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Abstract
Creating a good preventive maintenance schedule is essential to perform an efficient shutdown. This paper is
presenting a mathematical non-linear model that is formulated for the turnaround maintenance scheduling
problem, and proposing an algorithmic optimization approach that combines the scheduling and workforce
allocation in one phase. The strategy used here mainly aims to filter the uncompleted tasks from the tasks set and
then to filter again from the resulted uncompleted tasks the ones which are satisfying the precedence constraint.
If a task is not completed because of its preceding task, then it is put under hold until the precedence is finished.
Once these two conditions are satisfied, the allocation of processors (workers in departments) starts considering
the available ones. The algorithmic optimization approach is based on customized objective function and a
number of constraints. It is coded in MATLAB format and solved using a modified genetic solver. It provides an
optimized or pseudo-optimized schedule and workforce allocation plan, saves time and effort, and as a
consequence it improves the efficiency and effectiveness of the maintenance system. The efficiency of the
proposed algorithm in terms of computation time is affected mostly by the number of assigned tasks and the
branching density of the dependent tasks.
Keywords: preventive maintenance, turnaround, shutdown, planning, optimization, scheduling, un-identical
multiprocessors system, genetic algorithm
1. Introduction
The preventive maintenance in oil refineries is a complicated process where a huge amount of work has to be
accomplished in limited time and with limited resources. Even though, the current practice of preventive
maintenance process is perceived to be of high standard, there is no evidence that this process cannot be
improved further or optimized. Consequently, this study is aiming to provide proof of the usefulness of
continuous process improvement and optimization by studying the Turn Around Maintenance (TAM) projects
implemented in an oil refinery in the middle east (designated by Company A) and focusing on the scheduling
process.
Creating a good schedule with good workforce allocation might be quite hard, if it is decided to be optimized. In
the case study, the scheduling process depends mainly on the experience of the planners. It is a lengthy process
taking time extending from 2 weeks for a small project to around 3 months for a large project, and the final
schedule is usually not optimized in terms of time and workforce utilization. There is an obvious need for a
user-friendly tool that overcomes most of the current deficiencies encountered with the TAM project scheduling
process including the workforce allocation.
The aim of this paper is to minimize the total execution duration of a Turn Around Maintenance (TAM) project
by determining the minimum make span that can be achieved and maximizing the workforce utilization. The
paper proposes an optimization algorithmic approach based on a non-linear mathematical model that combines
the scheduling and workforce allocation in one phase.
The following sections provide a brief on literature review, the scheduling optimization model formulation, the
algorithmic solution approach, sensitivity analysis, discussion and conclusion, and suggested future work.
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2. Previous Studies Review
A number of researches were made in optimizing the scheduling process in the industrial field. Several of them
were studying general mathematical optimization modeling approaches. Smeitink and Dekker (1994) discussed
heuristic solution that minimizes the long term average cost. Cooper et al. (1998) presented a modified list
scheduling algorithm with different alternative strategies and supported by experiment. Bijvank (2004) presented
a mathematical model to schedule the shutdown activities in the most appropriate sequence in order to minimize
the involved overall cost and time. A dynamic scheduling method was provided by Srinivasan and Anderson
(2005) with an introduction of joiners and leavers in a uniprocessor system without causing delays or missed
deadlines. Barroeta (2005) presented a model that minimizes the total cost per unit time during component
renewal cycle. Lindquist (2005) focused on both practical and technical methods to quantitatively estimate the
maintainable equipment condition utilizing the results from independent inspection techniques.
Rahman et al., (2007) provided a dynamic critical path method based on the workflow. A genetic programming
approach was introduced in a multiprocessor scheduling system by Agarwal (2007). Panthi et al. (2008)
presented a mathematical model to estimate preventive maintenance cost for long term contracts using reliability
concepts, considering the life time before a failure can take place and warranty cost. Hilber (2008) introduced an
optimization model that minimized the life cycle cost and optimized the maintenance performance through a
multi-objective problem, and as a conclusion he provided a number of heuristic solutions through an
optimization algorithm. Moghaddam (2010) presented a multi objectives optimization models that were
developed based on a set of economical and engineering considerations.
On the other hand, there are a number of researches describing several techniques used to solve the resource
allocation problem. In one of these researches an optimization model was introduced, it balances the workforce
by considering the skill differences and work mobility (Karabak et al., 2011). Very few researches addressed the
combined task scheduling and resource allocation problem using one tool or unified solution like Bianco et al.
(1995) and Freeman (2003).
3. Scheduling Optimization Model
The TAM scheduling problem that will be considered within the context of this paper is to set a schedule for a
given list of tasks in task set J = (j1, j2, ..., jn) with minimum make span, optimal workforce allocation, and
minimum computation time. In order to develop a mathematical model for this TAM scheduling and workforce
allocation problem a number of assumptions are required based on a TAM real case study. The assumptions are:
the total number of workers is constant and the workers are available all the time; each processor is able to
complete his task at the given time; transformation time from one task to another is negligible or equal to zero;
all the tasks are predetermined and mandatory; the relaxation of any task is out of the scope. In addition, all the
tasks are performed at least with the minimum required quality standard. Therefore, it is assumed that quality is
fully applied. Moreover, tasks’ durations are known and calculated prior to assigning workforce. However, the
total duration of the TAM project is not known and needs to be determined. Finally, once a number of workers
from certain processor (department) assigned to perform a task, this number shall not be modified or changed
until this task is completed. The parameters and variables used in the model are as follows.
3.1 Input Parameters
J: Set of all tasks {ji; i=1,2,…………,n}, where n represents the maximum number of tasks
A: Set of all available processors {ai; i=1,2,…………,m}, where m represents the maximum number of
processors
aT: The total number of workers in processor a ϵ A
N: An indicator for the initial task precedence input
Nj = 1 , if task j ϵ J has a precedence task
= 0 , if task j ϵ J has no precedence task
B: Processor ability matrix (Performing ability)
Bj,a = 1 , if processor a ϵ A has the ability to perform task j ϵ J
= 0 , if processor a ϵ A does not have the ability to perform task j ϵ J
DTj,a: The total execution duration of task j ϵ J before assigning workers from processors a ϵ A, assuming that the
task requires only one processor and one worker from that processor.
DPj,a: The preparation duration of task j ϵ J for execution, which is a fixed time not affected by the increase of
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assigned workers from processor a ϵ A
3.2 Decision Variables
Xtj,a: Allocation of tasks to processors (Allocation ability)
Xtj,a = 1 , if processor a ϵ A is assigned to complete task j ϵ J at time t
= 0 , if processor a ϵ A is not assigned to complete task j ϵ J at time t
ytj,a

