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Abstract—In today’s competitive market, most companies 

develop manufacturing systems that can help in cost reduction and 
maximum quality. Human issues are an important part of 
manufacturing systems, yet most companies ignore their effects on 
production performance. This paper aims to developing an integrated 
workforce planning system that incorporates the human being. 
Therefore, a multi-objective mixed integer nonlinear programming 
model is developed to determine the amount of hiring, firing, 
training, overtime for each worker type. This paper considers a 
workforce planning model including human aspects such as skills, 
training, workers’ personalities, capacity, motivation, and learning 
rates. This model helps to minimize the hiring, firing, training and 
overtime costs, and maximize the workers’ performance. The results 
indicate that the workers’ differences should be considered in 
workforce scheduling to generate realistic plans with minimum costs. 
This paper also investigates the effects of human learning rates on the 
performance of the production systems.  

 
Keywords—Human Factors, Learning Curves, Workers’ 

Differences, Workforce Scheduling 

I. INTRODUCTION 

UMAN capital is the sum of the knowledge, experience, 
expertise, capability, capacity and creativity possessed by 

the individuals of an organization. Workforce scheduling is a 
systematic identification and analysis of what a company is 
going to need in terms of the size, type, and quality of 
workforce to achieve its strategic objectives. It determines 
what workforce is needed to support production. It ensures 
having the right people at the right place at the right time to 
meet the company's employment needs. This includes 
planning for hiring new workers, firing extra workers, and 
training existing workers. Most work in the area of production 
planning and scheduling has completely ignored the human 
aspects that are inextricably linked to the planning of 
production [1]–[3]. As one of the main elements in production 
planning, human issues cannot be ignored without 
considerably reducing benefits of the production system.  

 
M. Othman is with the Mechanical and Industrial Engineering Department 

Concordia University, Montreal, Quebec, Canada H3G 1M8 (phone: +1514-
836-3771; fax: +1514-848-3175; e-mail: mohothman2002@yahoo.com).  

N.  Bhuiyan is with the Mechanical and Industrial Engineering Department 
Concordia University, Montreal, Quebec, Canada H3G 1M8 (e-mail: 
bhuiyan@alcor.concordia.ca). 

G. J. Gouw is with the Mechanical and Industrial Engineering Department 
Concordia University, Montreal, Quebec, Canada H3G 1M8 (e-mail: 
gerard.gouw@concordia.ca). 

 
There are few reported research results related to human 

factors incorporated in production planning. The advantages 
derived from integrating human factors with production 
systems have been discussed [4]-[5]. These benefits have been 
established through surveys and actual implementations. In 
highly competitive companies, integration of human aspects 
with production planning helps to increase productivity, 
reduce throughput times, and improve product quality. These 
findings present a significant research opportunity.  

In this paper, a new model for workforce scheduling to 
support production planning is developed to achieve better 
production performance. The model considers several human 
aspects skills, training, motivation, workers’ personalities, 
workers’ capacities and workers learning rates. This research 
aims to study how worker differences affect workforce 
planning and management decisions at tactical and operational 
levels. This research is organized as follows: section II 
presents a literature review of human factors and their relation 
to workforce planning. Section III introduces a formal 
definition of the problem along with a mathematical 
formulation that addresses the various aspects of the 
workforce planning process. Next, section IV addresses the 
importance of incorporating the human differences into 
workforce planning process by considering personality and 
productivity in the model. It provides some insights into the 
impact of some interrelated human factors on the workforce 
planning decisions under stable operating conditions.  Finally, 
section V presents the conclusions and future research 
directions for this paper. 

II. LITERATURE REVIEW 
Effective production planning processes are essential for 

success in manufacturing operations. Several research papers 
have highlighted the importance of interactions between some 
key human factors and the production system and the need to 
incorporate organizational behavior issues in operations 
management [6]-[7]. Previous research has determined that 
the worker assignment strategies, worker skills, training, 
communication, autonomy, reward/compensation system, 
teamwork aspects, and conflict management need special 
attention for companies implementing cellular manufacturing 
[6]. A mathematical model was developed to deal with a 
simultaneous dynamic cell formation and worker assignment 
problem [7]. They discussed the importance of incorporating 
the human issues into traditional dynamic cell formation.  
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In their model, they considered some human issues such as 
hiring and firing workers, training, salary and workers’ skills. 
Moreover, they concluded that considering the learning curve 
and other human issues in the model would be a promising 
area of work in future research. A more recent comprehensive 
review of the literature on the human factors of production 
scheduling is provided [8]. 

