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Abstract

We propose new algorithms for diagnosis of
discrete event systems that slice the observa-
tions into windows, each diagnosed indepen-
dently. Doing so allows to cope with intermit-
tent observations and to ignore the overhead
of maintaining a precise estimate of the sys-
tem state. We show how diagnosability can
be asserted using this approach – and any
diagnosis algorithm in general – through the
notion of a simulation, which is a modified
model that simulates how the diagnosis algo-
rithm computes the diagnosis.

1 Introduction
Diagnosis of discrete event systems (DES) is performed
by computing the paths on the complete model that
generate the observations received on the system, or
equivalently the belief state of system. This belief state
can be computed on-line, by iteratively computing the
set of states that can be reached from the current be-
lief state through transitions that would produce ex-
actly the next observation. If this is done explicitly
[Baroni et al., 1999], the number of these states makes
the approach inapplicable for many real-world prob-
lems. Symbolic approaches have been proposed where
the states are represented in propositional logic, e.g.,
Binary Decision Diagram (BDD), but this representa-
tion is also subject to exponential blow-up. Finally, the
potential belief states can be pre-computed [Sampath
et al., 1995], but their number is double exponential
this time.

In this last approach, the exponential blow-up stirs
from the fact that the diagnoser maintains all the in-
formation it can about the observations it received so
far. For instance, the current belief state could be B1
instead of B2 ' B1 because of an early observation.

In this paper, we propose several algorithms for com-
puting diagnosis of DES, which share the property that
they only consider the most recent observations. On
top of the computational advantages mentioned above,
these algorithms are able to deal with intermittent loss
of communication, whereby the state of the system be-
comes unknown.

On the other hand, independent windows may poten-
tially lead to imprecise diagnosis. In order to measure
the quality of this approach, we adapt the well-known

criterion of diagnosability. Diagnosability is the prop-
erty of an observable system that states that, using the
model, a fault can be diagnosed after it occurs. We
extend this definition to algorithms, and say that an
algorithm is diagnosable if it will diagnose the fault af-
ter it occurs. We show that diagnosability can be tested
using known algorithms, on the condition that simula-
tion can be built, i.e., a modified model that simulates
the diagnostic algorithm decision.

This paper is organised as follows. Section 2 provides
the traditional definitions of DES model and diagnosis.
Section 3 defines the generic notion of diagnostic algo-
rithm and the issue of proving that an algorithm is di-
agnosable. Section 4 presents the independent-window
algorithms and how diagnosability can be tested for
such algorithms. Section 5 demonstrates an example
on how to implement diagnosability testing.

2 Diagnosis and Preliminaries

2.1 Diagnosis of DES
We choose DES as a modelling framework [Cassandras
and Lafortune, 2008]. A DES models dynamic systems
at a discrete level. We use automata to represent DES,
although we also give definitions at the language level.
Faults can be defined at the event level or the state
level; to simplify the following definitions, we consider
faulty states.

Definition 1 (Automaton) An automaton is a tu-
ple 〈Q,Σ, T, I, L〉 where Q is a finite set of states,
Σ is a finite set of events, T ⊆ Q × Σ × Q is a
set of transitions, I ⊆ Q is the set of initial states,
and L : Q → {N,F} is a mode label function where
N stands for nominal and F for faulty such that
(〈q, e, q′〉 ∈ T ∧ L(q) = F )⇒ L(q′) = F .

The system is modelled by an automaton with a set
Σo ⊆ Σ of observable events. For ease, we can also see
the model as a pair of languages L = LN ∪ LF such
that e1, . . . , ek ∈ Ll (l ∈ {N,F}) iff there exists a trace

q0
e1−→ . . .

ek−→ qk where q0 ∈ I and L(qk) = l.
The observation obs(σ) of σ ∈ Σ? is defined as the

restriction of σ to the set of observable events:

obs(e1, . . . , ek) =

{
ε if k = 0
e1, obs(e2, . . . , ek) if e1 ∈ Σo

obs(e2, . . . , ek) if e1 ∈ Σ \ Σo

Fig. 1 shows a graphical representation for a DES
model. It visualises a DES model and its states, initial



A B DCF

b

u

v

c

a

v

c

b

Figure 1: Example DES model

state, transitions, events and the results of the mode
label function L. Finally, observable events are a, b, c,
with the rest being unobservable, u and v.

