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Abstract

This article extends previous work on co-optimization of production and corrective and
preventive maintenance including lockout/tagout. We study the impact of human error on
repairable manufacturing systems subject to random failure over an infinite planning
horizon and its implications for system capacity and inventory policies, and we derive an
optimal policy for minimizing production cost based on machinery maintenance and
inventory management while meeting market demand over an infinite horizon. A
numerical example is provided to demonstrate the usefulness of the proposed approach

and a sensitivity analysis is presented to confirm the efficiency of the control policy.

Keywords: human error, lockout/tagout, corrective maintenance, preventive

maintenance, production control



1. Introduction

Production planning has become an important area of operations management over the
past three decades[1]. This is due in large part to its ever-increasing importance in
today’s highly competitive business environments. Production planning and control
involves solving challenging optimization problems that combine strategic and
operational decisions regarding production, corrective and preventive maintenance, and
stock levels[2]. Such optimization is particularly relevant in manufacturing environments
made uncertain by a variety of stochastic factors such as operational activities,
maintenance, injury, raw materials and demand. Implicit in optimal planning is protection
of employees against the risk of injury associated with activities such as operations and
maintenance. One of the procedures developed to make servicing and repair of machinery
safer is lockout/tagout or LOTO. For a variety of reasons, compliance with this procedure
remains poor in some manufacturing businesses, where it may be regarded as non-
productive. Despite the extensive literature on flexible manufacturing systems(FMS),
only a few studies have addressed the integration of LOTO into production control in
stochastic environments. Although considering this integration into a manufacturing
system makes the study more realistic, it complicates the optimal control problem.
Incorporating accident prevention techniques such as LOTO into equipment servicing

and repair has been proven to increase occupational safety significantly [3].

The economic importance of responding quickly to customer requirements has fuelled
interest in production optimization. In uncertain environments, optimization is effective
only if it reduces the total cost of production while increasing occupational safety[3].
Some authors attach more importance to techno-economic aspects, that is, controlling
parameters that determine production and the frequency of maintenance to meet demand
more reliably [4,5,6,7], while others focus on occupational health and safety, that is,
preventing accidents and work-related illness by eliminating or controlling hazards [8].
To estimate the impact of maintenance on occupational risks in Quebec, the Institut de
Recherche Robert Sauvé en Santé et Sécurité du Travail (IRSST) has studied fatal
accidents in the province between 1999 and 2003 [9] using data available at the
Commission de la Santé et de la Securité du Travail (CSST). According to this report,

1275 deaths resulted from workplace accidents during this period, of which 163 (13%)
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occurred during maintenance activities such as machine upgrading, testing,
troubleshooting, inspection, modification, repair and monitoring. This study made it clear
that a significant proportion of workplace fatalities in manufacturing settings was
associated with maintenance activities, which highlights the importance of applying

LOTO and hence of considering it in planning models.

Several methods have been used to determine optimal control policies for FMS control
problems. These include the Kushner algorithm [10], artificial intelligence based on
genetic algorithms [11], heuristics [12] and simulation [13]. Rishel [14] has identified the
sufficient and necessary conditions for optimizing a finite-state Markov process using
dynamic programming. Older and Suri [15] have extended Rishel’s formalism by
presenting FMS production planning optimality as a problem of stochastic control subject
to random failure. They obtained dynamic programming equations of optimal control,
while the differential equations remained unsolved due to their complexity. Kimemia and
Gershwin[16] modelled stochastic manufacturing systems using homogeneous Markov
processes with a constant transition rate. They determined production policies in which
inventory and order backlog costs are minimized based on the rate of production by the
machines. Akella and Kumar [17] used homogeneous Markov chains to model a
manufacturing system consisting of one machine producing one part type, and Hamilton-
Jacobi-Bellman (HJB) equations to determine an optimal control policy, namely the
Hedging Point Policy (HPP). In the case of complex manufacturing systems, no
analytical solution to HIB equations is currently possible. To find the optimal solution to
the stochastic control optimization problem, Yan and Zhang [18] used a numerical
method based on the Kushner approach [10] to manufacturing systems producing several
parts. Addressing realistic manufacturing systems, Kenné and Nkeungoue [19] modeled
machine failure and repair using non-homogenous Markov processes, showing that
machine failure probability increases with machinery age. While several studies have
provided adequate descriptions of the theoretical basis of control system optimization, the
impact of human error (e.g. carelessness, forgetfulness, inattentive or reckless behaviour)
on production costs in manufacturing settings needs closer examination. Human error and
its frequency during maintenance activities depend significantly on the machinery under

repair and, in principal, on the type of industrial sector. Occupational safety researchers
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have confirmed in several studies the importance of controlling accident and incident
factors during maintenance activities [3,13]. This raises two important research questions:
1) How can human safety policies in manufacturing environments be improved?2) What

is the impact of human error during maintenance activities on production costs?

One possible answer to the first question is rigorous application of LOTO procedures,
which consist of locking a machine with a padlock after discharging all residual energy
sources (electrical, hydraulic, etc.). LOTO prevents premature starting of equipment
during a maintenance intervention. It is unfortunate that some companies allow their
employees to bypass LOTO procedures during equipment maintenance. This alone
explains much of the greater number of accidents that these companies experience[20]. In
answer to the second question, Emami-Mehrgani et al. [13,21] have studied two
analytical models combining production, LOTO and corrective maintenance policies in a
passive redundancy system. They examined a manufacturing system consisting of two
non-identical machines with passive redundancy and a system consisting of three non-
identical machines (a third in series with the previous two), producing one part type.
They illustrate that passive redundancy optimizes production and maintenance costs
while increasing occupational safety. In many manufacturing scenarios, human
participation is a critical element affecting system performance and reliability. Ferguson
et al. [22] and Mason and Rushworth [23] have shown that human error decreases safety
and can cause damage to machinery or reduce machine reliability. Njike et al. [24] have
demonstrated that the frequency of machine failure is related not only to machine age but
also to machine operator performance. The second question nevertheless remains a
production control and operations management issue. In this article, we address this issue
in a way that is more relevant to a repairable manufacturing system. We consider a
system consisting of one machine producing one part type with random failure. We
develop a non-homogeneous Markov process in which human error during maintenance
activities including LOTO is integrated over an infinite horizon. The control optimization
problem consists of determining policies that justify maintenance activities including
LOTO and optimize production rate given the changing states of a machine over an
infinite horizon. We formulate our system as a stochastic dynamic programming

problem. Obtaining the optimal solution analytically remains a challenge for this type of
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problem. We illustrate the corresponding optimality conditions using a set of HJIB
equations, which are difficult-to-solve non-linear partial differential equations. We

further provide some numerical examples to obtain a solution to the problem.

This article is organized as follows: Section 2 presents the notations and assumptions.
Section 3 describes the research problem. Section 4 provides a numerical example and
sensitivity analysis. In section 5,a discussion of the results obtained using our approach is

provided. Our conclusions are presented in Section 6.

2. Assumptions and notations
2.1. Assumptions
The following assumptions apply throughout this article:

1. ALL maintenance, corrective or preventive, is carried out with LOTO.

2. Corrective and preventive maintenance may be carried out with or without human
error.

3. Mean corrective and preventive maintenance time without human error is shorter than
mean corrective and preventive maintenance time with human error.

4. Mean preventive maintenance time is shorter than mean corrective maintenance time.

5. After each corrective or preventive maintenance activity, machine performance is
restored to the level of the brand new machine.

6. Frequency of machine failure is a continuous function of machine age. It remains

undisturbed by corrective or preventive maintenance.
2.2. Notations

Throughout this article, the following notations are used:

X: inventory level

d: demand

@ . machine state or mode
a. machine age

P discount



mp *°

tagout *

max .