Human Factors (HF), or ergonomics, has been defined as 
“the theoretical and fundamental understanding of human 
behavior and performance in purposeful interacting socio-
technical systems, and the application of that understanding to 
the design of interactions in the context of real settings”[9]. 
Previous literature on workforce management has addressed 
various issues such as worker differences and how much 
performance improvement can be gained [10]-[14]. Human 
performance is the accomplishment of a task by a human 
operator. A model that highlights the four components of job 
performance a manager controls was presented [15].  

These components are selection such as skills, and 
personality, training, recourses such as people, machines, 
policies and finally motivation. People with high personality 
levels will be more motivated to perform well because they 
are confident they have the ability to do their job [16]. 
Personality is a major force behind individual differences in 
behavioral tendencies. It influences job performance by 
determining whether an individual has a natural inclination for 
job duties whether a physical or cognitive job. Motivation is 
generally the most accepted mediator of personality 
dimensions and job performance relationship [17].  

A model that studies the interaction among three variables 
which affect the job design was proposed [18]. These 
variables are personal psychological state, jobs characteristics, 
and individual’s attributes that determine his response for a 
challenging work. A model that can link between worker 
motivation and productive performance was developed [19]. 
In their paper, they suggested that expected work performance 
of individuals is determined by three factors: capacity, 
opportunity and willingness. General cognitive ability (GCA), 
defined as the ability to process information, was used to 
model individual differences to predict job performance in all 
jobs [11]. Many attributes, conditions, and reactions affect the 
person's performance [20].  

Examples of these factors are task type, task quantity, task 
environment, person's capability and attitude. The impact of 
worker differences on the production system was studied since 
individual differences can result in substantial loss in 
throughput [21]. As far as the authors are aware, incorporating 
human factors such as personality, capacity, skill, training, 
learning, productivity and motivation together into workforce 
planning has not been previously considered in the existing 
literature. Recently, a new approach to workforce planning 
problem in order to incorporate human issues into production 
planning was presented [22].  

The results showed that costs have a significant effect on 
the selection of the workers with different skill ability. Using 
this approach, there is a significant research opportunity to 
incorporate human differences in the planning process.   On 
the other hand, researchers utilized mathematical models, 
heuristics and simulation to study the impact of some human 

aspects such as cross-training, motivation, and learning curves 
on system performance. Four optimization models for 
different cross-training scenarios was developed to assist 
managers in deciding optimum tactical plans for training and 
assigning a workforce according to the skills required by a 
forecasted production schedule [23]. The concept of a multi-
level flexibility workforce using simulation was investigated 
[24]. The results indicate that it is better to have a combination 
of workers with high flexibility and workers with no 
flexibility rather than employing all workers with equal 
flexibility. An aggregate production planning model that 
includes workers’ training, legal restrictions on workload and 
workforce size was developed [25]. General cognitive ability 
metric was used to model individual difference in efficacy of 
cross-training and worker productivity [14]. A MIP model for 
assigning workers to manufacturing cells in order to maximize 
the profit was proposed [26]. The model considered both 
technical skills and human skills. Results indicate that the 
model provides better worker assignments than the one 
considering only technical skill. A fuzzy multi-objective 
nonlinear programming model for aggregate production 
planning problem in a fuzzy environment was developed [27]. 
Learning curve effects have been considered in formulating 
the model. Workers motivation, learning and forgetting 
factors and workers' skills was considered to measure 
employees’ boredom and skill variations during a production 
horizon [28]. A model that incorporates learning curves and 
workers experience in modeling a scheduling problem was 
developed [29]. Learning is the process of acquiring 
experience, knowledge, and ability by a worker. According to 
learning curve theory the productivity of the worker increases 
with increase in experience due to learning effect. In the 
manufacturing sector, learning curves are extensively 
formulated to support workforce planning decisions. Learning 
has been considered in service workforce planning, and 
cellular manufacturing. An approach to measuring 
organizational learning, wherein individual worker 
heterogeneity is modeled, was introduces [30]. An important 
extension of this approach by incorporating both learning and 
forgetting into an individual-based model of productivity was 
introduced [31]. In this model, both the learning and the 
forgetting components were shown to be preferred models 
among numerous candidate models [32]-[33]. 