is the number of workers from processor a ϵ A assigned to perform task j ϵ J at time t

af

D j,a: The duration of the task j ϵ J after assigning workers from processor a ϵ A, Dafj,a ϵ Ɽ, where Ɽ is the group
of real numbers
3.3 Supporting variables
P: The completion of precedence task. It is a dynamic variable changes with time, only active if Nj = 1.
Ptj = 1 , if task j ϵ J has an uncompleted precedence task at time t
= 0, if task j ϵ J has completed precedence task at time t
Q: The task completion. It is a dynamic variable changes with time.
Qj = 1 , if task j ϵ J is completed
= 0, if task j ϵ J is not completed
aavt

is the available number of workers in processor a ϵ A at time t

t: Vector start time which increments with time, t ϵ Ɽ
Rtj,a: The release time for workers assigned from processor a ϵ A from task j ϵ J.
3.4 Objective Function
The objective is to minimize the make span (C) of a certain processor a ϵ A, which is repeated for all processors
at all times t resulting into a dynamic optimization model. The number of workers assigned (ytj,a) to the available
tasks j at time t, are set to minimize C:
Minimize C = ∑

1* Dafj,a = ∑

1 ∗ (DCj,a / ytj,a) ⦡ a ϵ A, t ϵ T
af

T

p

(1)
ytj,a,

The duration of the task after assigning workers from processor is D j,a = (D j,a - D j,a) /
where Dafj,a
T
represents the duration of the task j after assigning workers from processor a, D j,a is the total duration of task j
before assigning workers from processors a, Dpj,a represents the preparation duration of task j which is a fixed
time not affected by the increase of assigned workers from processor, ytj,a is the number of workers from
processor a assigned to perform task j. Since DTj,a and Dpj,a are given values, therefore for simplicity the value is
calculated and given as DCj,a = DTj,a – DPj,a, therefore Dafj,a = DTj,a / ytj,a. Equation 1 represents a customized
objective function of dynamic nature.
In the final step to calculate the total execution duration of the TAM project the following expression, which
represents the maximum finish time of all the tasks in set J, is used:
DTAM = Max (Sj + Dafj,a) = Max (Sj + (DCj,a / ytj,a))
⦡j

(2)

⦡j

3.5 Problem Constraints
The following constraints need to be observed:
Xtj,a = 0 ⦡ j ϵ J, a ϵ A │Bj,a = 0

(3)

The above equation shows that processor a cannot be assigned to a task unless it has the right matching skill (if
Bj,a = 0, then Xtj,a = 0). This constraint as explained above narrows the total binary decision variables needed. So
it decreases the needed time for the solution (Freeman, 2003).
Ptj ≥ 0 ⦡ j ϵ J│Nj = 1

(4)

