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ABSTRACT Reliability modeling and deadlock control have become important issues in automated
manufacturing systems (AMSs) with reliable and unreliable resources. Therefore, this paper develops
a reliability modelling approach and deadlock control based on colored resource-oriented timed Petri
net (CROTPN) and neural networks to find crucial reliability measures in AMSs. In the first step, a CROTPN
with considering resource failures is developed to obtain “‘sufficient and necessary conditions” for the
CROTPN liveness. In the second step, a fault diagnosis and treatment approach is proposed that integrates
the obtained unreliable net with neural networks to ensure that the system is reliable. Furthermore, a neural
unreliable CROTPN is used to analyze the system reliability. A simulation is carried out to illustrate the
approach and compare the results to those found in the literature. The developed approach has been proved
to be simpler in structure and can solve the deadlock problem and model AMS reliability.

INDEX TERMS Failures, deadlock avoidance, reliability, neural network, colored Petri net, automated

manufacturing system.

NOTATIONS

y No. of fault treatment transitions in the Nyp.
MTTF  Mean time to failure. ¢ No. of inputs neuron pattern in the Nyp.
MTTR Mean time to repair. i The index of a place,i=1,2,...,m.
N A colored resource-oriented timed Petri net. j The index of a transition, j = 1,2, ..., 7.
Ngni A marked recovery subnet. l The index of part types, [ = 1,2, ..., m.
Ny an unreliable CROTPN. z The index of part paths, z=1,2, ..., &.
Nnp A neural Petri net model. r The index of PPCs, r = 1,2, ..., 0.
Nyu A neural unreliable CROTPN. ii The index of input neurons, ii = 1,2, ..., u.
PPCs  Production process circuits. Ji The index of output neurons,
n No. of transitions. Jj=12,...,a.
m No. of places. 1 The index of fault detection transitions,
b4 No. of part types. n=1,2,...,B.
&l No. of part paths. zz  The index of fault treatment transitions,
0 No. of PPCs. zz=1,2,...,y.
s No. of input neurons in the Nyp. rr The index of inputs neuron pattern,
o No. of output neurons in the Nyp. rr=1,2,...,¢.
B No. of fault detection transitions in the Nyp. Po  The single idle place.
The associate editor coordinating the review of this manuscript and Pr The .Smgle transportation resource.
approving it for publication was Jian Guo. Pxii - The input neuron of the Nyp.
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The output pattern of the Nyp.

The resource places set.

The transitions set.

The colors set of a place p.

The colors set of a transition 7.

The number of color types in a place p;.
The number of color types in a transition .
A color type ui in a place p;.

A color type v; in a transition .

The input function of N.

The output function of N.

The delay function, which adds a firing
delay D(t;) to each transition #;.

The capacity function, which adds the

maximum tokens number K (p;) to each place p;.

The initial marking function, which assigns
tokens to each place p; with color a;;.
The initial marking function of a marked
recovery subnet.

The function of an unreliable CROTPN
initial marking.

The function of a neural Petri net initial
marking.

The function of a neural unreliable
CROTPN initial marking.

A circuit in PPCs.

An interactive subnet in the CROTPN that
consisting of ¢ PPCs, ¢ > 0.

The places set in an e,.

The transitions set in an e,.

The reachable markings set of the CROTPN.
The reachable markings set of the controlled
CROTPN.

The tokens number in a place p;, which
enables #; in an e,.

The tokens number in a place p;, which
enables #; in an ej.

The enabled PPCs in an e¢.

The places set in an €.

The transitions set in an eg.

The input transitions set in an e,.

The output transitions set in an e,.

The input transitions set in an e¢.

The output transitions set in an ef.

The current spaces number in an e, .

The free spaces number in an e,..

The PPCs set in the CROTPN, where ¢; be
an input transition of these PPCs.

The transitions set in the CROTPN.

An unreliable resource in CROTPN.

The single recovery place.

The failure transition of a place p;.

The recovery transition of a place p;.

The fault detection transition in the neural
model.

tiz The fault treatment transition in the neural
model.

Crni The color that maps p; into colors.

Tk The failure transitions set of an unreliable
CROTPN.

Tr The recovery transitions set of an unreliable
CROTPN.

X The inputs neuron patterns set ¢ of the
neural model.

Y, The outputs set of patterns ¢ of the neural
model.

7y The input of fault detection neuron layers of

the neural model.
8 The number of elements in the input
learning pattern X, that are equal to 1.

Tuptime Up time of the neural unreliable CROTPN.

Taowntime Down time of the neural unreliable CROTPN.

Nigitures Total number of occurred failures in the
neural unreliable CROTPN.

TyrTF MTTF of the neural unreliable CROTPN.

TyTTR MTTR of the neural unreliable CROTPN.

As Auvailability of the neural unreliable

CROTPN.

I. INTRODUCTION

Deadlock control and reliability analysis are important
features in the development and management of AMSs. Some
operations in AMSs cannot be carried out due to deadlock
if resources are shared. Therefore, AMSs need to control
the deadlock. Furthermore, resource failures can lead to new
deadlocks. The system reliability is significantly affected
by failures, which in turn dictates the system’s efficiency.
To detect and treat failures and improve the reliability of the
AMS, it is important to design an approach in the AMS with
unreliable resources.