The literature on production planning models that consider 
the human aspects was also surveyed. It was found that many 
quantitative models on aggregate planning, master scheduling 
and material planning including optimization, heuristics, and 
simulation have been developed [34]-[40]. There have been 
many interesting developments on the technical side of 
planning and control, but all of these models ignored most, if 
not all, of the important human factors that can be critical for 
production planning performance. Moreover, little work has 
been precisely modeled workforce planning problem that 
incorporates workers learning, with motivation and individual 
personal traits. However, the research to be presented in the 
next section will contribute to the literature by extending 
existing models of workforce planning beyond current 
capabilities. This provides the motivation to work towards 
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developing a more comprehensive model that includes 
manufacturing and human parameters.  

III. MATHEMATICAL MODELING 
In this paper, we assume that we have a manufacturing 

company that has different machines types, which are grouped 
into three machine levels depending on their complexity. 
Machine level one contains machines that are easy to operate 
by low skills level, machine level two requires an intermediate 
skills level and finally machine level three is the most 
complicated level that needs a high level of human skills. 
Worker flexibility has been considered in order to reduce the 
manufacturing system variability. It can be achieved by using 
overtime, training, and temporary workers assignment. 
Workers are grouped according to different human skills and 
personalities. Each worker has at least one skill level and can 
be assigned to certain machine levels. Various personal traits 
can make up a human being. They are the endowments of 
human character (personality traits). They are grouped within 
the categories of an individual's miscellaneous attributes and 
skills. Worker skills include communication skills, leadership 
skills, planning skills, problem-solving skills, teamwork skills, 
and technical work skills. However, personal attributes 
include the worker who is creative, dynamic, educated, 
efficient, energetic, focused, healthy, intelligent, integrity, 
knowledgeable, organized, previous success in work, 
relationship with others, responsible, seek improvement, and 
strong. However, due to difficulty in measuring some of the 
subjective personal attributes, we divided the skill levels and 
the personal levels into three levels: level 1 indicates the 
lowest level, level 2 indicates the middle level, and level 3 
indicates the highest level. In this paper, personality levels are 
measured based on percentile scores. Level 1 indicates the 
range from 0 to 33.3th percentile, level 2 indicates the range 
from 33.4th to 66.6th percentile, and level 3 indicates the 
range from 66.7th to 100th percentile. For example, people 
with high scores on conscientiousness tend to be responsible, 
organized and mindful of details, whereas people with low 
scores on openness tend to have less curiosity and more 
traditional interests. However, people with similar 
characteristics are grouped into personality levels, which 
reduce the variability of considering individual personality 
profiles. In order to quantify the personality domains, a 
researcher can develop special personal tests and provide it 
the workers to estimate their personal abilities.  Each worker 
has at least one skill or personal level and can be assigned to 
certain machine levels. In each period, workers can be trained 
in order to improve only their skill level. It is assumed that all 
workers have initial productivity to start their work at the first 
period depending on their capacity and motivation and 
working conditions. One of the best ways to increase profits 
for a company is to increase productivity. As time passes by, 
workers become more productive.  

On the other hand, performance measures quantitatively tell 
us something important about products and services that 
organizations produce them. In this paper, two performance 
measures are used to evaluate the generated workforce plan. 
The first one is to minimize the total costs resulted from the 

hiring, firing and training, and over time in dollars unit. The 
second one is used to maximize workers performance. Costs 
and workforce performance can be critical in production 
planning efficiency. However, in order to satisfy the total 
demand of each period, we are interested in determining: 
1) How many workers to assign to each machine level in 

each period? 
2) How many workers, with which skill levels to hire or fire 

in each period? 
3) How many workers to train from lower skill level to 

higher one in each period? 
4) How much performance of the workers to be achieved?  