This expression is to reduce the number of supporting binary decision variables; the decision of having a
completed or non-completed precedence task k is only active if task j has a precedence task k.
Ptj = 0 ⦡ j ϵ J│ Nj = 1 and Qk = 1

(5)

The above equation shows when task j have a completed precedence k. The equation reduces the number of
supporting binary decision variables.
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Qj =1 ⦡ j ϵ J │Dafj,a > 0 and ytj,a > 0

(6)

This equation shows when task j is considered completed. It reduces the number of binary decision variables.
Σ a ϵ A Xtj,a = 1 ⦡ j ϵ J

(7)

The above equation specifies that each task j must be assigned once to one processor, i.e. a task cannot be shared
by two or more processors (departments) (Freeman, 2003).
Minj ≤ ytj,a ≤ Maxj
⦡ j ϵ J, ⦡ t ϵ Ɽ│ Ptj = 0, Qj = 0, Bj,a = 1

(8)

The ytj,a must not exceed the acceptable upper limit of task's workers capacity as explained earlier, limited by
working area size or available machines/tools, and must not be less than the acceptable lower limit of task's
workers capacity able to perform task j.
ytj,a ≥ 0
⦡ j ϵ J, ⦡ t ϵ Ɽ, ytj,a are integers │ Ptj = 0, Qj = 0, Bj,a = 1

(9)

This expression is to make sure that the number of workers from each processor shall be integer and cannot
accept negative numbers.
aavt = aT – ∑

1 ∗ ytj,a * Xtj,a

⦡ j ϵ J , a ϵ A, ⦡ t ϵ {t : Rtj,a}│ Ptj = 0, Qj = 0, Bj,a = 1,
or │Nj = 0, Qj = 0, Bj,a = 1

(10)

This equation is to calculate the available number of workers in each processor after each increment of time,
subtracting the utilized workers in all task j from the total number of workers given at the beginning of the
process for each processor. But this equation must satisfy the condition of the task being not completed Qj = 0,
has no uncompleted precedence Ptj = 0, and the processor a has the ability to perform the task j Bj,a = 1, or
satisfying the condition of the task being not completed Qj = 0, has no precedence task Nj = 0, and the processor
a has the ability to perform the task j Bj,a = 1.
If ytj,a is determined for Dafj,a, then the number of workers from processor a which assigned to task j (ytj,a) is not
available during all the duration of Dafj,a, so if this was assigned at time t, then the workers are not available until
the end of duration t + Dafj,a. Therefore, the release time for these workers is Rtj,a = t+ Dafj,a.
4. Algorithmic Solution Approach
The proposed model (expressions 1-10) is a nonlinear integer programming formulation for the TAM scheduling
problem, which is considered as a large sized problem. Exact solution of such problem is expensive in terms of
computation time. To overcome this difficulty an algorithmic solution approach is developed. The developed
algorithm is solved by a MATLAB genetic solver that can solve constrained and non-constrained optimization
problems based on natural selection. The method repeatedly modifies a population of individual solutions to get
the optimal solution.
The developed model solution approach as indicated in Figures 1 and 2 starts by identifying the available tasks
that can be scheduled (from the task set) for a specific processor. The available tasks include any task with no
preceding task or with finished preceding task. These available tasks are then scheduled for that specific
processor and workers are allocated by solving the model of equations 1 to 10 by the genetic solver.
Once the available tasks are scheduled and their starting and finishing times are set, the algorithm identifies the
task with the earliest finishing time. The time indicator is incremented to that time and the available tasks list is
updated, then the available tasks are scheduled and workers allocated to the specific processor. This process is
repeated until no further tasks become available for that processor. The same procedure is repeated for the other
processors and updated until the entire task set is scheduled and required workforce is allocated. Some
processors might be visited more than once based on when the task will be available.
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Figure 1. The general systematic process flow chart of the developed algorithm
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Figure 2. The detailed decision making process flow chart of the developed algorithm
5. Results
The established algorithm solving program provides the final schedule that specifies for each task the number of
assigned workers, duration, start time, and finish time, In addition, it provides network diagram and Gantt chart
illustrating the tasks durations, and schedule. The chart can be used for monitoring and follow up the TAM
project execution.
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Figure 3. The task duration of the current solution vs. the algorithm solution

Figure 4. The number of assigned workers of the current solution vs. the algorithm solution
The established model and its coded algorithm are used to solve a small TAM scheduling project provided by
company A (real data). The results provide almost similar results of the current available solution regarding the
number of assigned workers and duration, as indicated in Figures 3 and 4. However, an improvement in the total
TAM execution duration is noticed. The proposed algorithm shows a reduction of 4.8% in the project total
execution duration, which is achieved by a better utilization of the workforce resources. The most important
improvement is the reduction in the time required for solving the TAM scheduling problem (elapsed time). The
solution of the TAM project by the developed algorithm is achieved in 51.34 seconds only (elapsed time)
whereas it used to be achieved in around 40 hrs by the currently used solution approach. After all, the algorithm
provides a better schedule, than the currently available one, based on the given data, and reduces the solution
time.
The developed algorithm is also used in solving a real application TAM project given by the same Company A,
which proves the workability of the algorithm for large scale TAM projects.
5.1 Sensitivity Analysis