Q():

Qs

min .
Ky -

max .
Koy -

min .
kmn

max -
ke

min .
ki -

total cost

set of admissible decisions applicable to mode «

. systemmodea € A

set of machine states or modes
manufactured unit holding cost per unit of time

order backlog unit cost per unit of time

corrective maintenance cost

preventive maintenance cost

: LOTO cost

maintenance cost

maximal production rate

transition matrix

. rate of mode transition froma to S

frequency of corrective maintenance without human error

minimal frequency of corrective maintenance without human error
maximal frequency of corrective maintenance without human error
frequency of corrective maintenance with human error

minimal frequency of corrective maintenance with human error
maximal frequency of corrective maintenance with human error
frequency of preventive maintenance without human error

minimal frequency of preventive maintenance without human error



k3> : maximal frequency of preventive maintenance without human error
Kys:  frequency of preventive maintenance with human error

ka™ : minimal frequency of preventive maintenance with human error
k> : maximal frequency of preventive maintenance with human error

h, :  increment of the finite difference interval of variable x

h,: increment of the finite difference interval of variable a

v, (-): value function given a small increment in the direction of x

V,(-): value function given a small increment in the direction of a

V() : approximation of the value function given a small increment in the direction of
xanda

3. Problem statement

The system under study consists of one machine producing one part type. The machine is
subject to random breakdown and repair, is either operational or shutdown, and shall be
considered as a production unit installed in a facility that manufactures and stocks the
part. LOTO is applied during all maintenance activities, meaning that the machine is
always locked for corrective and preventive maintenance and unlocked thereafter. Three
situations thus arise: the machine is operational; the machine is under repair (corrective
maintenance); the machine is being serviced (preventive maintenance). The effect of
human error during maintenance activities is modelled (corrective and preventive
maintenance with human error), meaning that an improperly conducted maintenance
activity leading to repeating the activity before resuming production is counted. We
describe the machine capacity using a finite-state Markov chain. Based on the above

description of the system, the machine has five states: &(t)=1 if the machine is
operational, £(t)=2 if the machine is in corrective maintenance without human

error, £(t) = 3if the machine is in preventive maintenance without human error, £(t) =4 if



the machine is in corrective maintenance with human error, and £(t) =5 if the machine
is in preventive maintenance with human error.

The manufacturing system dynamics are hybrid and consist of a discrete element &(t) that
describes machine state and a continuous element x(t) that represents inventory level. The
difference between cumulative production and demand, x(-) ,can be positive if inventory
costs c* have been considered, or negative if backlog costs ¢~ have been considered. The

dynamics are described as follows:

dx
Ezu(-)—d, x(0) = x,
da
gt = f()), a()=a,

a(T)=0 @
whereu(-), d, x,a, and T are respectively production rate, demand, initial surplus,

initial machine age, and most recent machine restart time, and f (u(-)) is machine aging

expressed as an increasing function of production rate.

The discrete part of the hybrid state &(t) of the manufacturing system is a time-
continuous Markov process taking a value in A= {1, 2,3,4,5} where A presents the set of

machine states or modes.

Qs Qa

Figure 1. State transition diagram

Figure 1 depicts the Markov states of this manufacturing system. The machine is either

operational or in maintenance, which may be corrective (repair) or preventive (servicing).



Human error is defined as an improper procedure that increases the mean maintenance
time [25]. This corresponds to jumps from states 2 to 4or 3 to 5, meaning that if the
procedure is improper at state 2 or 3, it is repeated to complete the maintenance, thus

lengthening the maintenance time.

The transition rate matrix Q of the stochastic processes £(t) is defined such that it

satisfies the following conditions:

Q() ={a,,()},withq,, >0if o = B (2)
qa,,() = —Zﬂm oy O where &, f € A. 3)
The transition probabilities associated with the transition rate g, are given as:

9,500t00(0)  if azp,

p[f(t+5t)=ﬁ‘f(t)=a}: 10, 5()0t40(0Y) if a=p. X

With limy,_,(o(ot)/ot) =0 Ve, f € A.lt should be noted that o(st) describes the noise

or perturbation that may occur at each transition. In the Markov process, we

consider lim,,_,(o(ot)/ot) =0 in order to eliminate this perturbation.
The transition rate matrix Q is given as follows:

Gy G, ks 0 O |
Ky Gy 0 Gy O
Qlkig Ky kas Kg) =10y 0 Gy 0 Ky |, ®)
ko 0 0 a4 O
s 0 0 0 Qg

We now define the set of admissible decisions and control policies (control variables) at

mode «(t) as in equation (6).

o) = (u(-),k13(~),k21(~),k35(-),k41(-))eRS, OSHU(')”wSUmaX’ kln;in(')Skm(')Skln;ax(‘):
k3" () ka0 <K 0) K" <k () K0, K70 <K <K
The cost function J(-) given by equation (7) is minimized through the control problem,

(6)

of which the solution is an admissible control law B(-) = (U, k;;,K,;, Ky, K,,) -
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00
3@ ket ke ky ki k) =E (j)e_ptg(a,x,a,u,kB,k21,k35,k41)dt‘x(0):x, £(0)=a, a(0)=a, 0

Where E {D} is the expected value function for determining the expected production cost
based on the instantaneous cost over an infinite planning horizon. It should be noted that
the instantaneous cost varies at each time lapse. In equation (7), p is discount rate
and g(a, x,a,) =h()+w() =c*x" +c x +c“is the instantaneous cost. Hence, we have
h()=c*x" +c x andw(-) =c“ .In the instantaneous cost equation, ¢*, ¢ and c” are
respectively the inventory and order backlog costs per unit, and maintenance cost.

X" =max(0,x), X" =max(-x,0)
and

C% = (C; + Cgou) INd {x = 2} + (Cy + Cragou) INd {x =3}
+B(C; + Cagou) IN {0-’ = 4} + B(Cpm + Cragour) IN {0{ = 5}

with:

ind{60)} 2{1 if ®(-)istrue}

0 otherwise

Where /3 > lis the cost index and ©(-) represents the system mode « € A.For instance, if

the system is in state 2 (a=2), then maintenance cost C* =c, +¢ That is,

tagout *
Ind{a =2} =1Ind{a =3} =0,Ind{a =4} =0 and Ind{ =5} = 0. It should be noted that

a state 2 or 3 improper maintenance procedure will lead to a machine malfunction
requiring diagnosis followed by a suitable repair procedure, increasing process time and

hence production cost. To model this cost we introduce a parameter 5 >1.

The manufacturing system should be able to meet demand, meaning that the demand
should not be higher than the average production capacity, as described by Akella and
Kumar [17].

Letv(a, x,a) denote the value function (minimal discounted cost) for equation 7 as given

by equation 8.
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v(a,xae)= min 3(a, X, U, Kia, Koy Koe Ky ) Vi € A ]
( : (ukig kg kas kg €L ( 1317210 35 41) € (8)

If the appropriate assumptions are respected, the value function v (a, x,a) satisfies a set of
Hamilton-Jacobi-Bellman (HJB) partial differential equations (Appendix A).
4. Numerical example and sensitivity analysis

As mentioned, the manufacturing system consists of one machine producing one part

type. A five-state Markov process £(t) € A defines the system capacity. The generator

matrix Q(-) defined above (5)is described more explicitly as follows:

__(q12 (@)+ky) O (@) Kis 0 0
k21 _(k21 + q24) 0 qz4 0
Q(le’ k21’ k35! k41) = 0z 0 _(q31 + k35) 0 k35
K, 0 0 -k, O
N Oy 0 0 0 _q51_
and
o —(B xa(t)?
au(a(t) =85 |1 O] ©)

Equation 9 describes the impact of machine age on its probability of failure g,,(a(t)) as

illustrated by Kenné and Nkeungoue [19]. Constants B, and B;;represent the frequency
of failure respectively at age a(t)and infinity. The mean time between failures (MTBF) is

subsequently machine-age-dependent and is given by MTBF(a)= and

G

1
MTBF(x) = B at age aand oo. We refer our readers to Rausand and Hoyland [26]
12

for more details on the definition of MTBF.

