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Abstract diagnosable, then the original system is not diagnosable,
if all observable events remain after abstraction. This re-

This paper presents an efficient diagnosability veri- quirementimplies that in general only limited abstracsion
fication technique, based on a general abstraction ap- can be expected for non-diagnosable systems.
proach. We exploit branching bisimulation with explicit The aforementioned abstraction techniques used lan-
divergence (BBED), which preserves the temporal logic guage specification. In some other works, e.g, [15], event-
property that verifies diagnosability. Furthermore, using based abstraction technique are exploited, which are be-
compositional abstraction for modular diagnosability ver  haviorally equivalent to the original model. The classifi-
ification offers additional state space reduction in com- cation of different behavioral equivalences is made in [6].
parison to the state-of-the-art techniques. One of the most well known behavioral equivalences is

weak bisimulation, also called observation equivalence,

[16], which holds a very coarse equivalence. Another
1. Introduction slightly more restricted one ranching bisimulation[8].

Unlike weak bisimulation, branching bisimulation pre-

Failure is a deviation of a system from its normal be- Serves the branching structure of processes, in the sense
havior. The task of identifying and isolating deviations that it preserves computations together with the potential
from desired behavior is called failure diagnosis and the in all intermediate states that are passed through, even
ability to deduce about previously occurred failures withi  if silent moves are involved. An extension of branching
a bounded number of observations is called diagnosabil-Pisimulation, which is also critical for our purposes, is
ity [20]. A system is diagnosable if each failure can be Pranching bisimulation with explicit divergen¢BBED).
uniquely identified through a number of events in partial It means that silent loops resulting from abstraction are
observations. preserved [7].

There are two approaches, namely, language specifica- BBED has the important property that the temporal
tion [19, 21], and failure events [14], to show the faulty eventually operator (E) is preserved, which is not the case
behavior in discrete event systems. In the language specifor weak bisimulation. Even more, the complete tempo-
fication approach, a specification represents the nonyfault ral logic CTL* [1], except for the next operator X, called
behavior of the system and every deviation from that spec-CTL*-X, is preserved for BBED. This is critical for di-
ification leads to a failure. In the failure event approach, agnosability verification, and means that BBED, but not
the failures are shown in the same model using events.weak bisimulation, can be used for diagnosability abstrac-
For both approaches, there are polynomial diagnosabil-tion. BBED is applied on event labels on labeled transition
ity algorithms, [19, 23, 25, 11, 14, 24]. However, al- systems (LTS), while CTL*-X expressions are based on
though polynomial time algorithms exists, the state spacestate labels included in Kripke structures (KS). However,
increases exponentially when modular systems are com+n [17] a translation between LTS to KS is established, so
posed. Thus, it is often too complex to analyze systems ofthat CTL*-X can also be considered as a logic on LTS.
industrial size. In this work, we use an abstraction-based verification

To tackle the computational complexity, abstraction- method in order to reduce the computational complex-
based diagnosability verification algorithms have been re-ity. Here, we induce the failure information to state la-
cently introduced for both automata and Petri net mod- bels based on a diagnosability algorithm. Then, exploit-
els [10, 15, 21], including techniques for modular systems ing BBED we perform event-based abstraction technique
[22]. In [21], the computational effort for diagnosability while preserving silent loops. Preserving all uncertain
verification methods is reduced by determining sufficient loops, where diagnosability can not be decided, is im-
conditions, such that diagnosability of the original sys- portant to claim the diagnosability of a system correctly.
tem follows from diagnosability of an abstracted model. Using the mentioned transformation in [17], we get the
Moreover, it is shown that if the abstracted system is not equivalent abstracted KS of the system with silent events,



where we perform CTL based model checking for diag-
nosability verification.

The contribution of this paper is that BBED is proposed
and developed for abstraction-based diagnosability verifi
cation. Compared to previous works on abstraction for

diagnosability, our approach gives more efficient abstrac- Y _ _
tions. One reason is that observable events can also be agion of G, and G, is defined asG, ||

stracted, still showing equivalence between the abstdacte
and the original system concerning diagnosability. Fur-

thermore, unlike earlier language-based approach, where
all transitions with the same event must be considered for

Now, we define synchronous composition on transition
systems as follows.

