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ABSTRACT
Machine-tool breakdowns, both expected and unexpected, make it difficult to devise effective
maintenance plans that do not adversely affect the performance of a manufacturing system. This work
presents a heuristic maintenance grouping algorithm which takes the machine-tool failure information
provided by smart sensors into account to come up with condition-based preventive maintenance plans
that does not severely affect the manufacturing system operations. Studies on the simulation model of a
flow- line manufacturing system integrated with smart sensors indicate that grouping of maintenance
actions increases the uptime efficiency, boosts the production rate, reduces the maintenance cost, and
decreases the production loss.

INTRODUCTION
Machine-tool failures are caused by the wear and tear of its components, variations in manufacturing
processes, and tool snaps. These failures can result in revenues losses, backorders, unplanned
maintenance actions and safety hazards such as leakage of toxic materials, machine-tool crashes and
permanent dama ge to components of machine-tools. To avert unexpected machine-tool failures a
preventive maintenance policy can be adopted for the manufacturing system. According to the policy
guidelines maintenance actions can be executed on a periodic basis or in response to the machine-tool
condition. Performing maintenance periodically can be a costly option because maintenance activities
are carried out even though machine-tools are in good condition. On the other hand condition-based
maintenance (CBM) which is performed on the basis of the condition of machine-tools is likely to cut
down cost by trimming unnecessary maintenance operations.
CBM relies heavily on sensors to detect deviations in important physical parameters that determine the
health of machine-tool components to indicate potential problems and incipient failures in machinetools. Recent developments in micro-electromechanical systems (MEMS) and sensor data processing
techniques have led to the dawn of smart sensors. In contrast to their counterpart traditional sensors,
smart sensors can perform better condition-based monitoring of machine-tool components. Equipped
with on-board processors, smart sensors can quickly process raw sensor data and can promptly detect
and predict machine-tool failures [1] [2]. This work presents an algorithm to build a condition-based
preventive maintenance plan taking into account the machine-tool failure information provided by smart
sensors in a flow- line manufacturing system.

LITERATURE REVIEW
The literature is abound with several decades of extensive research on maintenance planning and
execution. A multitude of maintenance models that take into account the various factors that influence
the planning and execution of maintenances have been developed. In this paper only research related to
group maintenance is reviewed. For an introductory and detailed study of the maintenance literature one
may refer to review papers by McCall [3], Pierskalla and Voelker [4], Osaki and Nakagawa [5], Sherif
and Smith [6], Jardine and Buzacott [7], Valdez-Flores and Feldman [8], Cho and Parlar [9], Jensen
[10], Dekker et al. [11], Pham and Wang [12], Van Der Duyn Schouten [13], and Wang [14].
Group maintenance literature can be classified into two main categories. In the first category, all
components in a subassembly or components that have some kind of precedence relationship with the
faulty component(s) are replaced all at once because it is economically infeasible to replace the faulty
component(s). In the second category, maintenance on machines that fail stochastically and have
identical failure probability distribution is performed simultaneously [14]. None of the existing group
maintenance planning techniques consider the condition of machines (obtained by interpreting sensorbased information) while devising the maintenance plans. The present work is the first in the literature
(to the best of the authors’ knowledge) that takes the information on condition of machines from smart
sensors into consideration when devising a group maintenance plan.

DYNAMIC GROUP MAINTENANCE POLICY
Two types of maintenance strategies can be adopted on the basis of failure information provided by
smart sensors. In the first strategy (on-the-fly maintenance) machines are repaired independently as and
when the sensor-based information becomes available, and in the second strategy (group maintenance)
maintenance for a group of machines is performed simultaneously. The frequent shutdowns of the flowline system for maintenance and high repair costs are the limitations of on-the-fly maintenance strategy.
These limitations can be addressed if group maintenance strategy is adopted. In the group maintenance
strategy the parallel performance of maintenance actions decreases the number of shutdowns and
reduces the maintenance costs to some extent however at the expense of the sacrificing usable machine
life [15]. The proposed maintenance algorithm adopts the group maintenance strategy.

Costs involved
The costs that are taken into consideration while preparing the proposed maintenance plan are, repair
cost, revenue loss, and cost per hour to sacrifice usable machine life. The repair cost of a machine
includes the labor cost, the cost of procuring components that need to be replaced in the machine, and
the cost of materials required to perform the repair. The revenue loss for a machine is computed as the
product of maintenance duration, theoretical production rate, and the profit earned per job. The cost per
hour of sacrificing usable machine life is the ratio of the average repair cost per machine to the mean
time between failures of a machine.
In developing the algorithm five assumptions were made: (a) smart sensors do not fail in predicting
machine-tool breakdowns, (b) all predictions are certain and correct, (c) all machines have the same