The algorithm is assessed for its performance in terms of elapsed time. The assessment is done by conducting
one-way ANOVA sensitivity analysis for the algorithm decision parameters including, branching density
(precedence relationship), number of processors, and number of tasks. The results of Tables 1-3 show that:
•
•
•

changing the density of branching affects the algorithm performance in terms of computation elapsed time.
Lesser branching projects has shorter elapsed time, while higher branching density and more complex
precedence relationships of projects' tasks have longer elapsed time.
changing the number of assigned processors (departments) is not affecting the algorithm performance in
terms of elapsed time, increasing or decreasing the number of assigned departments or skills have no effect
on the elapsed time.
changing the number of assigned tasks affects the algorithm performance in terms of elapsed time. Lesser
number of tasks has shorter elapsed time, while greater number of tasks has longer elapsed time.

The assessment is supported by Two-way ANOVA analysis to test the interaction of the parameters on the
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algorithm performance. The results show that all the parameters affect the algorithm performance but to different
extents. The most significant effect is referred to density of branching and number of tasks, and their interaction
(Table 4).
Table 1. The computed elapse time and elapsed time percentage error* of different branching density levels
Branching
density
2
5
7
10
12

Elapsed time**
Range
26.47 – 28.84
33.13 – 33.55
49.34 – 50.08
65.18 – 68.85
81.73 – 83.71

Average
27.897
33.347
49.652
65.916
82.35

Elapsed time percentage error***
Range
Average
-3.38 – 5.11
0
-0.60 – 0.65
0.004
-0.86 – 0.62
0.002
-4.45 – 1.11
0.005
-1.65 – 0.75
0.002

Table 2. The computed elapse time and elapsed time percentage error* of different number of processors
Branching
density
4
6
8

Elapsed time**
Range
24.25 – 25.22
24.15 – 24.63
24.02 – 24.98

Average
24.537
24.262
24.392

Elapsed time percentage error***
Range
Average
-2.78 – 1.16
0.005
-1.51 – 0.46
0.002
-2.41 – 1.52
0.002

Table 3. The computed elapse time and elapsed time percentage error* of different number of tasks
Branching
Elapsed time**
density
Range
Average
15
11.8 – 12.61
12.225
30
32.05 – 32.57
32.242
60
100.57 – 101.99
101.371
90
215.5 – 222.96
219.071
* Percentage error = (Average error – error / Average error) *100

Elapsed time percentage error***
Range
Average
-3.14 – 3.47
0
-1.01 – 0.59
0.001
-0.61 – 0.61
0
-1.77 – 1.63
0

** The values are for 10 trials
*** Elapsed time percentage error is relative of the 10 trials
Table 4. The results of two-way ANOVA analysis
Source
F◦
A (Tasks)
116810
B (Dept.)
98.41822
C (Branching)
58215.24
AB
70.01156
AC
4734.555
BC
103.4087
ABC
65.91624
F critical (Fα) = 4.2597 for α = 0.05
6. Conclusion
This study is an extension of the scheduling optimization studies of the non-identical multiprocessor and
dependent tasks. It provides a tool that combines the scheduling and workforce allocation in one phase. The
basic idea of the adopted approach is to optimize the scheduling process of TAM project by determining the
minimum total duration (make span), which can be achieved by maximizing the workforce utilization. The study
addresses the TAM scheduling process for a number of tasks, deciding the suitable order of these tasks, and
allocating the right workforce size for each task which provides the project minimum make span.
The results show that the proposed algorithmic model provides good workforce deployment and produces a
detailed schedule specifying when each task starts and when it is expected to end, and how many workers are
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assigned for each task. The model takes in consideration the un-identical multiprocessors system (different
departments with different skills). The major conclusion is that using the proposed model saves time and effort,
provides an optimized schedule and workforce allocation plan, and as a consequence it improves the efficiency
and effectiveness of maintenance systems. The efficiency of the proposed algorithm in terms of computation
time is affected mostly by the number of assigned tasks and tasks' branching density of the dependent tasks.
The proposed algorithm performs well and gives a feasible solution which is highly dependent on the problem
objective function and constraints. It provides better time deployment, reduces the total TAM execution duration,
reduces solving time, and provides a semi-optimal if not optimal schedule and workforce allocation, without
compromising the quality of the work.
For Future work, it is recommended to investigate task durations of probabilistic nature rather than deterministic.
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