A diagnosis problem is therefore defined as a model
and an observation. In general, the diagnosis should
indicate whether the system is in nominal mode, in
faulty mode, or whether it cannot decide, i.e., am-
biguous state. In this work, the diagnosis policy does
not distinguish between nominal mode and ambiguous
mode, i.e., the diagnoser assumes that the system is not
faulty unless proved otherwise.

Definition 2 (Diagnosis) The diagnosis ∆(M,o) of
observation o using model M is defined by:

• N if ∃σ ∈ LN . obs(σ) = o and

• F otherwise.

Most existing algorithms implement a similar def-
inition [Sampath et al., 1995; Baroni et al., 1999;
Pencolé and Cordier, 2005; Su and Wonham, 2005;
Grastien et al., 2007; Kan John and Grastien, 2008].
Because her work is the original one, we shall call ∆
the Sampath diagnosis.

Observation Diagnoser Diagnosis
a, b, b, b, b, c, c, c Sampath N
a, b, b, b, a, c, c, c Sampath F
b, a, b, a, c, c, c, c Sampath F

Table 1: Example of diagnosis results

Example Tab. 1 shows some examples of diagnosis
results for the system on Figure 1. For instance, given a
sequence of observations a, b, b, b, b, c, c, c, the Sampath
Diagnoser will return a nominal diagnosis.

2.2 Diagnosability of DES

Diagnosability is the question whether a fault will al-
ways be diagnosed. This property is very desirable and
the system designer might want to enforce it.

Diagnosability can be checked by searching for faulty
system behaviours that cannot be diagnosed precisely
(in dynamic systems where the aim is to diagnose the
fault eventually, these system behaviours must be infi-
nite). Any such example is a proof that the system is
not diagnosable; it is called an ambiguous trace. Fail-
ure to find such a trace proves that the system is di-
agnosable, assuming the search was complete. In this
reduction of the diagnosability problem, the model is
used twice [Grastien and Torta, 2011]: it is used i) to
find the faulty trace on the system and ii) to (unsuc-
cessfully) diagnose the trace. However we may have to
use different models for these two usages, one model

for the system and the other model for the diagnosis.
If the system model is abstracted before being used for
diagnosis, the abstracted model should not be used to
generate the faulty trace (that trace may not be a pos-
sible system behaviour); on the other hand, whether
the trace can be diagnosed should be tested with the
diagnosis model.

Definition 3 (Diagnosability of a model) A diag-
nosis model M is diagnosable w.r.t a system model M ′

if the following holds true:

∃n ∈ N. ∀s ∈ L′F . ∀t ∈ Σ ? .

(st ∈ L′ ∧ |t| ≥ n⇒ ∆(M, obs(st)) = F ) .

Given a faulty behaviour s, given an additional n
events (represented by t), the diagnosis (using the
model M) of the observation obs(st) of st should be
“faulty”.

Jiang et al. [2001] have shown that diagnosability
can be checked in polynomial time with respect to the
number of states. To this end they build a structure
called a twin plant, which is the classical automata syn-
chronisation of two copies of the model on the observ-
able events. M is diagnosable w.r.t M ′ iff the twin
plant contains no infinite cycle of states 〈q, q′〉 where
L(q) = N and L(q′) = F .

3 Diagnostic Algorithms
In this section we discuss the notion of diagnostic algo-
rithm which is a possibly imprecise implementation of
the diagnosis presented in Definition 2.

Definition 4 (Diagnostic Algorithm) A diagnos-
tic algorithm is a function A : MODELS × Σo? →
{N,F} where MODELS is the set of possible models
and the following holds:

Monotonicity:
A(M, o) = F ⇒ ∀e ∈ Σo. A(M,o e) = F ; and

Correctness: A(M,o) = F ⇒ ∆(M, o) = F .

The first condition ensures that the diagnosis is
monotonic [Lamperti and Zanella, 2007], i.e., that if
a fault has been diagnosed, this conclusion will not be
withdrawn. The second condition of the definition en-
sures that the diagnosis is correct, i.e., that the algo-
rithm returns “faulty” only when the system is faulty
(the converse may not hold).

The diagnosis problem is a complex task. We are
interested in considering algorithms that may return
results that are less precise than the Sampath diagnosis,
but that run faster. We also want however to be able
to give guarantees about the output of the algorithm,
e.g., diagnosability.

Definition 5 (Diagnosability of an Algorithm)
The diagnostic algorithm A is diagnosable for a
diagnosis model M w.r.t. a system model M ′ if the
following holds true:

∃n ∈ N. ∀s ∈ L′F . ∀t ∈ Σ ? .