Definition 3 (Synchronous Composition) Let

Gi (Qi, Xis i, Qois AP, Ly) for i 1,2

be two automata. The synchronous composi-
Go
<Q1 X QQ,Zl U EQ,‘),Q? X Qg,APl UAPQ,Ll X L2>
where

(p1,p2) s a € (X1 NEa), q1—21p1, G2—r2p2

le

(q1,92)

abstraction, in the proposed approach transitions with the  (q1, ¢2)~>(p1, ¢2) : a € (21\22), ¢1—1p1

same event are abstracted individually, once again result-

ing in more efficient abstractions. Finally, compositional

abstraction is applied for modular systems, which can be
considered as a partitioning technique avoiding temporary

state-space complexity in the abstraction phase.

The rest of the paper is organized as follows. Section
presents preliminary concepts. Section Il gives the defi-
nition of diagnosability. In Section 1V, the temporal logic
formulation for diagnosability verification is presented.
Section V is on branching bisimulation abstraction. In
Section VI, compositional abstraction is described. Fi-
nally, conclusions are drawn in Section VII.

2. Preliminaries

The event observation projection [3], called observa-
tion mask in [14], is a mapping from the original event
setY to a smaller observable event et C ¥, i.e.,

P : ¥ — X, U{e}, which can be extended &o* that is
the set of all event traces generated friimHere ¢ shows
unobservable events, so that we have ¥*, o € X:
P(so) = P(s)P (o), with P(e) = eandP (o) = ¢

for all 0 € X, the unobservable event set. Moreover,
¥ =3,U%,, andx, = X,U%,, with 3, denoting shared

le

(q1,92)=(q1,p2) 1 a € (22\21)7%&2]?2.

O
3. Diagnosability of Discrete Event Systems

In this section, we define the diagnosability notion,
along with a polynomial algorithm for diagnosability ver-
ification of modular systems. In the end, the algorithm is
illustrated through an example.

Definition 4 (Failure Assignment Function) Failure as-
signment function is a mapping from the original event set
X to state failure label®v or F, i.e.,s) : ¥ — {F,N}. It
means that it € X is not a failure event, it is projected to
N; otherwise it is projected to the. All reachable states
after a state with label’, keep it as their labels. O

For the sake of simplicity, here one failure class is con-
sidered. Assume a systeito be live without any cycle

of unobservable events, and let the set of all traces gener-
ated byg be denoted’(G). Furthermore, consider a trace

s € L(G) ending with a failure, and a sufficiently long
tracem obtained by extending. The systeny; is then
diagnosablef every tracew that is observation equivalent

events which are involved in more than one module and to m, also contains a failure. Formally, the diagnosability

3., denoting local events which only belong to one mod-
ule. ¥, = X;U%,, whereX; and %, are failure and
non-failure unobservable events, respectively.

Definition 1 (Kripke Structure (KS)) [17] Let AP be a

fixed nonempty set of atomic proposition names, ranged

over bygq, p, . ... A Kripke StructurgKS) is a triple K’ =
(Q, L,—), whereQ is a set of states, : Q — 247 is
the proposition labeling, anebC @ x @ is the transition
relation; an elemer(iy, p) €—, usually written ag — p,
is called a transition.

O
Based on KS, we extend automata including state la-

bels onG. The transition system definition in the follow-
ing includes both labels on states and transitions.

Definition 2 (Transition System) A transition system
(TS) is a tupleg = (@, %, —,Qo, AP, L) whereQ is a
set of statesy is a set of events—»C Q@ x X x Q isa
transition relation, als@, denotes the set of initial states,
AP is a set of atomic propositions, add: Q — 24F
represents a proposition labeling. O

is defined as follows.

Definition 5 (Diagnosability) With respect to the event
observation projection and the failure assignment functio
¥ : X — FUN, asysteng is diagnosable if

(VF)(3n,; € N)(Vs € L(G), Z/J(Sf) =F)
(Ym = st € L(G), ||t]| = n;) =
(Vw € L(G), P(w) = P(m))(3r € pr({w}), (ry)

F)

Here,sy andry are the last events in tracesandr, re-
spectively, angr({w}) is the set of all prefixes af.
|

3.1. Diagnosability Algorithm

Diagnosability verification answers the question
whether a failure can always be detected or not. In [14], a
verifier is introduced that abstracts away all unobservable
and failure transitions by first constructing an observable
automatong,, whose definition is presented in Algorithm



1 in the following. ThenG = G,||G, is calculated. The
verifier G is checked for the existence of possible uncer-
tain cycles, i.e., cycles including states with differeait-f

ure labels. All other states and their associated tramsitio
are then deleted. If the remaining graph contains at least
one cycle, the system is not diagnosable. This verifier has

polynomial complexityO(n;n, ), wheren, andn, are the fi

:I“}—@*

number of states and transitions, respectively.