An effective mathematical modeling tool to control and
analyze deadlock [1], [2] and reliability [3]-[5] in AMSs is
Petri Nets (PNs). PNs are used to describe the dynamic behav-
iors of AMSs, such as sequencing, synchronization, concur-
rency, and conflict. In the literature, several approaches are
proposed based on Petri nets, which focus on the detection
and recovery of deadlocks, the prevention of deadlocks, and
the prevention of deadlocks [6], [7]. Most of these approaches
suppose resources are reliable [8]-[15], and others sup-
pose they are unreliable [16]-[27]. For designing deadlock
control approaches there are two analysis techniques in
PNs: the reachability graph [28]-[30] and the structural
analysis [1], [8]. Three criteria, including the computational
complexity [1], [31], structural complexity [1], [9], [32],
and behavioral permissiveness [6], [27], [33], are required to
develop the AMS supervisor.

Over the last several years, various techniques are devel-
oped on deadlock prevention and detection and treatment
of faults of unreliable resources in AMSs [18], [20], [25],
[34]-[38]. Neural networks are also used to detect and treat
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faults [39]-[46]. In addition, several quantitative analysis
techniques and tools are used for system reliability modeling
and analysis, such as the fault tree analysis (FTA), the HAZ-
ard and OPerability study (HAZOP), the reliability block
diagram (RBD), the Markov analysis, and the failure modes
effects and criticality analysis (FMECA).

It is well-known that several deadlock control and reli-
ability estimation methods have been proposed. However,
the disadvantage of these methods is that there are no methods
can propose an integrated approach to solve the deadlock
control and reliability estimation. Therefore, the aim of this
paper is to propose an approach for deadlock control and
reliability modeling based on CROTPN and neural networks
to find important reliability measures in AMSs, including
MTTEF, MTTR, and availability. First, a CROTPN [47]-[64]
with considering resource failures is developed to ensure
that the CROTPN is live. In the second step, an approach
is proposed for detection and treatment of faults, which
combines neural networks with the CROTPN to ensure that
the system is reliable. In addition, using neural unreliable
CROTPN, the system reliability are analyzed. The main
research contributions are listed below.

1. A new solution is designed for reliability modelling and
deadlock control of complex AMSs.

2. The proposed strategy represents a neural unreliable
CROTPN for detection and treatment of faults in AMSs.

3. A general simulation code for the proposed CROTPN
is designed with the GPenSIM Tool, which is used to
model, validate and performance comparisons.

The rest of this research is organized as follows.
In Section II, the CROTPN construction and its deadlock
avoidance policy are presented. The unreliable CROTPN and
neural networks integration are shown in Section III for faults
detection and treatment. The reliability model of a neural
unreliable CROTPN is illustrated in In Section I'V. Section V
illustrates the AMS example from the literature, which shows
the experimental results of the proposed approach. Section VI
shows the conclusions and future work of the research.

Il. DESIGN OF CROTPN AND ITS DEADLOCK
AVOIDANCE POLICY
The CROTPN is an extended version of Petri nets that con-
sisting of places (sketched by circles), transitions (sketched
by bars), arcs (connect places to transitions or transitions
to places), tokens (dots), and colors [53]. Each place
contains a colored token describing the modeled system state.
The formal definitions of the CROTPN and its deadlock
avoidance policy are presented in this section.

Definition 1: Let N is said to be a colored resource-
oriented timed Petri net (CROTPN) with N = (P, T, C, I, O,
D, K, M,) if

1. P={p,} U {pr} UPp, is a finite set of places, where
Pr = Uiem{pi};

2. T = Ujglt}, is a finite set of transitions such that
PNT =0Wand PUT # 0,
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3. C(p) and C(z) are the sets of colors associated with place
p € P and transition t € T. We let C(p;) = {ai1,
apnp,...,ay } and C(t;) = {bjl, bj2, . ijj } where
ui =|C(pp)| and v; = [C(#);

4. I(p, t): C(p)xC(t) — IN and O(p, t): C(p)xC(t) — IN,
where IN=1{0, 1,2, ...};

5. D: T —TS8, where TS > 0;

. K:P— IN;

7. M: P — N is a marking function, which assigns tokens
to the places. M = (M(p1), M(p2), ..., M ()" . M(p;)
represents the number of tokens in p;, regardless of their
color, while M (p;, a;j) represents the number of tokens in
pi that have the color a;;. The initial marking is denoted
by M,.

Definition 2: Let (N, M,) be a CROTPN with N = (P, T,
C I O D K M,) Foraplacep € P,°p={t:t € T and
O(p, t) > 0} is called the preset of p and p*®* = {¢: ¢t € T and
I(p, t) > 0} is called the postset of p. Similarly, #’s preset
*t={p € P:I(p,t) > 0} and postset t* = {p € P: O(p,
t) > 0}. This notation can be extended to a set of nodes as
follows: given aset S € PUT, the preset and postset of S are
respectively defined as *S = U?_¢a and §® = Ugesa®.