A. Assumptions 
1) The values of all parameters are certain over the planning 

horizon.  
2) Cost of hiring, firing and training workers are known and 

deterministic for each skill level and personal capabilities. 
3) The availability of all workers is assumed to be equal to 

80% by considering daily breaks. 
4) The number of worker skill levels is equal to the number 

of machine levels. 
5) Capacity and willingness of the workers are increased as 

their skills and personalities levels increased. 
6) Productivity of the worker is increased exponentially over 

time horizon. 

B. Model Development 
The model developed is a multi-objective mixed integer 

nonlinear programming model that allows for a number of 
different staffing decisions (e.g. hire, train, fire and overtime) 
in order to minimize the sum of hiring, firing, training and 
overtime costs and maximize workers performance over all 
periods. In presenting the model, the following notations are 
used.  

1. Indices 

t  = Index of planning periods (weeks), Tt ,...,2,1=  

kj,  = Index of human skill levels, Skj ,...,2,1, =   

yx,  = Index of machine levels, x, y = ML,...,2,1  
p  = Index of personality attributes, p= 1, 2,…, P 

2. Parameters 

jth  = 
Cost of hiring a worker with skill set j in period 
t  ($/worker-week) 

jtf  = Cost of lay-off of a worker with skill set j in
period t  ($/worker-week) 

kjttr  = Cost of training a worker from skill set k to skill
set j in period t ($/worker-week)  

jptsr  = weekly salary of a p - level worker with skill set 
j at regular time in period t ($/worker-week) 

jtso  = Hourly rate of a worker with skill set j at 
overtime in period t  ($/worker-hour) 
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jtA  = Available regular working hours of a worker 
with skill set j  for each person in each period t
(worker-hours/worker-week) 

jtAOT  = Available overtime working hours of a worker 
with skill set j  for each person in each period t
(worker-hours/worker-month) 

jpC  = Capacity of a p -level worker with skill set j  
for each person in each period 

xO
 

= Opportunity to work on machine level x  in 
each period 

jpxR
 

= Readiness (willingness) of p -level workers 
with skill set j  to work on machine level x  

jtD  = Demand for skill  j  in period t (worker-hours) 

kjss  =
⎪⎩

⎪
⎨
⎧

0

1 If training from skill level k  to skill level j  is 
possible; 
 
otherwise, 

jxws  =
⎪⎩

⎪
⎨
⎧

0

1 If working on machine level x  with skill level 
j  is possible; 

 
otherwise, 

jpxINP  = Initial productivity level for worker p - level 
workers with skill level j working on machine 
level x 

jpxE  = Difference in rate of output between the initial 
rate of jpxINP and the maximum rate of 

productivity (Pr)  
jpxLE  = Individual learning constant for worker p - level 

workers with skill level j working on machine 
level x 

jxINW  = Initial number of  workers with skill set j
required to be assigned to machine level x
(worker-weeks) 

M  =  A big number 

zw  = Positive weights that reflect the decision 
maker’s preferences regarding the relative 
importance of each goal, Z =1, 2 

1Z  = Desired cost level 

2Z  = Desired performance can be achieved 

3. Decision Variables 
jtxW  = Number of workers with skill set j  required to be 

assigned to machine level x  in period t (worker-
weeks)  

jtxH  = Number of workers with skill set j  hired and 
assigned to machine level x  in period t  (worker-
weeks) 

jtxL  = Number of existing workers with skill set j  who 
are assigned to machine level x  in period 

1−t and they are laid-off in period t  (worker-
weeks) 

kjtyxY  = Number of workers who were assigned to 
machine level y  and then are trained from skill 
set k  to skill set j  and assigned to a higher 
machine level x  in period t (worker-weeks) 

jtxOT = Overtime hours of a level workers with skill set j
in period t (worker-hours) 

jptxV =
⎩
⎨
⎧
0
1 if a p - level worker with skill level j can work on 

machine level x in period t; 
otherwise 

jptxPr = 
Productivity if a p - level worker with skill level j 
does work on machine level x during time t (based 
on time-constant leaning model) 

jptxPO = 
The output performance from  a p - level worker 
with skill level j working on machine level x 
during time t  