Algorithm 1: [14] For diagnosability verification
in a modular system, let each module B =
(Qiy X5, —4, Qi) fori € T = {1,...,k}, wherek is
the number of modules. The following algorithm verifies
the diagnosability 0§ =||;cz G;:

; !
@S
01
06 05
f2

(@) G1 (b) G2 (c) Gs

e

Figure 1 The three automata of Example 1.

1. Augment states of ea¢h with failure labels (v, F),

based on the failure assignment function, resulting in 1q diagnosability oG by finding the diagnosability of
= (Qi, X, =4, Qoi, AP, Ly) each module separately. The following example includes

2. Obtain a non-deterministic automaton 2 non-diagnosable automaton.

o = 2,32, —¢ AP, L¢ where . . .
g (Qf, =7, QG ), Example 1 Consider the three automata depicted in

Q7 = {(gi.6) |0 € QU{gg}}  and ; o
’ y Fig.1. Events descriptions are as follows;, =
i = {q; € Q|3 (pi, 04, q;) €—; With P(o; €
Q {q Q| (p 7 q> (O—)?é } {Ulw--»aﬁ}a Zuo = €1, Ef = {flyf?}v and Zs =

3. Compute the verifier automatofi; = G¢ || G°. {o1,05}. Both failures belong to one failure clasgi;
is not diagnosable, and, andGs are diagnosable. How-

4. Replace all state labelsVN, FF) and(NF,FN)  ever, based on the above description, the diagnosability
with C' (certain state labels) and (uncertain state  of the monolithic syste = G, || G2 || Gs is not clear
labels), respectively. yet. Therefore, based on Algorithm 1, we evaluate the di-

agnosability ofG. Steps 2 and, 3-4 of the algorithm are

illustrated in Fig. 2 and Fig. 3, respectively. In Fig. 3, gnl
the updated failure labels are shown in each state. The
verifier G, has 78 states, 150 transitions and uncertain
loops. Thus the systeghis not diagnosable.

5. Verify the existence of uncertain cycles, i.e., loops
over states with labgll/) in G =||;ez Gi.

In the synchronization off =||;cz G;, we may get
different combinations of number of labels in each state.
Having at least on& label in each state is enough to make
that state uncertain. Therefore, all states with at least on 4 Temporal Logic
U are replaced witli/, and states with onl¢’ labels are
replaced withC'. For instance, withk = 2, we may get Diagnosability test is shown to be an instance of tem-
different combinations o€C, CU, UC andUU in G. poral logic model-checking [12]. In the last step of diag-
ExceptC'C which is replaced witt”, the rest oCU, UC nosability algorithm, it is needed to determine the exis-
andUU are replaced witl/. This rule is always applied tence of uncertain cycles using temporal logic. Thus, we

in the synchronization. describe the temporal logic and quantifiers, briefly.
There are particularly two common used temporal log-
3.2 Diagnosability Verification in Modular Structure ics; linear-temporal logiqLTL) where time is linear, and

In diagnosability verification of a system in a modu- computation-tree logi¢CTL) where time is branching.
lar structure, if all modules are diagnosable, based on theTemporal logic includes temporal quantifiers, which in
following, the total system is diagnosable. Therefore, we CTL are expressed in pairs. In CTL, as well as the tem-
assume at least one non-diagnosable module in our evaluporal operatord), F, GandX, there are also quantifiefs
ation. (universal) ande (existential) which express “all paths”

Diagnosability verification in a modular structure con- and “exists a path”, respectively, [13]. Furthermo@ds
tains three different cases [4]: (a) if the monolithic spste  the universal quantifier aniélis the existential quantifier,
(G) is not diagnosable then necessarily one of the mod-ranging over the states along a particular path. Moreover,
ules ;) is not diagnosable; (b) if all local modules are X means next and until.
diagnosable then the monolithic syste (s also diag- In our case, a CTL* specification for diagnosability
nosable; and (c) if a local module is not diagnosable then verification is used, cf. [18]. CTL* is an extension of
the monolithic system may or may not be diagnosable. CTL and LTL, which combines the features of both log-
The above cases cover all possible outcomes that may ocics, and thus is more expressive than either of them. The
cur when modules of a system are composed in parallel.specification is
We focus on Case (c), where it is not possible to evaluate AG AF(C) ()
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Figure 2 Theg; of the three automata of Example 1.
(@ G1

whereC denotes certain labels. This implies that for all
computation paths beginning from an initial state, there o1 01 o5
will be some future states wher@ holds infinitely of-

ten. If this specification holds, the system is diagnosable.
This statement becomes clear by investigating its nega-

