPS method MAD realizes a new qualitative approach for reasoning about analog cir-

cuits for diagnostic purposes. The main features of the method are:

» The qualitative values represent deviations as well as sign information. With deviations we can
describe non-structural faults such as “resistance too high” aswell as structural faults such as
blown light bulbs (“resistance too high and infinite”) even in bridge circuit topologies.

» The semantics of the qualitative values is grounded in the quantitative nature of landmarks. This
way we can show soundness and compl eteness of the derivation algorithm for qualitative reason-
ing, cf. also [16].

* Itisnot necessary to specify the absolute quantitative values of landmarks. Thus, we can deal with
abstract circuit components and the “variants' dilemma’. The method presented in this paper

derives simulation results that are sufficient for fault discrimination in our diagnosis application.

Qualitative values for expressing deviations to adequately describe faults and their effects are intro-

duced in the next section.

2.2. Thequalitative valuesof MAD

In alinear network, there are currents and voltages whose directions can be determined by the struc-
ture of the network (we will use “voltage” and “current” although these quantities could also be “pres-
sure” and “flow” or other corresponding quantitiesin linear networks). These currents and voltages as
well as resistances can be adequately described by a set of qualitative values that cover the extended
positive real number line [0, o] 1 For some currents and voltages, the directions are not determined
by the network structure. Thus, we also need qualitative values that cover the whole extended real
number line [—eo, o] . Distinguishing between two types of qualitative value setsis not merely asyn-
tactic aspect but sharpens the reasoning about effectsin linear networks.

To elaborate, the qualitative values for positive real numbers and their semantics are shown in Table
1. Although the landmark valuesin the semantics definition are not specified asfixed quantitative val-

ues, MAD does rely on the order between landmarks: 0 < min<max < .

1 Note that although infinite voltages and currents do not occur in practice, it is useful to allow infinite qualitative
vauesin our approach. See [10] for further details.



gualitative value abbreviation | semantics
low 0 0 [0, 0]

low | (0, min)
normal n [min, max]
high h (max, e)
high_inf oo [oo, oo]

Table 1: Qualitative values expressed by quantitative intervals

Describing resistances, qualitative values can be used to model structural as well as non-structural
faults. On the one hand, structural faults such as short circuits and broken wires can be described by
the extreme deviationslow_0 and high_inf, respectively. On the other hand, non-structural faults such
as partial short circuitsin coils and corroded wiring points can be modeled by the qualitative values
low and high, respectively. The faultless state of a component is represented by the qualitative value
normal which represents an interval. This enables MAD to be tolerant with respect to differential de-
viations such as physical tolerances and temperature drifts. For details of current and voltage model-

ling, see [10].

2.3. The MAD user’sview of the modelling process

Using MAD, structures of analog circuits are model ed with aspecial component editor called COME-
DI (COMponent EDItor). Similar to CAD-tools, MAD users select items out of a predefined set of
basic electrical and electronic components and define the connections between them. The existence
of such a component library is highly important to guarantee reusability for a big variety of analog
circuits. Within the library, every component is equipped with a set of fault models which is modifi-
able by COMEDI users. Additionally, users can define new device components. The faults are de-
scribed with the above-mentioned qualitative values expressing deviations. Additionally, users have
to determine where maintenance engineers can perform measurements during a diagnosis. In MAD,
these so called metering points can be voltage or current measurements. If changes occur in device
design or metering point positioning, users only have to adapt the COMEDI model. After that, there-

spective decision tree will be automatically regenerated.

Note that not all COMEDI users must have knowledge about the underlying fault models and device



component definitions. If the problem isto define amodel with existing device components and fault

models, the task can be done by users only familiar with the device structure.

Due to the model -based approach, the behavior descriptions stored in MAD’ s component library have
to be purely local. Since component behavior strongly depends on its place inside the device, most
parameter values cannot be computed without a device structure analysis. MAD’ sanalysis processis

outlined in the next section.

3. Analyzing analog cir cuitswith MAD

Section 3.1 gives an overview of how linear equations are derived from structures of linear networks
and how the qualitative values of these equations are evaluated. Section 3.2 shows this process by

means of our application example, the field regulator.

3.1. Qualitative analysis of linear networks

The approach realized in MAD to the qualitative analysis of a linear network consists of two main

steps.