Let B() = (u,ky, Ky, ks, k) . The following five equations are obtained from the discrete
dynamic programming equation A.2.16 (see appendix A for more details):

|ur;—d|(vh (x+h,,a,1)k* " (x-h,,e,2)k7)

X

-1
,0+|ur;d| +%+q12 +k, +ﬁ(yh(x+ha,x,1)+g(x,a,l) : (20)

35:k41)€r(|) X a a

12

yh (ax1)=

5

(ulk13' 210

+,v" (X, 2) + k" (%,2,3)




1 d h h
—v'(x-h,,@,2)+9(Xa,2)+k,v" (X1
V' (ax2)= min p+i+k +q h, ( Froluaz)eky (rad , (12)
(u,kla,k21,k35,k41)€r<2) A
* +0,0" (X,2,4)
d - ivh(x-hx,oc,3)+g(X,oc,?))Jrqglvh(X,oz,l)
V' (ax3)= min p+—+0y +ky | 1N , (12)
(UK K ks Keper(s) e
17M3 1211 1A35: TN X +k35Vh (X,a,S)
d )
V' (ax4)= ok l&mlr(] - [p+h—+k41j {h—vh(X-hx,a,4)+g(x,a,4)+k41vh(x,a,l)}, (13)
d ) [d
V' (ax5)= uk lr(mlr<1 ot [p+h_+q51j {h_vh(x-hx,a,5)+g(x,a,5)+qslvh(x,a,1)}, (14)

Where v" (a,x,-) is an approximation of the value function for small increments in the

direction of xanda. In this study, we consider the computational domain defined as

follows:
Gy ={(x,a):-10<x<30; 0<a<150}

Where age unit a is arbitrary. Note that we opted not to consider a specific time unit,
since it can be defined on a weekly, monthly or yearly basis depending on the particular
application. Stock unit x corresponds to the number of parts. We assume
h,=2and h, =2.

It should be noted that machine characteristics must be defined in terms of system
feasibility, meaning that the manufacturing system average capacity is not less than the
demand. A manufacturing system is feasible, as described in Akella and Kumar [17],

when:
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U™ > d (15)

It should be noted that the limitation probabilities are obtained for a system that follows a

Markov process as follows:

7()Q()=0
Zn:ﬁi =1 where n=5 (16)

with:

7z(-) - Limiting probabilities

Q(-) : Transition matrix rates

The vector of limiting probabilities (7,, 7,, 7;, 7,, 77 ) indicates the average time for which
the system stays in mode i =1to 5.

From equation (16) based on the theory illustrated by Ross [27], we have for the
manufacturing system under consideration:

Solving equation system (16) gives:

14

(G (@) +ks)  Gu(@) K 0 0
k21 _(k2l + qz4) 0 0z 0
7 7, =, 7, ] Oy 0 ~(Gy+kg) O kg | =[0 0 0 0 0]
Ky 0 0 -k, 0
| 05 0 0 0 0|
R AR AR A A



72'1:

1

14 0 (2) 4 kis 0, ()04, Ki3Kss
Koyt 0oy OgytKes  KyKoy +KiOpy G510y + 0siKss
1 G2 (2)
T, = X
2 14 0, (3) + Kiz Oy, ()9 54 Ki3Kss Ky, + 0y
Kopt 0 OgtKes  KypKos +KppGos 510y + UsiKas
1 Ky
T, =
: 1+ 0o (8) Kis 0 (2)4 54 KisKss Qg + Kss
Ko+ 0 Ogp +Kes KKy +KpuGps sy +05iKss
1 O (2) Oy
T, = X x —24
! 14 O, (2) Ky o (2)9 54 KizKss Ky, + 0
Koy 0z Og +Kes  KypKyy +KppGps sy + 0siKss
1 Ky,
T =
° 14 O (3) N kis O (2)0 5 Ky3Kss gy + Kys
Koyt 0oy Ogy Ky KKy +KpOpy G510y + UsiKss

Kk

1]

Kk
« R

Os:

7)

(18)

(19)

(20)

(21)

Given that the manufacturing system under consideration is operational only in mode 1
and by definition feasible only under the condition stated in equation 15,that is,o >0,

where ¢ is difference between the capacity and the demand(z,u™ —d ) the feasibility

of the considered manufacturing system depends on 71+ hence:

1
xuU™ >d 22
1+ 0y, (a) N Kig 0 ()0 5, KisKss (22)
k21 + q24 q31 + k35 k41k21 + k41q24 q51q31 + q51k35
The machine failure rate for each value of its age is plotted in Figure 2,

where B, =0.1and B, =1x10" are selected to obtain a failure probability trajectory
according to the machine age as described by Kenné and Nkeungoue [19].
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Figure 2. Age-dependent frequency of machine failure

After tuning to reflect the behaviour of the developing policy more accurately, the
parameters for the described manufacturing system were set to specific values shown in

Table 1,without loss of generality.

Table 1
¢ ¢ c, Cos L U™ d kant ks kit
5 30 8000 500 100 0.32 0.25 0.083 0.25 106
ki ;Cﬂm ki ksmm ki G2 ds; s g
0.05 0.1 0.3 2x107 0.01 0.1 0.5 0.417 0.01

We note that there are no benchmarks in the literature and we therefore generated a
dataset that better reflects the behaviour of the system, while maintaining feasibility

16



conditions. There is thus a trade-off between production rate and demand since the order
backlog cost is considered greater than the inventory holding cost. It should be noted that
there is also a trade-off between the frequency of corrective maintenance and the
production rate, since more frequent corrective maintenance means more shutdowns. The
frequencies of corrective and preventive maintenance are chosen accordingly to reflect
system behaviour/performance more accurately. Human error, described as improper
procedure, is assumed to increase the mean time spent on corrective and preventive
maintenance (including LOTO) by 20% (see [28] for detalils).

In this article, the policy improvement technique is used to solve the optimization
approximation problem, namely equations 10 through 14.The numerical solution that
meets the optimality conditions is used to obtain the control policies. We describe the
policy improvement technique as follows:
Step 1. (Initialization) Choose sl *,setn:=1,(v"(x,k))" :=0,Va € A, (a,x) e G!,
Step 2.Compute (v"(a, x,a))" " = (v"(a,x,@))", Va € A, (a,x) € G...
Step 3. Compute the corresponding value function to obtain the control policy
(U, Kz, Kyy, Kas, Kyp)
Step 4. Test the convergence

¢ =min{()(ax,a)-¢],@x,a),

Coin =[£1L=P))]T,

c=max{(v,(@x,a)- 1, (ax,a)},

Cmax = [,0/(1_,0))]2,
If [Copex —Crmin| <&, thenstop, elsen =n +1 andgotostep 2.

Where 6 €l] " is a threshold value corresponding to the convergence of the algorithm.
The production policy structureu(-) recommends that if the stock level is lower than a

threshold level, the facility should produce at maximal capacity; if the stock level is equal
to the associated critical threshold, the facility should produce at the rate that meets
demand; otherwise production should be halted. Such a structure is commonly called the

hedging point policy (HPP) in the literature on production control [17].
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For illustrative purposes, results obtained for the control variables (u, k., k,,, ks, k,,) of a
machine producing a single type of part are shown in Figures3 through 5(b).

For the parameters mentioned in Table 1, the machine-age-dependent threshold value is
defined using the trend plotted in Figures 3 through 5(b). The production policy is

therefore stated as follows:

u™ if x(t) < X(a),
ul,x,a)=4d if x(t) = X" (a), (23)
0  otherwise.

Where x*(a) is optimal stock level at age a(t) . Equation (23) determines the
production policy for the manufacturing system under consideration. Recall that the

machine is operational only in mode o =1.

035 .
03
025 .

Froduction rate
—_
Fa
L

0 o

10

Age Stock

Figure 3. Machine production rate
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Figure 3 proposes different zones for the production rate. Each of these corresponds to an
optimal production policy based on inventory level and machine age. The optimal policy
appears to be to maximize the production rate when the current stock level is below an
age-dependent threshold value. In this zone, machine failure is frequent because of aging.
This policy also suggests that when the current stock level is equal to an age-dependent
threshold value, production should be set at a rate corresponding to demand. Under any

other condition, production should be halted.