. . . . (b) Ga (c) Gs
tion, meaning that a system is not diagnosable when

~AG AF (C) = EF(-AF (C)) = EF EG(U). @) Figure 3 TheG; of the three automata of Example 1.
The last expression means that in at least one pathil

eventually be permanently true. This implies that the non- thatc/u events are introduced when there is a transforma-
diagnosable system can continue forever in an uncertaintion of state labels to events. The goal is to abstract the

cycle. local 7 transitions.
There is stuttering bisimulation which abstracts the
5. Abstraction equally labeled states and branching bisimulation which

abstracts local events, and we want to combine them
In this section, we outline the concept of abstraction- with each other. Moreover, we want to preserve CTL*
based diagnosability for modular systems. Since up to property, and based on [17] branching bisimulation does
step 4 of the diagnosability Algorithm 1 is performed be- that, by showing the equivalence between stuttering and
fore applying abstraction in each module, the necessarybranching bisimulation, and also showing that CTL* is
information for diagnosability verification is preserved. based on state labels as in stuttering bisimulation. There-
Step 5 in Algorithm 1, is the most burdensome part. Thus, fore, our technique uses branching bisimulation that pre-
to overcome the problem of computational complexity, serves state labels to the end. By our technique to include
abstraction technique preserving loops, calbeginching events for the state labels changes, we only abstract states
bisimulation with explicit divergenog=?) is presented. with the same label, which is a key point in our abstrac-
Here, the abstraction will be applied on the verifigs, tion. All the mentioned definitions are explained in the
i € Z. At this step, each state has the information of pre- following. From now on we can abstract based on events.
viously traversed transitions, thanks to the failure label
The next step is to find uncertain cyclesGh=||;cz G;. 5.1 Branching bisimulation
To convey the failure occurrence information to the whole  Here, we first describe the branching bisimulation and
system, state labels are considered in the model . In thisthen we add the definition for the branching bisimulation
section we encounter three different events; localents, with explicit divergence.
which are the replacements of local events between two
similar state labels, loca)/« events which are the replace- Definition 6 (Branching Bisimulation) [7] Let G =
ments of local events between two states with different la- (Q, X, —, Qo) be a finite automaton. A relatioR C
bels as illustrated in Fig. 4, and also shared events. Note@) x @ is called a branching bisimulatior] if it is
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Figure 4 The relabeling of transitions of verifiers during ab-
straction.

symmetric and satisfies the following transfer property: i
¢Rq andq %/, then eithela = 7 andp/Rg, or 3¢, p
such thaf = ¢ = p, andq’Rq andp'Rp. O

Figure 5 Branching bisimulation with

¢ 5.2 Synchronization
The important fact that BBED is preserved by synchro-
nization is shown in the following proposition.

We consideiG’ as the abstracted model when all pos- Proposition 1 (BBED Synchronization) Let

sibler transitions have been removed. This means@hat G
andG’ are branching bisimilar whef¥ ~ G’. We denote

= (Qiazia_naQO%APaLi)a T = 1,2 denotes

automata being bisimilar with explicit divergence and

!

by = reflexive-transitive binary closure and it indicates let Gi = (Qj, X}, =, Qp;, AP, L), i = 1,2 denotes

T .
Now, the goal is to remove as many as possitiiansi-
tions and the main algorithm for branching bisimulation is
[9], but since this algorithm only works on systems that do
not have cycles of silent events, here we use the distributed
minimization algorithms proposed in [2], where there are
signature-based algorithms. The algorithm works by suc-
cessively refining the trivial partition, according to ttee |

cal signature of the states with respect to the previous par-
tition. Since the does not assume the absenceayfcles,

we do not lose necessary information of the system. For 1

more information on the algorithm please see [2].