(st ∈ L′ ∧ |t| ≥ n⇒ A(M,obs(st)) = F ) .

This definition is very similar to that of diagnosabil-
ity (Definition 3) except that we require the output of
the algorithm A (and not the Sampath diagnosis itself)
to be “faulty”.



Diagnosability of a model can be tested using the
twin plant approach. In general however, we do not
know how to compute the diagnosability of a diagnostic
algorithm. To this end we propose to define a new
model si(M,A) that “simulates” the behaviour of the
diagnosis algorithm.

Definition 6 (Simulation) Given a diagnostic algo-
rithm A and a model M , the simulation of A and M
is an automaton si(M,A) s.t. ∀o ∈ Σo ? . A(M,o) =
∆(si(M,A), o).

Using the simulation, we can use the following theo-
rem to prove diagnosability.

Theorem 1 Algorithm A is diagnosable for a diagno-
sis model M w.r.t. a system model M ′ iff si(M,A) is
diagnosable w.r.t. M ′ where si(M,A) is the simulation
of M and A.

Proof of Theorem 1 Based on definition 5 for di-
agnosability and the condition that diagnosis of an al-
gorithm A is equivalent to that of Sampath Diagnoser
using a simulated model, si(M,A), the diagnosability
of Sampath Diagnoser using si(M,A) implies the diag-
nosis on a trace st should return F if it reaches faulty
state, i.e., ∆(obs(st)) = F .

Hence, the diagnosis of the algorithm A on the
trace st should also return F if it reaches faulty state.
A(M,obs(st)) = F .

Therefore, it is proved that the diagnosability
of (A,M,M ′) is equivalent to the diagnosability of
(∆,M, si(M,A)). �

Theorem 1 shows that it is possible to use the twin
plant method to decide whether algorithm A is diag-
nosable for M .

4 Independent-Windows Algorithm
A time window is defined as a slice of a sequence of ob-
servations. Independent-windows algorithms perform
diagnosis on either a single window or a collection of
time windows. In this section, we explain the moti-
vations for the independent-windows algorithms, four
different independent-window algorithms, and their as-
sociated simulation.

4.1 Motivations

There are essentially three main motivations for
independent-windows algorithms: the flexibility of this
approach, its potential impact on the diagnosis com-
plexity, and its use to tackle the problem of masking.

The independent-windows algorithms perform inde-
pendent diagnosis analyses on separate windows. Be-
cause each diagnosis is performed separately, we can
skip the ones that we believe are not relevant. Consider
for instance a problem occurring on a web-service whose
activity is logged. It might be tedious to go through all
the logs to produce the diagnosis; it is more likely that
analysing the data some time before the incident was
detected will be enough.

Second, we expect the complexity of diagnosis to
become more manageable by considering independent-
windows. Diagnosis of DES as defined above is about
maintaining a belief state, and the number of such
belief states is exponential in the number of system

states (double exponential in the number of variables).
Whichever way the belief state is computed (off-line
[Sampath et al., 1995] or on-line [Baroni et al., 1999],
even using decomposition or symbolic tools), diagnosis
quickly becomes untrackable. With windows of fixed
size however, the complexity changes completely. For
instance, given b observable events in the model and
a size k of the window, the number of Sampath belief

states that can be reached is Σi∈{0,...,k}b
i = bk+1−1

b−1 =

O(bk). Practically, this means that a Sampath diag-
noser of polynomial size can be built, or the BDD un-
folding on k transitions of the system model.

Finally when the communication layer used to trans-
mit the observation is also subject to faults, certain ob-
servations are masked which means that the complete
sequence of observations is not available. Independent-
windows algorithms are less subject to this issue since
they reset the diagnosis at the beginning of every win-
dow.

4.2 Single-Window Diagnosis

Single-window diagnosis computes the diagnosis on
windows, which are small chunks of observations.
Given a sequence o = o1, . . . , on . . . of observations,
given two indexes i < j, the window o[i, j] is defined as
the subsequence of observations oi, . . . , oj . Notice that,
if j ≤ n, the length of the window (number of observa-
tions) is j − i + 1; if i < n, its size is 0; otherwise, the
size is n− i+ 1.