The corrective maintenance policies with and without human error are plotted in Figures

4(a) and 4(b). Figure 4(a) shows that the computational domain (x,a) is divided into two

regions, one in which the frequency of corrective maintenance without human error is set
at its maximal value, resulting in order backlog situations, and one in which it is set at its
minimal value, resulting in comfortable stock levels. Figure 4(b) has the same structure.
At a given machine age, higher levels of inventories are recommended when corrective
maintenance (including LOTO) might be conducted improperly. For instance, the penalty
on inventory level for age 80 and a corrective maintenance frequency of 0.25 is an
increase of 29%. The corresponding optimal policies have a bang-bang structure and are
given by equations 24 and 25.

o (2xa) = {k;‘;ﬁx if () <C"(a), )

ki otherwise.

Where C"(a) represents the optimal stock level at which the frequency of corrective

maintenance without human error should be changed from kJ}" to k™.

K,(4,x,a)= {k‘” T x() <D @) (25)

ki"  otherwise.

Where D" (@) represents the optimal stock level at which the corrective maintenance with

human error should be changed from k)" to k™.

19



Corrective maintenance rate
Carrective maintenance rate

Stock

Figures 4(a) and 4(b). Frequency of machine corrective maintenance including LOTO (a)
without human error and (b) with human error

The preventive maintenance rates without and with human error are plotted in Figures
5(a) and 5(b). Figure 5(a) shows that the computational domain (x,a) is divided into two
regions. The frequency of preventive maintenance without human error is set at its
maximum for backlog situations and at zero for large stock levels. The zone in the
domain (x,a) where this frequency is maximal increases with machine age for significant
stock levels. The policy recommends increasing inventory levels as machine age
increases to meet demand when preventive maintenance might be conducted improperly.
For example, at age 80 and a preventive maintenance frequency of 0.05, the inventory

level penalty is an increase of 25%.

The corresponding optimal policies have a bang-bang structure, as was the case for the
corrective maintenance policies with or without human error. These control policies are
given by equations 26 and 27.

k™ if x()<E (a),

. . (26)
k" otherwise.

k(L x,a)= {
Where E”(a) is a machine-age function that gives the optimal stock level at which it is
necessary to change the frequency of preventive maintenance without human error

fromk;" to k™.

k™ if x() < F"(a),

_ _ (27)
k" otherwise.

k35 (31 X, a) = {

20



Where F’(a)is a machine-age function that gives the optimal stock level at which it is
necessary to change the frequency of preventive maintenance with human error from

k" to ki

o
o
@

=

o

7]

e

=)

m
=2
fo]
@

=

=]

=
=2
o
=

o
=1
]
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Figures 5(a) and 5(b). Frequency of machine preventive maintenance including LOTO (a)
without human error and (b) with human error

The variability was analyzed to evaluate the sensitivity of the results to the policies. The
influences of the backlog cost on the production threshold, the corrective maintenance
cost and the preventive maintenance cost as a function of machine age are plotted in

Figures 6 through 8.

Figure 6 shows that it is not necessary to keep large inventories if the manufacturing
system is in its youthful phase, that is, while the production machinery is highly reliable
and can meet demand. However, as the machine ages, storing more finished inventory is
recommended to meet demand as it peaks. In other words, the manufacturing system
must prepare for shutdowns at increasing frequency. Furthermore, if the order backlog
cost increases at any machine age, the consequences of stock shortfall become greater

and stock levels should therefore be increased.
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Figure 6. Threshold value versus machine age

C- Backlog cost

Figure 7 displays the relationship between corrective maintenance, inventory level and
machine age. This relationship indicates that if the corrective maintenance cost increases,
the stock level at any machine age should be increased to avoid possible shortages, all the
more if that maintenance activity is subject to improper procedure by the technician. In
the latter case, the probability of incident or accident is also greater. To reduce this

probability, the production speed must not be increased quickly and worker training

should be improved [29].
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Figure 7. Frequency of corrective maintenance without and with human error, versus

machine age
The abbreviations in Figure 7 refer to the following:

CM*: corrective maintenance cost
WOHE*: without human error

WHE* : with human error

Figure 8 describes the recommended inventory level at a given the machine age and
preventive maintenance cost. The dotted line represents the recommended inventory

when the effect of human error during preventive maintenance is integrated. Each line

divides the (x,a) domain into two zones. In zone I, the production policy recommends
not to impose preventive maintenance, since the probability of machine failure is almost
zero (e.g. the machine is brand new). The machine will certainly meet demand.
Maintenance is appropriate in zone Il, since the manufacturing system is aging and

breakdown is more likely. To increase the life and reliability of the production unit,
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preventive maintenance becomes indispensable, and inventory must be increased to meet
demand. Furthermore, the frequency of preventive maintenance must be decreased if its
cost increases. These results illustrate that inventory must be increased for any preventive
maintenance cost when it is likely that maintenance procedures will be improper and the
probability of accident will increase. This is consistent with previous study [29] of the
impact of increased production speed and reduced training on the probability of incidents

and accidents.
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Figure 8 here. Frequency of preventive maintenance without and with human error versus

machine age
The abbreviations in figure 8refer to the following:

PMC™* : preventive maintenance cost
WOHE*: without human error

WHE* : with human error
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5. Discussion

The motivation for this study is the concept of corporate social responsibility as presented
elsewhere [30, 31]and the fundamental message of the Brundtland Commission on social,
economic and environmental integration and the contribution of workers to sustainable
development [32]. These studies highlight the importance of seizing opportunities to
achieve better integration of occupational safety and day-to-day management of
manufacturing processes. The results presented in this article could help corporate
managers to realise the impact of human error on production costs as well as accidents
and occupational health hazards in uncertain manufacturing environments. This paper
contributes to a stream of research that emphasises integrating human aspects into
operations models as called for by [29] and as exemplified by the integration of human
aspects like biomechanical loading and fatigue into discrete event simulation [33,34],
connecting learning and forgetting into mathematical models of Dual Resource
Constrained (DRC) systems [35,36,37], modelling production costs in ways that include
employee health hazards [38], and incorporating human aspects into industrial
engineering design tools to support the production system design process [39]. This
current study contributes to this agenda by providing further examples of novel
approaches to integrating human aspects into engineering design and decision making
tools that can support better design choices for both improved system safety and long

term system performance.

Already in the 1960s, Rook [40] illustrated that 82% of 23,000 production defects
originating on assembly lines were due to human error. At the beginning of the 2000s,
Shibata [41] reported that on average, 42% of the assembly defects in products such as
compact disc/mini disc dual-deck players were due to human error. This work also
revealed that assembly process complexity increases the human error rate and hence the
occurrence of defects. To discuss the impact of human error on assembly process
production quality and defective parts, Bubb [42] used field data from the electronic
assembly line sector and recommended using methods such as THERP (Technique for
Human Error Rate Prediction) to reduce the probability of human error. Liu et al [43]
later showed the direct relationship between human error and economic loss in

production and developed a loss estimation model in which the impact of human error is
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categorized as minor, medium, or severe. Considering 33 types of cost factor, the effect
of complexity on quality in consumer audio equipment assembly has been analyzed at
various sites around the world using a vast field dataset [41]. In the recent literature,
researchers now recommend integrating production and human factors [44] as well as
maintenance [45] and human error probability (HEP) to improve production system
reliability [46]. The group headed by B.S. Dhillon has contributed substantially to our
current comprehension of maintenance and maintenance errors. The consensus in the
recent literature is that “most human errors occur in the inspection and maintenance
phases” [46]. The main sources of human error in maintenance have been identified as
“lack of communication, distraction, lack of resources, stress, complacency, lack of
teamwork, pressure, lack of awareness, lack of knowledge, fatigue, lack of assertiveness
and social norms” [45]. For example, in a study of chemical processing, 21 % of
maintenance-related major accidents were found to be the result of bypassing safety
measures (active failure), while 69% were caused by “deficient planning/scheduling/fault
diagnosis”, a form of latent failure [47]. Quality inspection errors have been modeled
recently [48]. HEP has been assessed in LOTO pump maintenance activities using the
success likelihood index method or SLIM [46]. Nevertheless, the difficulties of
quantifying error occurrence in maintenance tasks are immense, due to the diversity of
the activities [49].The literature on LOTO focuses on the sole utilization of LOTO in the
procedural form focusing on how LOTO should be implemented [50,51]. While
appropriate LOTO procedural routines are indeed needed they are insufficient. The
problem that persists is the lack of inclusion of the LOTO procedures into production
planning and control. To cope with this shortcoming Charlot et al. [3] integrated LOTO
control into production planning. They showed that this integration into production
planning makes the implementation of safety measures to reduce risk of accidents easier.
Moreover, Emami-Mehrgani et al. [13,21] showed that by integrating the LOTO into
production capacity control planning for a passive redundancy system, the system
becomes less vulnerable to changes in shortage and inventory costs by meeting the
demand permanently. They also disclosed that the integration of LOTO in passive
redundancy system allows managers to respect the essential space and time requirements

during machine repair actions. With the appropriate consideration of space and time
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issues, the LOTO procedure can be put in place effectively. In this article, we address
corrective and preventive maintenance with LOTO while considering human error — a
novel approach. By relying on the literature and the fact that “most human errors occur in
the inspection and maintenance phases” [46] the importance of this research work, to

improve system performance by attending to critical human aspects, is highlighted.