failure rate, (d) machines, after receiving maintenance, are as good as new machines, and (e) there is no
upper limit on the maintenance cost.
Dynamic group maintenance algorithm
The objective of the dynamic group maintenance algorithm is to group machines for maintenance such
that the cost that can be saved by grouping maintenances increases. Let T1 , T2 , … TN (Ti + 1 > Ti , ∀ i) be
the times at which maintenance actions are scheduled for M machines that are predicted to fail (M > 1,
M = N). For the ease of explanation, let time instances T1 , T2 , …, Ti, … , TN be referred to as stage 1, 2,
…i, …, N and let Gi represent the set of machines that need to be maintained at stage i.
Step 1: Initialize set Gi with machines that require maintenance at stage i.
Step 2: Start at the penultimate stage, i = N – 1.
Step 3: At stage i compute
• R(i), the net savings that result if maintenance action(s) were advanced from stage i + 1 to
stage i.
• P(i), the cost of sacrificing usable machine life if maintenance action(s) were advanced from
stage i + 1 to stage i.
Step 4: If R(i) > P(i), then Gi = Gi ∪ Gi + 1 and Gi + 1 = {Ø}.
Step 5: Update i = i – 1.
Step 6: If i = 1 go to Step 2 otherwise terminate the algorithm.
The net savings obtained if maintenance actions were advanced from stage i + 1 to stage i is computed
as,
R(i ) = R pC profit Ts + Csetup
where, Ts = min (a, b) , a = max {Td j } and b = max {Td j} .
j ∈Gi

j ∈ Gi + 1

In the above expression, Rp is the theoretical production rate, C profit is the profit per piece, Ts is the
downtime that is curtailed, Csetup is the setup cost to shutdown and restart the flow- line, and Td j is the
repair time of machine j. One setup cost is saved when maintenance of machines at stage i + 1 is
advanced to stage i. The cost P (i) of sacrificing usable machine life of machines in set Gi + 1 if their
maintenances were advanced from stage i + 1 to i is computed as,

P( i ) = ∑ p (Ti +1 − Ti )
where p is the cost of sacrificing a unit of usable machine life of a machine.
The clusters or groups of maintenance actions obtained from the algorithm are valid for the machine
failure information that is currently available. When new information about machine failure is available,
the dynamic group maintenance algorithm is applied taking into account the updated set of machines
that need maintenance.

SIMULATION AND RESULTS
Two simulation models were built. Both the models simulate a flow- line manufacturing system
integrated with smart sensors. In the first model, dynamic group maintenance policy is adopted whereas
in the second model, on-the- fly maintenance policy (no group maintenance) is implemented. The
simulation models are built in Java. Table 1 lists the parameters used in both simulation models.

Table 1: Parameters used in the two simulation models
Flow-line system
Flow-line system
Parameter
employing dynamic
employing on-the-fly
group maintenance
maintenance
Number of machines
80
Same
Part processing time
1 min
Same
Machine breakdown
probability
0.0002
Same
Td is identical for all
machines
10 min
Same
Rp
25 jobs per hour
Same
C profit
$5
Same
Csetup

$100
$3 per hour
$15

p
Repair cost

Same
N/A
Same

Comparision of Production Rate

Comparision of Uptime Efficiency

60.00

100.00%
95.00%
90.00%

40.00
Group Maintenance

30.00

No Group Maintenance

20.00

Uptime Efficiency

Production Rate (jobs/hr)

50.00

85.00%
80.00%
Group Maintenance

75.00%
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60.00%
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Figure 1: Comparison of production rate
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Figure 2: Comparison of uptime efficiency

Comparision of Total Production Loss

Comparision of Maintenance Cost per Machine
$3,000.00

$200.00

$2,500.00

$160.00
$140.00
$120.00
Group Maintenance

$100.00

No Group Maintenance

$80.00
$60.00
$40.00

Total Production Loss

Maintenance Cost per Machine

$180.00

$2,000.00
Group Maintenance

$1,500.00

No Group Maintenance

$1,000.00
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Figure 3: Comparison of maintenance cost

Figure 4: Comparison of production loss

The two scenarios are compared in terms of their production rate, uptime efficiency, maintenance cost
per machine, and the total production loss. Figures 1, 2, 3, and 4 illustrate the simulation results. It is
evident from these plots that the production rate, uptime efficiency, maintenance cost per machine
(consists of setup and repair costs), and net savings are higher when the dynamic group maintenance
algorithm is applied. The difference in production rate and uptime efficiency is not blatantly pronounced
between the two maintenance policies. Whereas the maintenance cost per machine and the production
loss are 51% and 77% higher in case of group maintenance policy, which clearly indicate the advantage
provided by maintenance clustering.

CONCLUSIONS
The current work presents a heuristic group maintenance algorithm that takes the machine-tool failure
prediction from smart sensors in devising maintenance plans. Adopting a group maintenance policy can
reduce the frequency of shutdowns for maintenance which results in an increase in production rate and
uptime efficiency, reduction production loss, and a decrease in maintenance costs although at the cost of
sacrificing some usable machine life. Sample runs of the simulation model of a flow- line manufacturing
system integrated with smart sensors and employing a dynamic group maintenance policy and the same
manufacturing system using on-the- fly maintenance strategy indicate the advantages of grouping
maintenance activities in terms of production rate, uptime efficiency, maintenance cost, and production
loss.
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