D SP transformation: The linear network is transformed by series-parallel reductions, star-delta and
delta-star conversionswell known in electrical engineering into an SP-tree. The SP-tree is an explicit
representation of the structure of the network that can be used to compute qualitative behavior for dif-

ferent kinds of faults by alocal propagation method.

As adifference to the SPS method in [11], we would like to emphasize that we use star-delta as well
as delta-star conversions (hence the name of our method: SDSP). This is advantageous because, in
comparison to the SPS method, new classes of network topologies can be evaluated. As afurther dif-
ference, we restrict stars and deltas to be transformed to those with three edges - with the purpose to
obtain a fixed number of equation types. This cannot be ensured by the SPS method. As a disadvan-
tage of thisrestriction to stars and deltas with three edges, we cannot treat some exceptional networks
(e.g. networks consisting exclusively of four-edge stars without any delta and star transformations

with three edges applicable). According to our experiences, these networks are hardly relevant in



practice.

Local propagation of qualitative values: The second main step consists of local propagation of qual-
itative values in the SP-tree in order to simulate circuit behavior (i.e. the step can be carried out for

each of the supplied fault models).

» Applying the star-delta transformation, values of transformation resistances are determined.

» Values of resistances are propagated from the leaves of the SP-tree to its root by exploiting two
electrical laws describing compensation resistances of series and parallel groupings.

» Vauesfor currents and voltages are propagated from the root of the SP-tree to its leaves. For that,
four different electrical laws are evaluated, i.e. current divider, voltage divider, same voltages and
same currents rule.

» Values of voltages and currents of the origina network are determined by exploiting current and

voltage transformations that are a part of the star-delta transformation.

Note that in qualitative reasoning, in general, the computation of qualitative values can be very prob-
lematic. In our approach, awell-founded qualitative calculus can be specified which is based on the
assumption that in normal behavior all measurements have the qualitative value “normal”. The algo-
rithm is based on the interval calculusthat is described in [10] and [12].

3.2. SDSP-analyzing thefield regulator

In order to outline the strength of our approach we now show how to model and analyze the field reg-
ulator of our application domain. Faulty behavior of thefield regulator ismodeled by ‘low’ (e.g., R5_|

in Figure 2) as an example.

Thefirst step of the SDSP method isastar-delta conversion (see Figure 2). A subsequent SP-reduction
leads to the SP-tree shown in Figure 3. Letters S and P indicate that nodes represent series and parallel
groupings, respectively. For example, R12 and R4 are replaced by the compensation resistance P6
(parallel reduction), P6 and P7 are reduced by S8 (serial reduction), and so on.



Figure 2: Star-delta conversion

The second step of the SDSP method is the local propagation of qualitative values. First, the trans-
formed resistance values are determined (i.e., R12, R13, and R23, see Figure 2). Second, qualitative
values of resistances, currents and voltages are propagated (see the labels of the arrows and the cor-
responding legend in Figure 3 to determine the direction and propagation rule of the respective prop-
agation).

AN a) Ohm's law
Ul10|s10] 110 b) same voltages rule
n {l/n|n/h c) current divider rule
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n/h| n [n/h I/n|1/n{n/h| Q) seriescomp. resistor

U6 | P6| 16 17
n/hl n |n/h n/h

T ) %’é”&”\\

U12(R12| 112 |[U4 | R4 | 14 U23(R 123 15
n/h| n [n/hl{n/h{ n |n/h I/n| n [l/n I/n n/h

Figure 3: Propagation of qualitative values

The final step of the SDSP method is a voltage and current retransformation in order to obtain the
gualitative values of the original network (i.e., compute the respective valuesfor R1, R2, and R3, see

Figure 2).
Theimplementation treats an SP-tree as a constraint net. The constraint propagation algorithm we ap-
ply is similar to the Waltz algorithm [18]. For more implementation details of this type of constraint

systems, see[7] and [8].

The SDSP method is used to compute an exhaustive simulation for all faults which are considered



relevant for the model (cf. Section 2.3), i.e. qualitative values that describe certain component faults
are successively applied to compute all parameter values of the SP-tree. From these computations, we
derive a data structure called fault relation that contains qualitative values for all defined metering

points. For thefield regulator example, consider the current and voltage metering points shown in Fig-

ure4.
Field regulator Linear network
—
-
F
R T1 T3 R
B —— ]

Figure 4: Linear network with three metering points (I, U3, U5)

Some modeled faults and the respective metering point values are shown in Table 2. They are com-
puted by propagating the qualitative values through the SP-tree. Note that due to the qualitative rea-

soning process, metering points often comprise more than one qualitative value.