Given a window o1, . . . , ok, a system behaviour σ ∈ L
is compatible with the window if the window appears
in the observations of σ; formally if there exist two se-
quences of observations o′1, . . . , o

′
m and o′′1 , . . . , o

′′
p such

that obs(σ) = o′1, . . . , o
′
m, o1, . . . , ok, o

′′
1 , . . . , o

′′
p .

Definition 7 (Single-Window Algorithm) The
single-window algorithm denoted Wi,j is defined as
follows:

• Wi,j(M,o) = N if there exists a nominal behaviour
σ ∈ LN compatible with o[i, j];

• Wi,j(M,o) = F otherwise.

Observe that the diagnosis Wi,j(M,o) can be simply
computed as the diagnosis ∆(M ′, o[i, j]) where M ′ is
the modified model M where all reachable states are
made initial.

4.3 Windows-Based Diagnosis

Based on single-window diagnosis, windows-based di-
agnosis facilitates various ways to slice a sequence of
observations into time windows, each of which comes
with its strengths. The final output will be a conjunc-
tion of diagnostic results of several time windows, i.e.,
the system is in faulty mode if the diagnosis on at least
one time window returns faulty; it is in nominal mode
if all time windows return nominal.

Given an observation o ∈ Σo
?, given the sub-words

o1, . . . , on of o and Time-Windows = {[i1, j1], . . . }
where ii and ji are integer indexes as defined in Sec-
tion 4.2, the following diagnosis is correct:

A(M,o) =

{
N if ∀[i, j] ∈ Time-Windows.

Wi,j(M,o) = N
F otherwise.



Notice that more observations implies that the obser-
vations of the windows increase, which increases the
chances for a single-window diagnosis to return faulty,
hence the monotonicity of the algorithm.

The definition in Section 4.3 facilitates future time
windows. If the system has been diagnosed faulty, then
the diagnosis of any following time windows will return
faulty. Therefore, windows-based diagnosis obeys the
properties of monotonicity and correctness as defined
in Definition 4. In the next section, we will illustrate
windows-based diagnosis by four examples. In Section
4.5, we will examine the diagnosability of windows-
based diagnosis.

4.4 Examples of Windows-Based
Diagnosis

We will provide descriptions for the time windows
of four independent-windows algorithms and their ex-
pected benefits. These algorithms should then follow
the definitions in Section 4.2 and 4.3.

Algorithm 1 (Al1) Al1 means slicing a sequence of
observations every k observations:

Time-Windows-Al1 = {[1, k], [k + 1, 2k], . . . }.

Algorithm 2 (Al2) Al2 makes sure the windows
overlap so that observations which are consecutive ap-
pear in the same window:

Time-Windows-Al1 = {[1, k], [k+ 1, 2k], . . . }∪ {[k′+
1, k′ + k], [k′ + k + 1, k′ + 2k], . . . } where k′ = bk2 c.

Algorithm 3 (Al3) Al3 aims at slicing observations
and running diagnosis at random times, yet frequently
reoccurring, times:

Time-Windows-Al3 = {[i1, i1 + k], [i2, i2 + k], . . . }
such that there exists a maximum delay d, and for all
index x, 0 < ix − ix−1 < d.

Algorithm 4 (Al4) Al4 proposes sliding time win-
dows to run diagnosis. A sliding time window moves
along a observation flow by one observation at a time.

Time-Windows-Al4 = {[1, k], [2, k + 1], . . . }.

Observation Slice Diagnosis Output
a, b, b, b, b, c, c, c (a, b, b, b) N N

(b, c, c, c) N
a, b, b, b, a, c, c, c (a, b, b, b) N F

(a, c, c, c) F
b, a, b, a, c, c, c, c (b, a, b, a) N N

(c, c, c, c) N

Table 2: Examples of Al1

Example Tab. 2 shows the results of Al1 running
on the same set of observations as in Tab. 1. Based
on the DES model in Fig. 1, given the first input:
a, b, b, b, b, c, c, c, using Al1 with the window size to be
4, we get 2 slices: (a, b, b, b) and (b, c, c, c). Running
Al1 on the first slice leads to N . Also, the diagnostic
result of the second slice is N . Therefore, this sequence

of observations is N . One of the slices of the second
observation ends in F . Thus, Al1 will return F . In the
third observation, the diagnostic results of both slices
are N . However, Tab. 1 shows this observation should
be F . This demonstrates that Al1 has its drawbacks of
imprecise diagnosis in some situations. Algorithm Al2
overcomes this issue.