In this study, we built our policy on the assumption that thanks to safety measures such as
LOTO as well as appropriate maintenance and production planning, the risk of accident
during maintenance activities is negligible, although human error may occur in the
procedures. We are interested in the impact of such error on inventories, production
capacity and the cost associated with maintenance and safety. LOTO contributes to the
cost associated with the frequency of preventive and corrective maintenance. However,
this cost should be acceptable compared to the cost of accidents or managing preventable
hazards [52]. The impact of human error during maintenance activity on production costs
appears to be twofold: the additional downtime required to rectify inadequate repairs, as
well as the additional LOTO cost.

The analytical model developed here was preferred because of the smaller number of
parameters and assumptions required. Such a model may be very useful in support of
results obtained by numerical methods, due to the flexibility it offers when the parameter
values are changed. However, the policies obtained have to be robust. That is, they must
propose sound responses to uncertainties (e.g. breakdown and human error) and to the

rapidly changing conditions under which manufacturing systems operate.

The sensitivity analysis, results and observations presented in this article validate the
effectiveness and usefulness of the proposed model, meaning that the control policy is
well developed. As claimed above, we have defined the optimal policies for production
and corrective and preventive maintenance including LOTO, for a manufacturing system
producing one part type, said system subject to random failure and to human error during
maintenance activities. The policies thus developed could be extended to address real-
scale manufacturing systems involving more than one machine and multiple part types.
However, this makes the problem more complex. A certain number of conditions have to

be met to make efficient use of this model. Close monitoring and an efficient time
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management system are required. In addition, a breakdown history recording system has
to be in place to estimate probabilities of occurrence and the costs of intervention of one

kind or another.
6. Conclusion

In this study of the impact of human error on corrective and preventive maintenance
activities including LOTO and the associated production cost, we developed a control
policy based on an extension of the hedging point structure. A parameterized near-
optimal control policy was derived from the numerical solution obtained. By running a
numerical example and sensitivity analysis, we showed how human error throughout the
maintenance activities increases the total production cost. We note that increasing
production speed and reducing worker training increase human error and subsequently
the total production cost while decreasing worker safety. The total production cost is also
subject to increases due to the larger inventory needed to meet demand while machinery

is subject to breakdown at increased frequency.
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Appendix A. Optimal conditions and numerical approach
In this section, the assumptions and lemmas underlying the analysis are described.

Assumptions A.1.
A.1.1) h() is a non-negative convex function with h(0)=0 . It has positive

constants Cg and Kg such that:
h(x)<C,(L+[x")
and

Ih(x) —h(x,)| < C, @+ [x | +[%,[ ) —x,]

A.1.2) w(-) is a non-negative function with w(0) =0and is twice differentiable and either
strictly convex or linear.

Lemmas A.1:

A.11)ifg(a,x, a,~) is convex, then v(a,x a)is convex in (x,a)for each a € A

A.1.2) ifg(a,x,a,") is locally Lipschitz, meaning that positive constants C, andk exist
such that:

g(a,x,a,)<C, (1+‘X‘Kg +‘a‘Kg ), then for all x;,a,,u,K., Ky, Ky, Ky, X, and a, we have:

9( %, a,) - 9( X, 8,

<C, (L4 [x| + x| +faf +[a, )% - x| +]a, -2,
Hence, v (a,x,2) is locally Lipschitz which means:

V(e 8) -V (0 %,)| < C, (] 4] o +[a, ) -+ [ -

Proof:

For A.1.1, we now show that J (e, x,a,-) is jointly convex.

Let a,%,a,andX, be arbitrary initial values, B'()and B*(-) to be some admissible
controls. Let a;(t), x,(t),a, (t)and x,,(t) with t >0 denote the trajectories related to

(x.a,B'())and(x,,a,,B*(})).

Forany u[0,1],
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ud (a, X, &, Bl('))"‘(l_,u)\] (0" X218y, BZ('))

-E Te”(ﬂg(a,xl,ai,Bl(-»+<1—y>g(a,x2,a2,BZ(-)»dt}

=E Te‘” (uh(x;) + pw(a;) + @ — g)h(x,) + (1_/1)W(a2))dt}

LO

=E Te‘”t (uh(x) + (1_ﬂ)h(xz))dt}+ Eﬁe‘”t (ﬂW(ai)+(1—u)W(az))dt}
With assumptions A.1.1 and A.1.2 we have:
13 (@, x,a,B'())+1-)J (a,%,, 8, B ()= E[Te‘p‘g(a, x(t), a(t), B(t))dt}

where B(t) = uB*(t) + (1- 1) B(t) , x(t) and a(t) denote the trajectory with initial values

X = uX (8) + Q= )%, (1) = X, + 1= 1),
a=pa(t)+1-w)a,t) =(ua + (- n)a,
and admissible controls B(-).

Therefore, we obtain:

13 (at, %, 8, B'()) + (1= )3 (%, 8,, B2 ()) 2 I (@, i, + (1= p2) Xy, 18, + (1= p2)y, 1B () + (- ) B* ()

v(a, x,a);

J(axa.:) is convex.

meaning that is jointly convex and thus
For A.l.2, we take into consideration an admissible

control BO) where 811(): %11 (), 8, ()ad X5, () ganote the state trajectories under BC) with

initial values &% & andx, . Then, we have:

40 () = (O] [0 ()~ (O] < (X, =%, | +[@, — 2,
()] +a, (0] < C @+ x| +[a) and [, (O] + 2, (0] < C(L+ [, |+

B()

Assuming a locally Lipschitz condition, a constant G exists independently of

X;,8,, X, and a, such that :

Kg
)

“ +|a,

Xi_X2|+|a1_az|)

%[ +[ay

‘J ((Z, Xy 18y, B('))_J ((Z,Xz 8, B())‘ <C, (1+|X1

From this, we obtain:
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|v(a, X, a,)-v(a,%,a, )| < sup |J (a.%.2,B())-J(a x,,a,, B(~))|

B()elw

Hence:

<C, L+ "+ e+ )% x| + [ -]

‘v(a, X8 )-V(at,X,,a,)
Lemma A.2:

The value function v (a, x,a)is the unique viscosity solution to the HJB equations:

(U-0) S v (ana)+ 10 (ana)+o(a)
pv(a,x,a) = min X o Va,feh (A2.))
B()E [ +Z [qa/j (-)V(-,ﬂ)—l/(',(l)]

azf

0 0 . L :
where a—v(a,x,a)anda—v(a,x,a) are the partial derivatives of the value function
X a
v(a,xa).
Proof:

This involves showing that v(-) is both a viscosity sub-solution and viscosity super-

solution of equation (A.2.1) by using the procedure presented by Sethi and Zhang [53].
The reader is referred to Yong and Zhou [54] for more details.
Let us consider C'(R* xR™)to be a class of continuously differentiable function defined

on R*xR*".Set @,a,and X,. Then, let $(-) € C*(R* xR™") be such that:

v(a, X, a)—S(x, a) attains its maximum at (X = X,,a = a,) in neighbourhood P(x,, a,).