Faults\ Measurements I U3 us

F1: Fuse blown low 0 low_0 low 0
F2: Switch T2 high-impedance low / normal normal / high normal / high
F3: Insulation damagein field coil normal / high normal / high normal / high
F4. Battery low low / normal low / normal low / normal
F5: Switch T3 high-impedance low / normal low / normal low / normal

Table 2: Fault relation of field regulator

Fault relations are the input for the next step in our diagnosis system, the decision tree generation.

4. Generating and editing decision treeswith MAD

Section 4.1. explains the automatic generation of decision trees with fault relations as basic data. Sec-
tion 4.2 elaborates possibilities to adapt the decision tree in case of changing or additional require-

ments.



4.1. Generating decision trees

Severa algorithms have been developed for decision tree construction [Quinlan 86]. Since the well-
known ID3-algorithm often provides nearly optimal solutions with low computational costs, we de-
cided to integrate this algorithm into MAD. To cope with applications with a bad I D3-performance,
the computationally more costly but optimal A*-algorithm [9] can be used in MAD, alternatively. In

this paper, we concentrate on our |D3-application.

Atypical for ID3 applications, MAD does not build up training and test sets. Instead, decision trees
can be generated in one step since the fault relation contains all data required for this process. The
ideaof the algorithm isto select the most informative measurements for fault discrimination, proceed-
ing from the decision tree root down to its leaves. For a detailed description of D3, see [14]. Figure
5 shows the respective decision tree for the fault relation of Table 2. Note that F4 and F5 cannot be

further discriminated due to the lack of discriminative measurement values in the fault relation.

Figure 5: Decision tree of the field regulator

Inindustrial practice, in general, measurements are not equally costly which affects the optimal mea-
surement order. MAD regards varying measurement costs in several forms. Due to space limitations,

we omit adiscussion of this aspect, here. For more information, see [19].

4.2. Editing decision trees

Since practice has shown that current modelling techniques are not sufficient for some technical sys-
tems relevant in industry, MAD offers the possibility to manually change the decision tree. Further-
more, the ability to adapt it to special needs and ease modifications is an important condition for

acceptance in industry. The following basic manipulations are supported:



* Insert anew fault into the decision tree.
» Delete an existing fault out of the decision tree.

* Merge existing faultsin different nodes into a new node.

In part, comprehensive adaptations of the value tests at the decision tree edges must be performed.
Since decision trees do not contain all information needed to perform the adaptions mentioned above,
the fault relation is an essential data structure to obtain missing information. Due to space limitations

in this paper, a discussion of these aspects is omitted. For further information, see [19].

Typicaly, the data of the generated decision trees will be transferred to small portable computersin
order to support maintenance personnel at the diagnoses site. Starting at the decision tree root, the
computer asks values of measurements attached to the respective edges. One or more faults suspected
for the faulty device behavior are the output when reaching aleaf of the decision tree. More than one
fault can befound at aleaf if the metering points defined in the model are not sufficient to discriminate
al faults.

5. Summary

MAD (Modelling, Analyzing, and Diagnosing System) is a hybrid system that integrates the advan-
tages of model -based diagnosis approaches with theindustrial practice of using decision trees. Similar
to CAD-tools, a special component editor is provided that can be used to model devices and define
metering points. Internally, MAD represents analog circuits aslinear networks. Resistances, voltages,
and currents are described by qualitative values which can express deviations from the faultless state.

In order to compute parameter values for acertain circuit, MAD analysesthe circuit structure with an
algorithm called SDSP method. Thisalgorithm exploitsstar, delta, serial, and parallel structuresfound
in the model of the circuit. For each fault considered in the model, MAD computes values of currents
and voltages, that is, afault relation is generated. For each fault, the fault relation contains qualitative
valuesfor all metering points. An ID3 implementation uses the fault relation to create an optimal de-

cision tree.

The work has reached the stage of alaboratory prototype which will be the basisfor an industrial im-
plementation and practical field tests.
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