4. Objective Function  
The objective is to minimize costs and maximize workers’ 

performance over the time horizon:  
Goal 1: minimize: 

( )
( ) ( )∑ ∑ ∑ ∑ ∑ ∑∑ ∑ ∑ ∑
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Goal 2: maximize 
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 y,x,t,p,k,j∀ (7)
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S
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 y,x,t,p,j∀ (10)

( )jptxjptx QML −≤ 1  x,t,p,j∀ (11)
jptxjptx QMH ×≤  x,t,p,j∀ (12)

( )jptxjptx UML −≤ 1  x,t,p,j∀ (13)
jptxjptxjptx PrVPO ×≤  x,t,p,j∀ (14)

1≤jptxPr  x,t,p,j∀ (15)
jpxjptx wsMV ×≤  x,t,p,j∀ (16)

jptxjptx VMW ×≤  x,t,p,j∀ (17)
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0
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jptxjptxjptx
kjptyxjptxjptxjptx

∈
≥ y,x,t,p,k,j∀ (20)

Constraint (1) shows the total available worker hours is 
equal to the number of hours required for each skill in each 
period. Constraint (2) guarantees that the available workforce 
in any period equals workforce in the previous period plus the 
change of workforce in the current period. Constraint (3) 
ensures that the overtime workforce available should be less 
than the maximum overtime workforce available in each 
period. Constraint (4) ensures that the total number of workers 
who are assigned to machine level x in period t-1 and now 
fired or trained for upper skill levels should not be greater 
than the number of workers required in previous period. 
Constraint (5) ensures that workers can be fired if and only if 
the assignment is possible. Constraint (6) denotes that workers 
can be hired if and only if the assignment is possible. 
Constraint (7) Training for better skills is possible if and only 
if the previous assignment is possible. Constraint (8) ensures 
that training for better skills is possible if and only if the latter 
assignment is possible. Constraint (9) ensures that training for 
better skills is possible if and only if training to that skill is 
possible. Constraints (10) and (11) guarantee the workers who 
are trained for skill level j should not be fired in the same 
period. Constraints (12) and (13) ensure that either hiring or 
firing workers occurs but not both. Constraint (14) ensures 
that the total output, PO, is always less than the productivity 
of the workers. The approximation is reasonable for relatively 
short periods. Constraint (15) ensures that the productivity of 
each worker is less than or equal to one during each time 
interval. Constraint (16) ensures that each worker is assigned 
at specific machine level during each time interval. Constraint 
(17) ensures workers are used at specific machine level in a 
certain period if and only if they are able to work in this 
particular level. Constraint (18) states that the initial 
productivity level for worker (j, p) on machine level x 
depends on the working opportunity, workers capacity and 
their willingness. Constraint (19) is necessary to determine the 
production rate for worker (j, p) on machine level x during 
period t, which depends on the worker’s experience 
performing tasks on that machine level.  

The current formulation is based on log-linear learning, and 
it is assumed that the worker’s learning function for a 
particular machine level is only related to the worker’s initial 
productivity level for that machine level and how much time 
the worker has spent performing that task on this specific 
machine level. This constraint makes this problem nonlinear 
and this particular formulation a challenge to solve. Finally, 
constraint (20) shows the non-negativity constraint and the 
binary variables. 

Goal programming can be used to solve the problem. The 
decision maker must determine the penalty weights that reflect 
his preferences regarding the relative importance of each goal. 
For example, penalty weights equal to 1 signifies that all goal 
carry equal weights. The solution procedure considers one 
goal at a time, starting with the performance maximization 
goal, and terminating with the cost minimization goal. The 
process is carried out such that the solution obtained from the 
first goal never degrades the second goal solutions. However, 
the following steps can used to handle multi-objective 
functions:  
1) Define the LP1 as the first linear programming model with 

objective function Z1 and LP2 is the second linear 
programming model with objective function Z2. 