The transitional rules for enabling and firing can be
presented as below.

Definition 3: Let (N, M,) be a CROTPN. A transition ; is
called a process-resource-enabled if

M(p;, ain) = I(pi, t;)(ain, bjr), Vp; € P,Vp; €° t;,
aip € C(p)), b€ Ctpy (1)

@)}

and

K(pi) = M(pi, ain) + Opi, t) ain, bjr) —I1(pi, t)(ain, bjk),
VpieP, Vpiet?, ain€C(pi), bix € C(t)) 2

Definition 4: Let (N, M,) be a CROTPN. If the #; is enabled
at marking M, then it can fire and the marking transforms
from M to M’ (expressed by M| tj) M) as follows.

M (pi, ain) =M (pi, ain) + Opi, tj)(ain, bjx)—1(pi, 1))
(@in, bjx),  Vpi€P, ain€ C(p;), by € C(t))
(3)

The parts processing paths in a CROTPN are defined as the
following.

Definition 5: Let N = (P, T, C, I, O, D, K, M,,, PP) be a
CROTPN, where PP = { PPy, PP>, PP3,..., PP } represents
all processing paths of all part types . PR; is Rj, — R;1 —
Rp — ++oont — Ri; — Ry,. Ry, represents a load/unload
station of the CROTPN, and R;(! # 0) represents a resource.
The operation path begins at R, and ends at R,. If the part
shifts from R;; to R;», a transportation resource is needed to
move the part.

Due to the high connectivity of the CROTPN, it has several
circuits. A production process circuits are CROTPN special
circuits and play a critical role in the CROTPN’s liveness.
In production process circuits, there is no idle place p, and
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represented as PPCs = {e1, €3, ..., e, }. If a circuit e, moves
from a node a, via numerous nodes, then returns to the initial
node a, and no node is duplicated, it is called an elementary
circuit. When a circuit e, does not back to the starting node
a, then the circuit e, is called a nonelementary. In addition,
the places number in e, must be equal to the number of
transitions on e, such that |P(e,)| = |T (e,)|, and the transition
input places for e, (°t; € P(e,), pi € *t;) must be on e, .

When a transition # in e, is fired and the tokens depart e,,
the tokens in e, are said to be the departing tokens, and called
the cycling tokens if the tokens do not depart e, and can be
denoted as

M(er) = EM(pi, er), pi € Pler) “

A circuit e is called interactive if its places and transitions
are shared with at least another PPC and it is strongly
connected. If a transition # in ef (f; € (p* N T(ey)) and
pi € P(e))) is fired and the tokens depart ¢, the tokens in
e¢ are said to be the departing tokens, and called the cycling
tokens if the tokens do not depart e¢, can be denoted as

pi € P(ey) &)

A circuit e, has no free space in its places at marking M if

Di € P(ey) (6)

The control policy and necessary conditions of the
deadlock-free in a CROTPN are presented in the following
theorems.

Theorem 1: Let (N, M,) be a CROTPN. N is not live if

M,(p,) = K(e;). @)

Proof: See [52].

In Definition 3, when conditions 1 and 2 are achieved, a
transition #; is said to be a controlled transition. NV is said to be
a controlled net when it has at least one controlled transition.
If a circuit e, in the N is process-resource-enabled, then it
called enabled. If a transition #; € T'(e,) is live, then a circuit
e, is said to be a live transition. When a transition #; ¢ T(ec)
and t’ € P(ey), then ¢; is called an input transition of ef. If a
transition ti ¢ T(ef) and °f; € P(ey), then ¢ is said to be an
output transition of e¢.

The S(e,) and S’ (e,) in a circuit e, can be formulated as

S =Y, e, K ) = MpD) @®)
§'(er) = K(er) = M(ey) ©)

M(&) = SM(p;. &),

EM(p;) = XK(p) = K(e),

Theorem 2: Let (N, M,) be a CROTPN. A circuit ¢, is live
at any marking M € Ry (N, M,) if

S'(er) = 1. (10)

Proof: See [52].
‘Wu and Zhou [65] presented a deadlock-free control policy
(DFC-Policy) based on the given condition in Theorem 2
condition, which makes the model deadlock-free.
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A. DFC-POLICY [65]

At any reachable marking M, transitions in 7;(e,) and T (e;)

are controlled if the condition given in Theorem 2 is satisfied.
Theorem 3: Let (N, M,) be a CROTPN. A circuit e is live

at any marking M € Ry (N, M,) reachable from M, if

for any e,, S'(ex) > 1, (11)
and
niey, M) > 1 (12)

Proof: See [52].

Theorem 4: Let (N, M,) be a CROTPN. N is always live if

it has no the PPC.
Proof: See [52].

Places and transitions inside the interactive subnet el may
be shared. These shared places are connected together by
shared transitions, forming a shared direct place path (SDPP).
The first (last) place on the SDPP contains input (output)
transitions from several PPCs. These are referred to as
intercircuit input (output) transitions (II'Ts and 10Ts) [52].