For diagnosability verification we check whether there
exist a loop over uncertain states or not. However, silent
loops disappear in branching bisimulation and we need to
keep these loops. For this reason we define another ver-
sion of branching bisimulation that preserves silent loops

Definition 7 (Branching Bisimulation with Explicit
Divergence)[7] ArelationR C @Q x @ is called a branch-
ing bisimulation with explicit divergence (BBED}{) if
it is a branching bisimulation and in addition satisfies the
following condition for all stateg, ¢:

If pRq and there is an infinite sequence of states

(pr)ren such thap = po, pr = pr+1 andprRyq, Vk € Q, 2.

then there exists an infinite sequence of stdtg3$,cq
such thatg = qo, ¢¢ = qes1, V0 € €, and pyRae,
vk, l € Q. O

Algorithmically every cycle is handled by adding a
dummy state div) to the model, which has a selfloop.
There are also ingoing transitions from states belonging to
loops, todiv. All newly added transitions are labeled with
7. Then, the algorithm for branching bisimulation [2], is
applied on the new model, as in Fig.9. In the edd,

and its corresponding transitions are removed and self- 3.

loops are added to all states connectedito

* these abstractions. L&; C @; x Q) be a BBED for
(G4, G5),i=1,2. Then, the relation

R ={({q1,22) (01, @) [(@1R1}) A (@2 Rags)}

is a BBED for (G || G2, G4 || Gb), i.e., G1~* G} and
Gy~ G, implies thatG |Gy ~¢

Proof:
(q1,q2) = (p1,p2) in Gy || G. The following three event
cases then need to be considered.

1 Ga

Assume that there is a transition

Fora € X,. Since G; is BBED there is
a pathg = ¢ —;p; in G;, and a transi-

a
tion ¢/ —}p, in G, where (¢/,q;) € R; and
(pi,pi) € R;.  Then, synchronization of
G1 and Go implies that if (qf,q5)R(q1,q2)
and  (qf,¢5) = (p1,Ph),  3q1,q2,p1,p2  Such

that (q1,2) = (q1,42) ~(p1,p2), Where
(q1,95)R(q1,92) and (p},p5)R(p1,p2).  Note
that from (g1, 32) to (q1,¢2) there aremn inter-
leavings betweenr transitions, wherem and n
are the number ofr transitions inG; and Go,
respectively.

Fora ¢ X, U {r}. In this case, there is an inter-
leaving behavior between local nentransitions,
i.e., u/c transitions. By symmetry, and sinc&;
is BBED, we may assume thagt, = ¢ —1p1,
and G, stays in its current state. SinegRiqi,

there exists a transitiaff — p} in G} with pi R1p;.
If (41, a5)R(a1,d2) and (g}, q5) = (pf,gh), then
dq1,p1 such that(qy, ¢2) = (q1,72) —(p1,¢2), and
(41, 92)R(q1, 3=2) and(py, g3) R(p1, 32)-

Fora = 7. By symmetry, we may assume that
is in Gy, and G4 stays in its current state. Argu-
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(©) G comparison to merely abstracting all modules once in the

beginning.
Figure 6 TheGj,i=1,...,3 of Example 1.
6.2 Diagnosability Verification of Compositional
State-labeled Branching Bisimilar Automata
ing in the same as in Case 2(if;, ¢5)R (g1, =) and The ultimate goal is to determine @ satisfies CTL
(¢, d5) = (P}, gb), then(ply, b)Y R(q1, 3a). expression 1, wheré' =|;cz G;. Each modules;, in-

cludesC or U state labels.
To conclude, for all three cases the synchronized system  Ajgorithm 2:

is BBED, |EG1HG2 ~d Gll || G/2 .
1. Vi € Z, follow the steps of 1 to 4 of Algorithm 1 and
6 Compositional Abstraction ¢
2. Based on events B, and¥}, find the BBED of each
In ordinary modular abstraction, each module is ab- G;, denoted as¢7;. There are two possible cases re-
stracted once, and all abstracted modules are synchro-  gardinga € ¥} as in the following.
nized. Compositional abstraction means that after each

synchronization of two modules, the abstraction is re- 2.1. ¢S p, £, # {,, replacea with ¢, and consider
peated. This implies normally a significant further state- the index of the automata as the label index as
space reduction as motivated below. in Fig. 4.
Q, .
6.1 General Compositional Approach 2.2. g p, bg = £p, replacen with 7.
A modular system consists 6f = Gy || --- || G- In

After replacinga € X} with the proper events, add
dummy stateliv with its corresponding transitions,
if there are cycles ir7;. Then, findG,. EachG), of
Example 1 is depicted in Fig. 6.

the compositional algorithm of [5], the modular systém

is abstracted step by step. Each autométeis replaced

by an abstracted versio;. Synchronous composition

is computed step by step, and each intermediate result is

abstracted again. ) 3. Take two abstracted automata; and G;- and find
Eventually, the procedure leads to a single automaton ~