Let z denote the first jump time of &£(t). We take into consideration B(t)=B for
0<t<rz,where BeTl(a)is a constant. In addition, let ¢ € (0,7] be such that (x,a) starts at

(X,,8,)and stays in P(x,,a,) for 0<t <e&. We define:

9(x,a)+V(a, X, 8,) — 4, (x,a) if 2=«

. (A.2.2)
V(a, X,a) if ¢M)za

y(f,x,a)={

Then, by Dykin's formula and the fact that £(t) =« and0 <t < ¢,
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~pr(ax()a(t)+8y (xa)(u(t)-d)

dt A2.3

T [+t T [p00(-8)(a)] -
azf

v(a, X, a)—S(x, a) reaches its maximum

at P(x,,a,)and (x(t), a(t)) € P(%,,a,) for0<t <.

Therefore:

V(% 8,) - % (% @) = V(ar, X, @) - 9(x, ), that is:

9(x,2) 2 (e, %,) - (V(@, Xy, 3,) ~ 9(, ) for0 <t <. (A24)

V(a, Xy, 8,) —3(X,,8,) is a constant, and when we replace y(a.xa) in (A.2.3) by
V(e x,a) - (V(a, Xy, 8,) —9(X,, 8,)) , We have:

—pv(ax(t)a(t)+K(xa)u(t)-d)

Ee Pév(a, (x(c), a(e)) - v(a, X, (), 3, (¢)) < E'fe—/)t dt  (A25)

0

+oa(xa) f U ¥ [0apOV(-L)-vi.a)]
I a#f} ]

And by using the optimality principle, we obtain:

v(a, x,,a,) < E

Te_ptg(a,x(t),a(t),B(t))dt+e‘/’5v(a,x(5),a(5)) (A.2.6)
0
Through a combination(A.2.5) and (A.2.6), we have:

&
0<E[e rt
0

g (@ x().a(t), BE)+Sx (xa)(u(t)-d }+a(x,a) f (u)+ L 9 (-)V(-,ﬁ)—V(-,a)]} dt
a#

By letting £ » 0, we conclude that:

B(.?welln(a){g(a,xo a9 .B)+9x (Xg.a0 )(u—d J+a (X ag) f (u)+a§ﬁ[qaﬂ OV(-B)V(- )] }— pV(a,xy.a5) 20
Hence, Vv(:) is a viscosity sub-solution of equation (A.2.1).
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We now show that v(-) is a viscosity super-solution of equation (A.2.1) by assuming that
itis not.

Ay Xy gy Op >0

If v() is not a viscosity super-solution, this implies that
that for all
Bel(a):

and exist such

9(a,x,a,B)+3y (X, a)(u—d)+ Jy (x,a) f(u)+ gﬂ[qaﬁ (.)v(.,ﬁ)—v(.,a)] — pv(a,x,2) 2 5 (A2.7)
a

In neighbourhood P(X,,a,) where 9(-) e C'(R* xR*") such that

v(a, X, a)—19(x,a) reaches its maximum at (X,,a,) in neighbourhood P(x,, z,).

Then for all (x(t),a(t)) € P(x,,a,):

V(a, X,a) 2 3(X,a)+V(a, X, &) —3(X,, &) (A.2.8)

For any BeT(a), let & denote a small number such that (x,a) starts at (X,,,)and stays
in P(x,,8,) for 0<t<g, Note that &, is dependent on the admissible control
B(). Nevertheless, given thatu(t)-d is always bounded, there exists a constant ¢, >0 such

that ¢, 2 ¢ 20. Let = denote the first jump time of the process &(-).Hence,

J(a, %, a,,B())<E

Te‘/ﬁg(a,x(t),a(t),B(-))dt+e‘p‘9V(a,X(E),a(é‘))]
0

Te_pt 50—k (x,a)(u(t)-d)-Ja (x,a) f (u)+pv(ax(e)a(e)+ T [dgg(WV(-B)-V(,a)]|dt
>E 0 azf
+e Pev(a,x(¢e),a(e))

Using the differentiability of 4(-) together with (A.2.4), we can show that

V(a, %y, 3,) < E.[e‘pt {pv(a, X(t),at) -9 (x,a)(u(t)-d) -9, (x,a) f (u)+ Y [q,,(\v(-B) —V(-,a)]} dt
0 a#f
+e”v(a, x(¢),a(¢))

Therefore:
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J(a, %y, 8y, B()) 2 V(e xo,a0)+50Eje""dt >V(e,X,,8,)+7n , which is a contradiction.
0

This reveals that v(«, x,a) is a viscosity super-solution of equation (A.2.1).

Hence, v(a, X,a) is a viscosity solution to equation (A.2.1).

Theorem 1 (Uniqueness Theorem)

Given assumptions A.1.1 and Al.2 and since the function w(-) is non-negative and either
strictly convex or linear with w(0) =0, we can conclude that the HIB equations (A.2.1)
has a unique viscosity solution.

Proof:
For this proof, the reader is referred to Yong and Zhou [54].

The optimality conditions are described by these equations for a manufacturing system
consisting of one machine producing one type of part. Regarding the optimality principle

to control problem [55,56], we can rewrite the HIB equations (A.2.1) as follows:

(U-0) o (axa)+ 0 v(ana)+ gl
0X 0a

pv(a, X,a): Va,feA(A29)

min
(Ukyg Ky Keg Ky T +a§ﬁqaﬂ(-)[v(a,x,ﬂ)—v(a,X,a)]

The control policy (u”, k., k;,, ki k;,) denotes a minimizer over I'(r) of the right-hand

131 Kop s Kas s
side of equation A.2.9. The value function obtained in equation 8 is in line with this
policy. Hence, the optimal control policy is based on solving equation A.2.9. Obtaining
an analytical solution of equation A.2.9 is almost impossible. In the scientific literature,
the numerical solution of the HIJB equation A.2.9 is considered as an insurmountable
challenge [57].

In this section, the numerical method for solving the optimality conditions using the
Kushner method [10] is presented. This method uses an approximation scheme for the

gradient of the value functionv(a,x,). Let h andh, denote the step length of finite

34



difference interval of the variables x and a respectively and v" (a, X,a) denote a solution
to HJB. The functionv (a, x,r)may be approximated by v" (a, X,r) where v, (a,X,a) for

a given step size h, is obtained from equation A.2.10 as follows:

hi(vh(a,x+hx,a)—vh(a,x,a))x(u—d) if (u-d)>0
vy (a,xa)x(u-d)= 1X : (A.2.10)
h—(vh(a,x,a)—vh(a,x-hx,a))x(u—d) otherwise
And using h,, the value function given a small increment in the direction of a,
v,(a,X,a), is approximated as
follows:
_1(nh h
vala, X,a)x f(u)=—(v" ' (a+hy,X,a)-v (& Xa)|x f(u), (A2.11)
a h a

a

If we simplify equations A.2.10 and A.2.11, we obtain respectively equations A.2.12 and
A.2.13:

hi(vh(a,x+hx,a)—vh(a,x,a)) if (u—d)ZO
vy (a,xa)=1 " , (A2.12)
1
h—(vh(a,x,a)—vh(a,x-hx,a)) otherwise
va(a,x,a):hi(vh(a+ha,x,a)—vh(a,x,a)), (A.2.13)

a

If we replace (A.2.9) by (A.2.12) and (A.2.13) for the case with (u—d) >0, we have:

(u _d)hi(vh (a.x+h, )+ (axa))
pvh (a, X,0!) = (U,k13,rknziln,k35,k41)el"(m +f (u)h—];(vh (a+ h, X,a)_vh (a’ X,a)) g (a, X, ) Va,feA
h h
* 3 00l (ax8) =" (axa)]
with
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U ()==2_ .. 0us (), Where, S € A,

We then obtain:

V(a,x,a)“[

For the case with (u-d)<0if we replace A.2.9 with A.2.12 and A.2.13, we have:

(U-a)—(v" (ax+1,a))

hX

f(u) 1
— = +tu—v' (a+h,xa)g(ax ), YapecA  (A214)
h, j Uk, k21 kel @ h

u-d
aa +_+
h

+Zq v ax,b’

(u_d)hi(vh (a.xa) " (axh.a))