Theorem 5: Let (N, M,) be a CROTPN. A circuit e is live
at marking M if the following conditions are satisfied

(a) any transition #; € Ty(ef) and any IIT in the subnet are
controlled;

(b) before a controlled transition ¢ fires,
S’ (er) >2,¢; € Ven(tj);

(c) the marking M is changed to M’ after # fires, such that
nes, M’y > 1.
Proof: See [52].

If the control law provided in Theorem 5 is implemented,
then firing any #; € Tj(e;) or IIT ensures that 3 is Theorem
achieved. As a result of Theorem 3, such firing ensures the
subnet’s liveness. Moreover, no other transitions can be used
to move tokens and spaces from or to a PPC in the subnet.
As aresult, the firing of other transitions has no effect on the
subnet’s liveness.

for any

Machine

E

--i
Ao Asae®
B o
Loading area Unloading area
Robot
()
Part : Loading —R» Machine |—R;-» Unloading
(b)

FIGURE 1. (a) AMS example [66] and (b) The path of operation.
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Algorithm 1 Modeling of the CROTPN

Algorithm 2 Policy of Deadlock Avoidance for a CROTPN

Input: PP;:=R;, > Ry > Rp — ------ — Ri; = Ry

and the operation duration D(#;;) to perform process R;;;.

Output: The CROTPN model;

Initialization: Design the common idle place p,, the com-

mon material handling resource p, and their initial marking

M,, ie., P = {po, pr}, M, = {Cpl, Cp2, .- Cpl, Ct1, C12,

¢3,...}and [ =0,and z=0;

1. foralll<l <mdo

2. foralll<z<g;do

3. Design a place py for Ry;—1), i.e., P := PU {p\};

4 Design a place py, which represents the machine that
will perform the operation Ry, i.e., P := P U {py};

5. Design a transition t,y; to perform the operation Ry,
ie, T :=TU {ty},D:=DUD(1),

6. Design the arcs (px, txy) and (txy, py), ie., F := FU
{(Px, txyl)’ (txyl’ Py)};

7. if tyy; needs p, to move part /, then
8. Design the arcs (py, tyy) and (tyy, pr), i.e.,
F:=FU {(p, txyl)s (txyls P}
9. end if
10. end for
11. end for

Consider the automated manufacturing system [66] pre-
sented in Figure 1(a) to show the steps of the CROTPN
construction by using Algorithms 1 and 2. The system oper-
ation path is illustrated in Figure 1(b). After implementing
Algorithm 1, Figure 2 illustrates the developed CROTPN.
In Figure 2, we have a place p; representing machine 1, one
transportation place p, representing robot 1 (R1). Transitions
014 and t104 respectively indicate the loading and unloading
part A to/from p;. The initial state of the CROTPN is designed
as M,(p,) = {cp1}, which represents that there is a raw part A
with color ¢y in the load/unload station p,, My(p,) = {cs1},
which represents the robot 1 with color ¢;1, and M,(p1) = 0,
which represents the state of machine 1. The operation path is
stated as: a raw part A is assigned to the p,, the robot 1 loads
a part to the machine 1 p; by a transition 914, then the robot
1 unloads the finished part by #1094 to the unload station pyg.
The CROTPN’s behavior shown in Figure 2 can be described
as follows. If #3;4 enabled, then it fires and chooses a token
¢p1 from p, and a token ¢;1 from p;. When #914 fired, it places
atoken ¢y to py and a token ¢, to p;. Finally, if #104 enabled,
then it fires and chooses a token ¢,1 from p; and a token ¢;;
from p;. When t04 fired, it places a token c,1 to p, and a
token ¢;1 to pr. Based on Algorithm 2, the CROTPN shown
in Figure 2 has no the PPC. Therefore, it is live.

Ill. DESIGN OF UNRELIABLE CROTPN BASED ON
NEURAL NETWORK

The failure of a resource is a temporal uncertainty problem
in automated manufacturing systems. When a resource
failure occurs, we attempt to design a recovery subnet that

125620

Input: The obtained CROTPN from Algorithm 1 and PPCs
={e1,er,...,e};

Output: The controlled CROTPN;

1. if there is the PPC then

2 foralll <r <6do

3 if the e, is not an interactive, then

4. forall0 <w < |R(N, M,)| do

5. p € P(er), K(er) = ZK(p, er);

6 p € Pler), My(er) = XMy, (p, e);
7 S’ (er) = K(ey)- My (e);

8 if S'(e;) >, then

9. The e, is live;
10. else if
11. The e, is not live;
12. Apply the DFC-Policy [65] to avoid the
deadlock
13. end for
14. else if /x the e, is an interactive */.
15. w=0;
16. Jorall0O <w < |R (N, M,)| do
17. p € Ple;), K(e;) = ZK(p, e;);
13. p € Pe;), My(er) = ZM,,(p, er);
19. S'(er) = K(e;) — Myy(ey);
20. if S'(e;) > 1 and (¢S, M,,) >, then
21. The e, is live;
22. else if
23. The e, is not live;
24. Apply the conditions in Theorem 5 to avoid
the deadlock;
25. end for
26. endif
27. end for
28. else if
29. The e, is live;
30. endif

can repair the failed resource. The resource can then be
reused. Additionally, early fault detection and treatment
are crucial for AMSs to operate efficiently, safely, and
reliably. Therefore, the formal definitions are introduced in
this section to develop a single recovery and detection and
treatment nets for all failures in an AMS based on neural
networks.