Input Slice Diagnosis Output
a, b, b, b, b, c, c, c (a, b, b, b) N N

(b, b, b, c) N
(b, c, c, c) N

a, b, b, b, a, c, c, c (a, b, b, b) N F
(b, b, a, c) F
(a, c, c, c) F

b, a, b, a, c, c, c, c (b, a, b, a) N F
(b, a, c, c) F
(c, c, c, c) N

Table 3: Examples of Al2

Tab. 3 is the result of running Al2, which uses ad-
ditional slices. We have seen that Al1 cannot diagnose
the fault in the third observation. In contrast, Al2 will
accurately return F .

4.5 Simulation of the system model M ′

We now study diagnosability in order to evaluate
windows-based algorithms by presenting a simulation
of the window-based algorithms. Remember that, while
the simulation generates a model with more states than
the original one, the simulation is only used for diag-
nosability testing. Furthermore, the states and tran-
sitions of the automata do not need to be explicitly
represented, but can be represented symbolically, e.g.
BDD.

The simulation si(M,Al1) of the window-based al-
gorithm Al1 and the model M is an automaton that
contains k + 1 copies of the states of M , where each
state 〈q, i〉 of f(M,Al1) records not only the system
state q but also the number i of observations in the
current window. When the number of observations has
reached k, then the state of the simulation is “reset”,
i.e., a transition takes the simulation from state 〈q, k〉 to
state 〈q′, 0〉 such that q′ and q only have in common that
their diagnostic information is the same: L(q) = L(q′).

Definition 8 The k-simulation of M = 〈Q,Σ, T, I, L〉
is the automaton M ′ = 〈Q′,Σ′, T ′, I ′, L′〉 where Q′ =
Q×{0, . . . , k}, Σ′ = Σ∪ {ε}, I ′ = I ×{0}, L′(〈q, i〉) =
L(q), and T ′ = Tu ∪ To ∪ Tε defined by:

• Tu = {〈〈q, i〉, u, 〈q′, i〉〉 | i ∈ {0, . . . , k} ∧ 〈q, u, q′〉 ∈
T ∧ u ∈ Σ \ Σo},
• To = {〈〈q, i〉, o, 〈q′, i + 1〉〉 | i ∈ {0, . . . , k − 1} ∧
〈q, o, q′〉 ∈ T ∧ o ∈ Σo}, and

• Tε = {〈〈q, k〉, ε, 〈q′, 0〉〉 | L(q) = L(q′)}.

Example Fig. 2 illustrates the Algorithm Al1 simu-
lation for the DES model in Fig. 1. F0, F1, F2, F3 and
F4 are faulty states, with the rest being nominal. Def-
inition 8 says for every observable transition, create a
link from one state to the next state on the next row,
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Figure 2: Part of Algorithm Al1 simulation for the
DES model in Fig. 1. Dotted lines also need to link A4

to A0, B0, C0 and D0. Same applies to B4 and C4.

which represents the next time step; for every unob-
servable transition, create a link from one state to the
next state within its row; for each faulty state at the
end of one time window, create a link ε from F4 to ev-
ery faulty state at the beginning of one time window,
i.e., F0; for each nominal state at the end of the time
window, create a link ε to every nominal state at the
beginning of the time window.

There is one unique simulation that can be built for
a system model M ′ and an algorithm A. Simulation is
only used for diagnosability test and not for diagnosis.
In the simulation of Al2, Fig. 1 and 2 are synchronised
on the initial states, i.e., A0 and A2, each leading to
a simulation. For Al3, every time window has a sim-
ulation, which may have different sizes as determined
by the time windows of Al3. Finally, those simulations
will be synchronised on their initial states to reach the
simulation of Al3.

With the help k-simulation, we develop Theorem 2.

Theorem 2 The k-simulation of a diagnosis model M
as defined in Definition 8 is the simulation of Al1 and
M as defined in Definition 6.

Proof of Theorem 2 By observing that a path on
the k-simulation of M with |o| observations is the con-
catenation of d|o|/ke paths of length k such that the di-
agnostic information at the end of one such path is the
same as the one at the end of the other path. Therefore
all paths in the simulation consistent with the observa-
tions end in a faulty state iff all paths of one window
end in a faulty state, which is the definition of the sim-
ulation of a diagnosis algorithm. �

The simulations, together with Theorem 1, allow to
prove that Algorithm Al1 with k ≥ 2 is not diagnos-
able for the system of Figure 1; on the other hand,
Algorithm Al2 is diagnosable for any k ≥ 2.