X

pvh(a,X,a)= (u,k13,k21,k35,k41 el X, +f(U)hia(Vh(a+ha’X’a)_Vh(a’x’a))g(a‘x") ,Va,ﬂeA
+2 00" (ax8) =" (axe)]

We then obtain:

|u—d|ivh(a, xh,a)
h

; o] W) - 1,
v (a,x,a)[ el T hx + ha ]— Uk13 kﬂ . 41 o +f(u) hav (a+ha,X,a)g(a,X,-) Va,pehA (A215)

+3 0,5 (0" (a.09)

azf

Grouping equations A.2.14 and A.2.15, the HJB equation can be expressed follows:

(2 )= . u-d, fw),fle-dl :
v'(a,x,a)= e ){[p+|qm|+ n ] { i (v"(a,x+h,a)K

X a

v“(a,x—hx,a)K‘)+ f{u) V'(a,x+h,,a) +9@, X, @)+ D q,, ()" axﬂ)“ Va,feA (A2.16)

a azf
Where T () is the discrete feasible control space and K*and K~ are defined as follows:
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[t =gz
|0 otherwise

[t itE-d)<o
10 otherwise

For a discrete-time, discrete-state decision processes, equation A.2.16 may be considered
as the infinite-horizon dynamic programming equation that takes into account problems

faced in production optimization as well as maintenance control [55].The following
theorem demonstrates that value function v" (a, X,a) is an approximation to v (a, X,&) for

small increments h, andh, .
Theorem 2

Let v"(a, X, ) be a solution to HIB equation A.2.16 and C ,andK ; be positive constants
satisfying the Lipschitz property (see [48] for details):

0<v(axa)< Cg (1+‘X‘Kg +\a\Kg ), then

Lingvh (a,x,@) =v(a,x,a) (A.2.17)
Knowing that g(a,x,a,-) iS non-negative and has a growth rate not

. K K _ _ .
exceeding 1+|x| ® +|a| " associated with assumptions and lemmas A.1. Furthermore,

controls  Kk,,k,,, Ky, k,, are all bounded variables. This means that the value
functionv(a, x,) is also non-negative and has a growth rate lower than a multiple of

K K .
1+‘X‘ g+‘a‘ 9 . Then we can conclude that L'”(]Vh(a’ x,a)=Vv(a,x,a) , for small

increments of h.

Proof

We refer the reader to the published literature [18,21] for proof of theorem 2.

37



References

[1] G.R. Bitran and D. Tirupati, Hierarchical production planning, in: S. C. Graves, A. H.
G. Rinnooy Kan, P. H. Zipkin (Eds.), Operations research and management science,
Logistics of production and inventory, Elsevier B.V., Amsterdam, 1993, pp.523-568.

[2] M. K., Salameh, M. Y. Jaber, Optimal lot sizing with regular maintenance
interruptions. Appl. Math. Model, 21(2) (1997) 85-90.

[3] E. Charlot, J.P. Kenné, S. Nadeau, Optimal production, maintenance and
lockout/tagout control policies in manufacturing systems, Int. J. Prod. Econ. 107(2)
(2006) 435-450.

[4] L. Chinyao, JI. Min, H.Chou-Jung, SU.Chwen-Tzeng, Minimizing the makespan in a
single machine scheduling problems with flexible and periodic maintenance, Appl. Math.
Model.34 (2) (2010) 334-342.

[5] L. Gwo-Liang, Optimum policy for a production system with major repair and
preventive maintenance, Appl. Math. Model. 36 (2012) 5408-5417.

[6] S.J. Yang, Unrelated parallel-machine scheduling with deterioration effects and
deteriorating multi-maintenance activities for minimizing the total completion time,
Appl. Math. Model. 37 (5) (2013) 2995-3005.

[7] J.Q. Li, Q.K. Pan, M. F. Tasgetiren, A discrete artificial bee colony algorithm for the
multi-objective flexible job-shop scheduling problem with maintenance activities, Appl.
Math. Model. 38 (3) (2014) 1111-1132.

[8] M. Bertolini, Assessment of human reliability factors: a fuzzy cognitive maps
approach, Int. J. Ind. Ergon 37(5) (2007)405-413.

[9] L.D. Giraud, E. Ait-Kadi, J.J Ledoux Paques, S. Tanchoux, La maintenance :Etat de
la connaissance et étude exploratoire, Institut de Recherche Robert Sauvé en Santé et
Sécurité du Travail (IRSST), Report No.R-578, 2008.

[10] H.J Kushner, P.G. Dupuis, Numerical methods for stochastic control problems in
continuous time, Springer, New York, 1992.

[11] C. Basnet, J. Mize,An object-oriented framework for operating flexible
manufacturing systems, Proceedings of the International Conference on Object-Oriented
Manufacturing Systems.(1986) 346-341.

[12] A. Thesen, Some simple, but efficient, push and pull heuristics for production
sequencing for certain flexible manufacturing systems, Int. J. Prod. Res.37 (7)
(1999)1525-15309.

38


http://www.sciencedirect.com/science/journal/0307904X
http://www.sciencedirect.com/science/journal/0307904X
http://www.sciencedirect.com/science/journal/0307904X
http://www.sciencedirect.com/science/journal/0307904X/34/2
http://www.sciencedirect.com/science/journal/0307904X
http://www.sciencedirect.com/science/journal/0307904X
http://www.sciencedirect.com/science/journal/0307904X
http://www.sciencedirect.com/science/journal/0307904X

[13] B. Emami-Mehrgani, S. Nadeau, J.P Kenné, Lockout/tagout and optimal production
control policies in failure-prone non-homogeneous transfer lines with passive
redundancy, Int. J. Prod. Res .51 (4) (2013) 1006-1023.

[14] R. Rishel, Control of systems with jumps markov disturbances, IEEE Trans. Auto.
Cont. AC. 20 (2) (1975) 241-244.

[15] G.J Older, R. Suri, Time optimal of part-routin% in a manufacturing system with
failure prone machines, in: Proceedings of the 19" IEEE Conference on Decision
Control. 51(5) (1980) 722-727.

[16] J. Kimemia, S.B. Gershwin, An algorithm for the computer control of production in
flexible manufacturing systems, IEEE Trans. Auto. Cont. AC. 15 (4) (1983) 353-362.

[17] R. Akella, P.R. Kumar, Optimal control of production rate in a failure-prone
manufacturing system, IEEE Trans. Auto. Cont. AC. 31 (2) (1986) 116-12.

[18] H. Yan, Q. Zhang, A numerical method in optimal production and setup scheduling
to stochastic manufacturing systems, IEEE Trans. Auto. Cont. AC. 42 (10) (1997)1452—-
1455.

[19] J.P. Kenne, L.J. Nkeungoue, Simultaneous control of production and corrective
maintenance rates of a failure-prone manufacturing System, Appl. Num. Math. 58 (2)
(2008)180-194.

[20] Y. Chinniah, M. Champoux, La sécurité des machines automatisées : Analyse des
risques et des moyens de protection sur une presse a injection de plastique, Institut de
Recherche Robert Sauvé en Santé et Sécurité du Travail (IRSST), Report No.R-557,
2008.

[21] B.Emami-Mehrgani, S. Nadeau, J.P Kenné, Lockout/tagout and operational risks in
the production control of manufacturing systems with passive redundancy, Int. J. Prod
Econ.132 (2) (2011) 165-173.

[22] C.A. Ferguson, S. Mason, S.G. Collier, D. Golding, R.A. Graveling, L.A. Morris
/AJ. Pethick, G.C. Simpson, The ergonomics of the maintenance of mining machinery,
Institute of Occupational Medicine, Report No.TM 85/12, 1985.

[23] S. Mason, A.M. Rushworth. Human aspects of maintenance, Maintenance, 7 (3)
(1992).14-22.

[24] A. N Njike, R. Pellerin, J.P Kenné, Maintenance/production planning with
interactive feedback of product quality, J. Qual. Maint. Eng. 17 (3) (2011) 281-298.

[25] B.S. Dhillon, Human reliability, error, and human factors in engineering
maintenance with reference to aviation and power generation, CRC Press, Boca Raton,
FL, 20009.

[26] M. Rausand, A.Hoyland, System reliability theory: Models, statistical methods and
applications, John Wiley & Sons, USA, 2004.