Definition 6: Let N be a CROTPN. Let Ngni = ({pi,
Dcombined }» (1 tri }, Frmi» cmi) be a single recovery net of
pi € Pr and Mgy, its initial markings, where F,,; = {(pi,
tﬁ)’ (tﬁ’ Dcombined )» (Pcombined tri), (tri» Pi)} MRryio(pi) > 0 and
MRrNio(Pcombinea) = 0. The integration of CROTPN with the
single recovery net leads to an unreliable net, denoted as (Ny,
My,) = (Nrni, Mgnio) || (N, M,), where || means the net
composition of (Ngni, Mrnio) and (N, M,).

In Definition 6, pcompinea 1S called a single recovery place
of all p; € Pg. Transitions #; and 7, indicate that an
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O PartA, ¢,

@ Robot 1, ¢y

Po

104

FIGURE 2. The CROTPN (N, My) of an AMS illustrated in Figure 1(a).

unreliable resource pi fails in p; and recovers using pcompined »
respectively. If an unreliable resource fails in p;, the token
in p; moves into peompined by firing t5, which indicates that a
resource failure happens; when the failed resource is repaired,
the token in pcompines Mmoves into p; by firing #,;, indicating
that a resource recovery is complete.

Definition 7: Let (Ny, My,) be an unreliable CROTPN
with Ny = (Py, Ty, Cy, Iy, Oy, Dy, Ky, My,) if

1. Py = PU {pcombined };

2. TU = T U TF U TR, where TF =
Tr = Ujenp{t;i}, and NP = {ilp; € Pr};

3. Cy = CUCF, where Cr = Ujenp{Crni/;

4. Iy(pi, t): Cypi)x Cy) — IN and Oy(pi, t):
Cy(pi)x Cy(t)) — IN;

5. Dy: Ty —TS;

6. Ky: Py —IN;

7. MUU: PU — IN.

Uienp {7/,

Assume that the unreliable resource in the net presented
in Figure 2 is pl. Adding recovery subnet for pl by
Definition 6 results in an unreliable CROTPN (Ny, My,)
presented in Figure 3, where NP = {1}, Tr = {71/, and
Tr = {t,1}, and Cr = {cy1 /). If the machine 1 fails in
p1, then a transition #71 enables and fires. If a transition #r;
fired, then it takes a token from p; and places a token ¢
t0 Peombined- If the MTTR on machine 1 is elapsed, then a
transition t,; enables and fires. If a transition ¢, fired, then
it takes a token c¢;,1 from pcompinea and places a token to
p1. Thus, the recovery maintenance on machine 1 is finished
successfully.

Neural networks have been increasingly popular in recent
years because they can learn complicated functions. Large
numbers of simple and highly connected processors that
comprise parallel and distributed processing systems can be
described as neural networks. Using these networks, complex
mapping such as identifying faults may be performed offline
and can then be used successfully in the online environment.
The following definitions provide the basis of the unreliable
CROTPN model, which is based on neural networks for fault
diagnosis and treatment.
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O Part A, ¢,

@ Robot 1, ¢y

P combined

Crnl > ( ) Crnl

FIGURE 3. The unreliable CROTPN (Ny, My,) of an AMS presented
in Figure 2.

t L

Definition 8: Let Nyp be a neural model with Nyp = (Pyp,
Tnp, Fnps Xirs Yir, Whp, Mpo) if

L. Pyp = Ujicp Apxiit Y (Ujjea {Pyji D3
Tnp = Unep{tan) Y (Uzey {tiz2))s
Fn € (Pnp X Tnp)U (Tnp X Prp);
Xrr = Uiieu (xj] J, where each x;; is assigned to the py;;
Yy = Ujjeal y;j’ }, where each yj; is assigned to the p,;;;
Wnp —1[0,1] represents the synaptic weight matrix
of the neural network from p,;; to tgy, and can be
represented as

SN

wir Wiz - wig
w2l W - Wog

Wip = ) . . . (13)
Wul Wu2 - Wug

where the constraint condition is:

B u
Do win =1 (14)
l1=1ii=1
7. Myp, : Pyp — IN.
The main difference between traditional neural networks
and neural Petri nets (NPNs) is that in neural Petri nets,
the Petri layer and transition layer indicate the configuration
of the NPNs model of failure diagnosis and treatment. The
Petri layer’s input x/ (actual devices failures) represents
the NPNs’ input, and the output of each node in this layer
represents tokens with acquisition systems that collect signals
from input sensors and a connectivity matrix Wyp.
Definition 9: Let (Nyp, Myp,) be a neural model. If a
transition ty4y is fired, then the Zj; can be formulated as:

"
Zy=Yy winxf (r=12....¢andll=12...,p)
ii

(15)

The transition layer’s input is the Petri layer’s output,
which is connected to the neural network’s middle layer.
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FIGURE 4. The neural unreliable CROTPN (Nyy, Myy,) of an AMS
presented in Figure 3.