5 Experiments

We adopt BDD as the data structure for DES. We im-
plement BDD using JDD, a Java library for creation
and operations on BDD variables1. First of all, the in-
put DES model is in des comp format according to the
Dia-Des project of Yannick Pencolé2. Second, we use
BDD variables for every state, event, and then build
transitions. Third, we synchronise multiple automata
on shared events. Next, we build a twin plant and
implement the Forward Algorithm of symbolic model
checking in order to test diagnosability [Grastien, 2009].
This is the first approach to test diagnosability with-
out introducing any windows-based algorithm. In the
second approach, before building a twin plant, make a
copy of the synchronised automaton, unfold that copy
in order to get the simulation for the windows-based
algorithm, and then build a twin plant to test diag-
nosability. All data and benchmark are available on
request.

0 1

3 4

b
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f f
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Mc
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Figure 3: Experiments.

In order to test diagnosability when the windows-
based algorithm is introduced, we build an example of
factory operations, which consists of a few DES models.
Fig. 3 shows a central model, Mc, and multiple opera-
tion plants, i.e., M1, M2, etc. Mc is to dispatch a job
(ai) to each plant (Mi) and receive feedback (ei) once
it is done. States 3 and 4 are shaded as faulty, with the
rest being nominal. In the individual operation plants,
ei will be emitted. However, b will be emitted from Mc.
Although c is not observable from Mc, only e1 will be
observed from M1 if Mc enters a faulty scenario. To
sum up, b and ei are observable, while ai, f and c are
unobservable.

The experiments were run on a Ubuntu 12.04 com-
puter with Intel Core i7-3610QM processor @3.3GHz
and the total memory is 8 GB.

The results show that they are all diagnosable. Fig.
4 is a line chart to show log10 of the running time of di-
agnosability tests in milliseconds. The X-axis lists the
number of model components to be synchronised. We
start from 2 components, Mc and M1, and then syn-
chronise with M2, M3, etc. The Y-axis shows the time
consumption in milliseconds. In Fig. 4, the filled boxes
represent the time of running diagnosability test with-
out any windows-based algorithm. The filled diamonds
show the time when including the unfolding operation
on the simulation of the windows-based algorithm as
defined in Definition 8.

1javaddlib.sourceforge.net/jdd/
2homepages.laas.fr/ypencole/diades/html/index.html



Figure 4: Running time

In summary, the trend of time consumption meets
our expectation as the amount of model components
grows. Also, diagnosability test on the windows-based
algorithm takes more computation time.

6 Conclusion

We develop Independent-Windows Algorithms to diag-
nose DES and we study their diagnosability. We aim
to slice a sequence of observations into time windows
and diagnose them independently. This approach has
the advantage to handle intermittent observations and
does not require maintaining a precise estimate of the
system state.

We begin with studying three key properties of a gen-
eral diagnosis algorithm, such as monotonicity, correct-
ness and diagnosability. We then prove Theorem 1 to
determine the diagnosability of any diagnosis algorithm
using a modified model and the twin plant method.
This theorem enables us to compute the diagnosability
of the new Independent-Windows Algorithms, so that
we can measure how precise the diagnosis will be.

As we are certain that we will be able to determine
the diagnosability of our new diagnosis algorithms, we
are further motivated by the flexibility of indepen-
dent windows, reduction of computation complexity
and avoidance of the masking issues which may oc-
cur in transmission of observations. We then demon-
strate four Independent-Windows Algorithms. Using
the same set of observations, we compare the accuracy
of Sampath Diagnoser and the new algorithms Al1 and
Al2. This allows us to analyse the strengths of each
diagnosis algorithms.

In order to determine the diagnosability of the
Independent-Windows Algorithms as specified in The-
orem 1, we show how to modify a DES model and simu-
late a diagnosis algorithm. After this, we use the output
simulation to test the diagnosability of the new algo-
rithms. Theorem 2 proves the correctness of generating
the simulation. Finally, our experiments conclude that
diagnosability testing on the windows-based algorithms
can be implemented by BDD.

As an outline for our future work, we plan to study
how prompt the windows-based diagnosis is. We will
measure this by how fast it can reach a diagnostic re-
sult. We also want to examine the root cause of ambigu-
ity if the diagnosis result is inability to decide whether
the system is nominal or faulty. One possibility is to
identify key states in the simulation, categorise them
and retain this information.
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