[27] S.M. Ross, Introduction to probability models, eighth ed. Academic Press, New
York, 2003.

39



[28] S. Mason, J. Berman, G. Gibson, D. Clarke, H. Gibson, G. Hughes, R. Lardner,
Improving maintenance a guide to reducing human error, first ed., Health and Safety
Executive (HSE), Liverpool, UK,2000.

[29] J. Boudreau, W. Hopp, J.O McClain, L.J Thomas, On the interface between
operations and human resources management, Manuf. Serv. Oper. Manage. 5 (3) (2003)
179-202.

[30] G.1.J.M. Zwetsloot, Corporate Social Responsibility and Safety and Health at Work:
Global Perspectives, Local Practices, In: Proceedings of the Working on Safety
Conference, Roros, Norway. (2010) 7-10.

[31] M.J. Montero, R.A. Araque, J.M. Rey, Occupational Health and Safety in the
Framework of Corporate Social Responsibility, Saf. Sci. 47 (10) (2009) 1440-1445.

[32] H.L. Lund, Strategies for Sustainable Business and the Handling of Workers’
Interests: Integrated Management Systems and Work Participation. Econ. Ind. Demo. 25
(1) (2004) 41-74.

[33] K. Kazmierczak, K., W. P. Neumann, J. Winkel, A case study of serial-flow car
disassembly: ergonomics, productivity, and potential system performance. Hum Factors
and Ergonom in Manuf, 17(4) (2007) 331-351.

[34] J. Perez, M.P. de Looze, T. Bosch, W.P. Neumann, Discrete event simulation as an
ergonomic tool to predict workload exposures during systems design, Int. J. Ind. Ergon
44(2) (2014) 298-306.

[35] M.Y. Jaber, Z.S. Givi, W.P. Neumann, Incorporating human fatigue and recovery
into the learning-forgetting process. Appl. Math. Model, 37(12) (2013), 7287-7299.

[36] M.Y. Jaber, Z.S. Givi, W.P. Neumann, Modelling worker reliability with learning
and fatigue. Appl. Math. Model, 39(17) (2015), 5186-5199.

[37] M.Y. Jaber, Z.S. Givi, W.P. Neumann, Production planning in DRC systems
considering worker performance. Comput. Ind. Eng, 87 (2015), 317-327.

[38] A. Sobhani, M.I.M. Wahab, W.P. Neumann, Investigating work-related ill health
effects in optimizing the performance of manufacturing systems, Europ. J. Oper Rese,
241(3) (2015) 708-718.

[39] J. Village, M. Greig, S. Zolfaghari, F. Salustri, W.P. Neumann, Adapting
Engineering Design Tools to Include Human Factors, IIE Trans. Occu. Ergon and Hum
Factors, 2(1) (2014) 1-14.

[40] L.W. Rook, Reduction of human error in production, Sandia Corporation,
Albuquerque, NM,1962.

[41] H. Shibata, Global assembly quality methodology: a new method for evaluating
assembly complexities in globally distributed manufacturing. Ph.D. diss, Stanford
University, 2002.

[42] H. Bubb, Human Reliability: A Key to Improved Quality in Manufacturing, Hum
Factors and Ergonom in Manuf, 15 (4) (2005) 353-368.

40


http://www.sciencedirect.com/science/journal/0307904X
http://www.sciencedirect.com/science/journal/0307904X

[43] H. Liu, S.L. Hwang, T.H. Liu, Economic assessment of human errors in
manufacturing environment, Saf. Sci, 47 (2) (2009) 170-182

[44] E.H. Gross, C.H. Glock, M.Y. Jaber, W.P. Neumann, Incorporating human factors in
order picking planning models: framework and research opportunities, Int. J. Prod Rese,
53(3) (2015) 695-717.

[45] J.-C Blaise, E. Levrat, B. lung. Process approach-based methodology for safe
maintenance operation : From concepts to SPRIMI software prototype, Saf. Sci 70 (10)
(2014) 99-113.

[46] A. Noroozi, N. Khakzad, F. Khan, S. MacKinnon, R. Abbassi. The role of human
error in risk analysis: Application to pre- and post-maintenance procedures of process
facilities, Reliab. Eng. Syst Saf, 119 (2013) 251-258.

[47] P. Okoh, S. Haugen. A study of maintenance-related major accident cases in the 21st
century, Proc. Saf. Environ. Prot, 92(4) (2014) 346-356.

[48] M. Khan, M. Y. Jaber, A.-R Ahmad. An integrated supply chain model with errors
in quality inspection and learning in production, Omega 42(1) (2014) 16-24.

[49] H.S. Rashid, C.S. Place, G.R. Braithwaite. Eradicating root causes of aviation
maintenance errors : introducing the AMMP, Cogn. Tech and Work. 16(1) (2014) 71-90.

[50] E. Hesla, B. Brown, T. Bor, R. Clark, K. Clemente, J. J. Dai,C. E. Davis, B. Giese,
M. Hittel, L. Kamo, D. Korpess, P. Mancilla, M. Mitolo, D. Mohla, C. Mozina, L.
Padden, S. Panetta, G. Parise, M. Pollock, R. Rifaat, M. Savosbianik, M. Simon, S.
Worthington, User Specifications for Operational and Switching Procedures, a Working
Group Report, IEEE Trans. Indu. Appli, 48(1) (2012) 225-228.

[51] J.C. Cawley, G.T. Homce, Protecting Miners from Electrical Arcing Injury. CDC
NIOSH. http://www.cdc.gov/niosh/mining/UserFiles/works/pdfs/pmfea.pdf, 2007.

[52] B.A. Aubert, J.-G. Bernard, Mesure integrée du risque dans les opérations. Les
Presses de I’université de Montréal. 2004.

[53] S.P. Sethi, Q. Zhang, Hierarchical Decision Making in Stochastic Manufacturing
Systems, Birkhaser, Boston, 1994,

[54] J. Yong, X.Y. Zhou, Stochastic Controls: Hamiltonian Systems and HJB Equations
(Stochastic Modelling and Applied Probability), Springer, New York,1999.

[55] J.P. Kenné, E.K. Boukas, Hierarchical control of production and maintenance rates
in manufacturing systems, J. Qual. Maint. Eng. 9 (1) (2003) 66-82.

[56] J.P. Kenné, E.K. Boukas, A. Gharbi, Control of production and corrective
maintenance rates in a multiple machine, multiple-product manufacturing system, Math.
Comp. Model. 38 (3) (2003) 351-365.

[57] E.K Boukas, A. Haurie, Manufacturing flow control and preventive maintenance: A
stochastic control approach, IEEE Trans. Auto. Cont. AC. 33 (9) (1990) 1024-1031.

41



	Behnam Emami-Mehrgania0F*,W.Patrick Neumanna, Sylvie Nadeaub, Majid Bazrafshanc
	Production planning has become an important area of operations management over the past three decades[1]. This is due in large part to its ever-increasing importance in today’s highly competitive business environments. Production planning and control ...
	The economic importance of responding quickly to customer requirements has fuelled interest in production optimization. In uncertain environments, optimization is effective only if it reduces the total cost of production while increasing occupational ...
	One possible answer to the first question is rigorous application of LOTO procedures, which consist of locking a machine with a padlock after discharging all residual energy sources (electrical, hydraulic, etc.). LOTO prevents premature starting of eq...
	2. Assumptions and notations
	2.1. Assumptions
	The following assumptions apply throughout this article:
	2.2. Notations
	If the appropriate assumptions are respected, the value function satisfies a set of Hamilton-Jacobi-Bellman (HJB) partial differential equations (Appendix A).
	Figure 2. Age-dependent frequency of machine failure
	Figure 8 describes the recommended inventory level at a given the machine age and preventive maintenance cost. The dotted line represents the recommended inventory when the effect of human error during preventive maintenance is integrated. Each line d...
	Figure 8 here. Frequency of preventive maintenance without and with human error versus machine age
	In this study, we built our policy on the assumption that thanks to safety measures such as LOTO as well as appropriate maintenance and production planning, the risk of accident during maintenance activities is negligible, although human error may occ...