This layer is designed to create tokens in accordance with the
following competition laws:

Definition 10: Let (Nyp, Myp,) be a neural model. If the
value of Zj; is the largest relative to the values of the other
inputs, it is called the winner and its output value yj; is
indicated as 1; and the other yj;; output values are indicated
as 0, expressed by

[yu: 1Zy>Zi(llandi=1,2,...,8;i%1)
yi=00G#I)

To ensure accurate online estimation of NPNs, we formu-
late an update law based on the synaptic weight of the winner
neuron w;; ;; as follows:

Definition 11: Let (Nyp, Myp,) be a neural model. The
winner neuron’s w;y € Wyp synaptic weight can be
expressed as

(16)

(i=1,2...,pandll =1,

Wil = Wiil + Wiil > 8) an
xIr (rr=1,2...,¢,ii=1,2...
Aw,,zl—)»< s Wull) wandll =1,2...,8)
(18)

where A —[0,1] represents a learning rate.

Definition 12: Let (Ny, My,) and (Nyp, Myp,) respectively
be an unreliable CROTPN and a neural Petri net. The
integration of (Ny, My,) and (Nyp, Myp,) leads to a neural
unreliable CROTPN (Nyy, Mnuo) with Nyy = (Pyu, Tvu,
Cnu, Inu, Onu, Dyus Knus Xirs Yirs Wi, Muo), were

1. PNU = PU UPNP;

2. Tyy =Ty UTyp;

3. Cyvu = Cy;

4. Inu(p, 1): Cnu(p)x Chu(t) — IN, Ony(p, t): Chu(p) X

Cyy(t) — IN;
5. DNL/I TNU —>TS;
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6. Kyy: Pny —IN;

7. Myyo: Pny — IN.

Finally, to show how to detect and treat faults, consider
the unreliable net illustrated in Figure 3. Different faults
types are recognized by Algorithm 3 according to certain
criteria. The neural unreliable net is illustrated in Figure 4.
Figure 4 contains three input continuous factors: x1, x2, and
x3 and a single output y;. The output variable is defined as

1. fault type 1 — [1 0 0];
2. fault type 2 — [0 1 0];
3. faulttype 3 — [0 0 1].

The treatments include ¢, t;, or t;3. Note that in the
Section V, the behavior of neural networks will be presented
in details for diagnosis and treatment of faults.

Algorithm 3 shows the construction of the neural unreliable
CROTPN.

Algorithm 3 The Construction of the Neural Unreliable
CROTPN
Input: The obtained controlled CROTPN from Algo-
rithm 2, w;; j; —[0,1], X, and ¢ (target weight);
Output: A neural unreliable CROTPN and fault type Y;;
Initialization: Design the common recovery place
Pcombined
1. foralll <i <|Pg|do
2. Design the transitions 5 and #,;;
3. Design the arcs and weights (p;, t7), (i, Pcombined )
(Pcombined> tri)> and (&4, p;);
4. Define a color ¢,y for t5;
5. end for
6. foralll <i<|Tr|do
7
8

if ty; fires then

while Wiijj < Iﬂ do
foralll <rr<<¢do
10. foralll <ii < udo
11. Joralll <jj< Bdo

el

12. Calculate the Zj;

13. Calculate the winner yj;

14. Update the winner neuron weight w;; j;
15. end for

16. end for

17.  end for

18. end while

19. end if

20. end for

IV. DESIGN THE RELIABILITY MODEL OF NEURAL
UNRELIABLE CROTPN

The developed neural unreliable net are improved to predict
the reliability parameters of an AMS. Note that we inte-
grated the neural unreliable net with the reliability modeling
approach presented in [3] to predict the reliability parameters
of the system. The failure and recovery transitions #5; and #,; of
the neural unreliable CROTPN presented in Definition 12 are
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FIGURE 5. Reliability model for the model presented in Figure 4.

respectively connected to two places pgown and pup {( pup,
t5), (tfis Pdown)s (Pdown» tri)s (tri» Pup)), and initial marking
MgNio(Pup) = 1 and Mgyio(Pdown) = 0, which describe the
down and up state of the system, as shown in Figure 5. If a
failure transition #; is fired, one token is withdrawn from the
on condition place p,, and one token is placed in the off
condition place pgoy,- For the repair event, the PN behaviour
is symmetric.

The system’s on time and downtime may therefore easily
be calculated by inserting a time counter represented by a test
arc, two transitions fgowntime and typrime With the deterministic
time delay, and two places paownsime and puprime With arcs
I/( Pup tuptime)’ (tuptime’ puplime)r (pdowna tdowntime)r (tduwntime,
Pdowntime)}» and initial marking Mgyio(Puprime) = 0 and
MRrNio(Pdowntime) = 0, which gather tokens from transitions
tdowntime and typrime to represent the time units, as illustrated
in Figure 5.