G’, the abstract description of the original system. Once Gij = Gi || G}

G’ is found, the final step is to us® instead of the origi- . N y

nal system for diagnosability verification. 4. Identify local events ofy;; (a € ¥;') and make a
When abstracting an automat6, in an attempt to re- BBED of G;;, denoted a&:}; as in Step 2.

place it byGY, there will typically be some events used in R

G; which do not appear in any other componént j # i. 5. Synchronizé’; with the abstraction of the next au-

These are called local events and are denoted;aand tomaton;@jk = @7 | GY.

they are replaced by either(between similar state labels)

or ¢/u (transition between states with different labels, see 6. Continue Step 4 to 5, until all automata are synchro-
Fig. 4) in the abstraction. In other words, some events be- nized and only one automaton remains. Fig. 7 shows
long to a few modules, which after synchronization they the lastG. Then findG’ as in Fig. 9.

become local events for the rest of modules, although they ~

were not local from the beginning. In each iteration, more 7. TransformG’ from LTS to KS as in Fig. 10, and in-
events become local which leads to more abstraction in vestigate the CTL expression (2) on it.



Figure 8 The considered automata of Example 3.

Table 1 Comparison of the verification methods introduced

here and in [14] for the model depicted in Fig. 8.
[ [ verifier in [14] ][ verifier after abstraction]|

I
(N[ B [[ns [ me | ns] n |
[2[1] 44T 125 1 5 | 8 l
(2 ]2] 8] 277 ]| 5 | 8 |
(3 [ L] 252] 1672 ][ 5 | 8 ]
(3 [ 2| 616 | 4225 || 5 | 8 |

In Example 1, the infinite silent loops appears in the
final monolithic automaton, see Fig. 8, where we find its ->
BBED. Such infiniter-loops may appear in any step of
the algorithm, for which the same procedure applies.

C1
Example 2 The G’ of the three automata of Example 1, @ ( )

is depicted in Fig. 10. It has 3 states and 5 transitions and d d
is non-diagnosable due to a self-loop oter O " 5

The following example shows the efficiency of the di- ""
agnosability method introduced here in comparison to the (b) G’ before removingliv

method in [14].
Figure 9 (a) Shows adding dummy stafév to G of Example
Example 3 Assume that there af€ automata with, = 1 to find BBED. (b) Shows:’ before removingliv.
{01,002} andX? = {o1,0i3},i = 1,..., N as depicted
in Fig. 8. Table 1 shows the number of stateand tran-
sitionsn; of the verifier in [14] and the abstracted one in
Algorithm 2. O

6.3 Abstraction-based Diagnosability

Finally, the correctness of the proposed diagnosability
approach, Algorithm 2, is formulated in a theorem, say-
ing that a model is diagnosable iff a corresponding BBED
satisfies the CTL expression (1).

Theorem 2 (Diagnosability and~%) The composed );@\\

modelG=||;cz G; is diagnosable, ift7’ satisfies the CTL Tclul

expressiorAG AF(C'). <~ 5 )
Proof: According to [12],G is diagnosable ifG =||;cz @

G, satisfies the CTL expression (1). Then, sincg’ds e T

constructed incrementally combining BBED and synchro-

nization, and synchronization, according to Proposition 1 Figure 10 Evaluate the CTL expression (2), which is the same
is also BBED, we find that ~¢ G’. The CTL expression  as identifying if there are any silent loops on the uncertain states.
(1) is based on state labels, but according to [1], Chapter 7,

there is a strong bisimulation transforming between event

based and state based labeling. Combing this bisimulation

with BBED, and since BBED preserves CTL*-X, the tem-

poral logic expression (1) is satisfied fGriff it is satisfied

also forG'. O



7. Conclusion

This paper developed an efficient diagnosability verifi-
cation technique based on a general abstraction approach.

We exploited BBED, which preserves the main features [15

for diagnosability verification, i.e., divergence sensiti

ity keeps loops in the system and does not abstract them

away. Moreover, BBED is equivalent to CTL*-X, which

means that model checking can be used to verify the
abstracted model. As we showed, using compositional
abstraction for modular diagnosability verification adds [17]

more efficiency to the approach. It avoids state space ex-

plosion by offering a significant reduction in comparison
to the state-of-the-art techniques. Future work includes [18]
applying BBED and compositional abstraction technique
for diagnosability verification of realistic industrialzsi
systems.
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