Furthermore, a place pimres is added to the net to
estimate the number of occurred failures Nyjjres. Each failure
transition #5; is connected to a place piiures(tfi, Pfaitures)
where a token is sent in case of failure, as illustrated
in Figure 5. Finally, the reliability parameters can be obtained
as follows:

Tyrrr = Tuplime/Nfailures (19)
Tyrrr = Tdowntime /Nfailures (20)
As = Tuptime / (Tuptime+ Tiowntime) 2n
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FIGURE 6. (a) Automated manufacturing system in [66], [67] and (b) the
operation path.

V. EXPERIMENTAL RESULTS

This section considers an AMS example from the liter-
ature [66], [67] to show the experimental results of the
developed approach. The system and its operation path
are respectively shown in Figure 6 (a) and (b). After
implementing Algorithm 1, Figure 7 illustrates the developed
CROTPN and we have places p1, p2, and p3 representing
respectively machines 1, 2, and 3, one transportation place
pr representing robot 1 (R1) and robot 1 (R1) that used for
loading/unloading parts A and B to/from machines, and the
operation paths are

1. For part A: a raw part A is assigned to the p,, the robot
1 loads a part to the machine 1 p; by a transition g4,
then the robot 1 unloads the part from machine 1 and
loads it to the machine 2 p; by a transition by #124, then
the robot 1 unloads the finished part by 204 to the unload
station pg.

2. For part B: a raw part B is assigned to the p,, the robot
2 loads a part to the machine 1 p; by a transition #g;p,
then the robot 2 unloads the part from machine 1 p; and
loads it to the inspection machine 3 p3 by a transition by
113B, if the part has no defects, then the robot 2 places the
finished part by #30p to the unload station pg, otherwise
the part returns to the machine 1 py by #31p, then to #1335,
P3, 1308, and po.

The initial marking of the CROTPN model is designed as
My(po, pr» P15 P2, P3) = Mo({cp1, cp2}.{cr1, c2}, 0, 0, 0),
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O Part A, Cpl
O PartB, ¢,

124

FIGURE 7. Th CROTPN (N, ;) of an AMS illustrated in Figure 6(a).

where c,1, ¢p2, ¢;1, and ¢, represent part A, part B, R1 and
R2 in the system.

Based on Algorithm 2, the CROTPN shown in Figure 2 has
one PPC: e; = {p1, 1138, P3, 1318} Figure 8 illustrates the
CROTPN reachability graph. The available spaces in e is
computed as stated in Table 1 according to Theorem 2.
Table 1 shows that the condition in Theorem 2 has been met.
Thus, the deadlock can be avoided and the CROTPN is live.

TABLE 1. The current spaces in production process circuit e; of the
CROTPN presented in Figure 7.

Marking (M,,) K(e)) M(e,)- S'(e;)

0 2 0 2
1 2 1 1
2 2 1 1
3 2 0 2
4 2 1 1

4@7

to14 toip

1204 f f ts08

124 38 113

5 15

FIGURE 8. The R; (N, Mo) of the CROTPN presented in Figure 7.

M;= (po, p1, P2 P35 P Pr)
My=({cpicp0t. 0,0, 0, {cycnt)
M= (cps cp1, 0, 0, {cciz})
M= (cpi, cp2, 0, 0, {cucit)
M;s=(cp2, 0, ¢y, 0, {cucia})
M= (Cph 0,0, Cp2r {eucit)

Reconsider the developed CROTPN presented
in Figure 7 to show the steps of the Algorithm 3 showing
the (Nyu, Myy,) construction. First, the unreliable net (Ny,
My,) is developed as illustrated in Figure 9. In Figure 9,
we have

1. three machines,

NP = {1, 2, 3};
2. the failure transitions #r1, #2, and #3;
3. the recovery transitions ?,1, 2, and #,3;
4. the failure colors c¢;y1, ¢/n2, and ¢;y3.

which are p;, p2, and p;3,
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FIGURE 9. The unreliable CROTPN (Ny, My,) of an AMS illustrated
in Figure 6.

Second, we design the neural model for fault detection and
treatment. Two phases are involved in the use of neural
networks: training and testing. The relationship between
inputs and output of the model is determined during the
training phase. Then, by using the test dataset, the neural
networks are tested. Finally, the neural networks are capable
of diagnosing faults under a variety of operational settings.

Using the unreliable net (Ny, My, ) presented in Figure 9,
the data we need are calculated. The data contains five
input continuous factors [46], [67]: x| (the accelerometer) that
measures mechanical vibrations, x»(the current sensor) that
measures variations in the current consumption of the electric
motor, x3(the strain gages), which measures tool torsion,
x4(the coolant sensor), which measures the coolant level, and
xs (the acoustic emission sensor), which measures acoustic
stress wave effects for the diagnosis of a tool break. The single
output is defined as: y;(the tool wearing failure), y,(the tool
breaking failure), y3(the coolant failure), y4(the programming
errors). The output variable of this model is defined as
[1 0 0 O] for the tool wearing failure, [0 1 O O] for the
tool breaking failure, [0 O 1 O] for the coolant failure, and
[0 0 0 1] for the programming errors. The collected datasets
have 2250 patterns, which include respectively 1575, 450,
and 225 training, test, and validation patterns. The GPenSIM
tool [1, 68] is applied to construct the developed model
presented in Figure 10. In addition, the training, test, and
validation datasets respectively provide the feature vector,
the fault estimation, and break iteration when the maximum
generalization capacity is achieved.

Signals from these sensors are obtained by acquisition
systems, identifying that machine tools are abnormal or
normal. The machine tool produces random and uniform
peaks. Signals showing peaks of the same wavelength mean
that tool wear or machining parameters are incorrectly
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FIGURE 10. The neural unreliable CROTPN (Nyy, Myy,) and reliability
model of an AMS presented in Figure 9.

TABLE 2. Maintenance data (min) of machines for the system presented
in Figure 10.

MTTR System state
Machine MTTF during
i to 13 failure
Machine 1 300 20 30 15 Off
Machine 2 400 22 32 15 Off
Machine 3 450 25 36 15 Off

programmed. Random peaks show that the tool is highly
broken [46], [67]. Finally, insufficient coolant causes coolant
failure. The suggested treatments contain changing the
parameter (#;1) to solve a tool wearing and programming
error failures, changing the tool (#;) to solve a tool break
failure, or changing the coolant (#3) to solve a coolant failure.
Many training trials are conducted to determine the best
network parameters, which will lead to minimum errors in
training. Furthermore, several training tests are carried out
using various hidden neurons. Therefore, 12 layers of hidden
neural networks are employed. The mean square error of a
neural unreliable CROTPN model with a learning rate of
0.00001 at 61 iterations is 0.273 and results in an accurate
95% model.

Finally, verification and validation of Algorithms 3 are
performed using the GPenSIM tool [1], [2], [38], [66], [68].
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TABLE 3. Comparison of algorithm 3 with current approaches for the
system presented in Figure 10.

Performance }[{3%% E‘%f] Algorithm 3
Throughput (parts) 75 76 81

Throughput time (min/part) 8.00 7.89 7.40
Machine 1 (%) | 538> | 5521 55.22
Machine 2 (%) | 2363 | 2375 24.81
Utilization | M2chine3 (%) | 5333 | 2455 24.89
Robot 1.(%) | 4586 | 4833 50.57
Robot2(%) | 3915 | 39.58 4376

TABLE 4. Reliability parameters for the system presented in Figure 10.

Parameter Value
Niaitures 4
Tuptime (min) 533
Taowntime (min) 67
As (%) 88.83
90
80
70
60
50
40
30
20
AT AT AT
, Al B |
Ref. [38] Ref. [46] Algorithm 3
= Throughput = Throughput time

Utilization machine 1 = Utilization machine 2

m Utilization machine 3 m Utilization robot 1

m Utilization robot 2

FIGURE 11. Performance of algorithm 3 compared with the current
approaches.

R. Davidrajuh [68] developed the GPenSIM tool, which
runs in MATLAB software. The GPenSIM application
has been created to model, control, simulate, and analyze
discrete event systems. GPenSIM integrates Petri net models
with other MATLAB toolboxes such as neural networks,
control systems and Fuzzy logic. The proposed code of the
Algorithms 3 is implemented on MATLAB R2015a. The
simulation is performed for 600 min. Maintenance data of
machines for the system presented in Figure 10 are presented
in Table 2. In addition, Table 3 displays the output of the
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GPenSIM tool, including the total throughput (the number
of units goes through the simulation time), throughput
time (simulation time/total throughput), and utilization of
resources ((total occupation time of resource/simulation
time)*100). The results of these experiments are compared
with those in [38], [46], as shown in Figure 11. The results
indicate that Algorithm 3 outperforms the other techniques
in terms of throughput, throughput time, and utilization.
In addition, the reliability parameters of the system: up time,
down time, total number of occurred failures, and availability
are presented in Table 4. It observed that the availability of the
system is 88.83%.

VI. CONCLUSION

This paper develops a method for deadlock control and
reliability modeling based on CROTPN and neural networks
to obtain important reliability measures in AMSs, including
MTTEF, MTTR, and availability. First, an unreliable CROTPN
is proposed to obtain “sufficient and necessary conditions”
for the CROTPN liveness. Secondly, a fault diagnosis and
treatment approach is proposed that integrates the obtained
unreliable net with neural networks to ensure that the system
is reliable. Furthermore, a neural unreliable CROTPN is used
to analyze the system reliability. A simulation is carried out
to show the developed approach and the simulation results are
compared with the current methods.

The advantages of the developed methodology are (1) the
neural unreliable net has been proved to be simpler in
structure and efficient of overcoming the deadlock issue
and modeling AMS reliability as compared with the studies
in [38], [46], [67], (2) it can integrate the neural networks and
reliability model with CROTPN, (3) an integrated approach is
utilized in an AMS to insure that no deadlock happens, faults
are diagnosed and treated, and the reliability of the system is
evaluated.

The limitation of this study includes that the model is
proposed using discrete types of data. Thus, future research
will focus on developing the proposed approach for designing
CROTPN using continuous types of data.
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