2) Identify the goals of the model and rank them in order of 
importance: goal 1: minimize total costs (Z1), goal 2: 
maximize the total workers performance (Z2). 

3) Solve LP2 that maximizes Z2, and then solve LP1 that 
minimize Z1 and add the previous objective functions Z1 
and Z2 to the initial constraints to ensure the goals Z1 and 
Z2 are not degraded. 

4) Solve the combined objective function that minimizes the 
deviational variables which represents both goals. 

First, additional terms are defined. Let  
+

1S  = The positive deviation from goal 1 
−

1S  = The negative deviation from goal 1 
+
2S  = The positive deviation from goal 2 
−
2S  = The negative deviation from goal 2 

 
All these deviations should be measured in terms of value. 
Then the formulation of the problem reduces to: 

Minimize: −+ ×+×= 2211 SwSwF  
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Next section explains the previous procedure through a 
given numerical example. 

 
IV. COMPUTATIONAL RESULTS 

To illustrate the model proposed in this paper and assess the 
effect of workers` differences on total costs and workforce 
plan, a simple example is presented in this section. Insights on 
the effect of various human factors on workforce planning 
decisions are presented. Different scenarios are tested to show 
the impact of personality levels and performance on 
workforce decisions.  
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A. Numerical Example 
A company produces its products to fulfil known demand 

along an 8-week planning horizon. The hiring, firing and 
training costs are assumed to be higher for higher skill and 
personal levels. Also, it is assumed that the worker is available 
for 40 hours a week (160 hours per month) at regular time and 
he is available for 10 hours a week (40 hours per month) at 
overtime. However, it is assumed that a worker is not 
productive during daily breaks that are assumed to last for a 
constant 1.5 hours a day. Moreover, it is assumed that worker 
motivation depends on his skills and personality. Worker 
willingness to work is increasing as machine level is 
increasing over the planning period. Input data are shown in 
tables I-VII. The known demand of worker skills in worker-
hours in each period is summarized in Table I. Table II shows 
workers’ availabilities. Table III shows the available 
workforce at period zero. Table IV shows the cost of training 
from skill level to another skill level in each period. 
Willingness to perform o each machine level for every 
personality level is illustrated in Table V. Learning parameters 
for each worker type are illustrated in Table VI. Hiring costs, 
lay-off costs, overtime costs and workers’ capacities are 
shown in Table VII. Using the input data presented, the model 
consists of 4152 variables and 2903 constraints and the global 
optimal solution for the problem can be obtained using 
LINGO 13.0 software within 3 minutes of program running. 
The total performances of the workers are 124.2 and the total 
costs are $1,669,220. 

 
TABLE I  

DEMAND OF WORKER SKILLS IN EACH WEEK (worker-hours) 
 W1

a
 W2  W3  W4 W5  W6  W7 W8

Worker 
Skill 1 3200 1600 3200 2240 2080 3200 2080 3200 

Worker 
Skill 2 3520 3200 3520 3200 3200 2560 3200 2560 

Worker 
Skill 3 3840 2880 3840 2880 3200 1920 3200 1920 

a
W1 represents Week 1 
 
Results from the proposed model are shown in Table VIII. 

In this paper, many human factors such as workers’ training, 
skills, overtime, workers’ availabilities, workers’ capacities, 
workers’ personalities, workers' learning and workers’ 
motivation are considered to show the importance of including 
these factors at the early planning stages.  

However, the results from the model offer staffing 
decisions on what, how and when to hire, fire and train. Also, 
the number of worker-hours during regular time and overtime 
is determined.  

 
TABLE II  

WORKERS’ AVAILABILITIES (worker-hours) 
  W1 W2 W3 W4 W5 W6 W7 W8 
Skill 
1 

regular time 40 40 40 40 40 40 40 40 

overtime 10 10 10 10 10 10 10 10 

Skill 
2 

regular time 40 40 40 40 40 40 40 40 

overtime 10 10 10 10 10 10 10 10 

Skill 
3 

regular time 40 40 40 40 40 40 40 40 

overtime 10 10 10 10 10 10 10 10 

TABLE III 
INITIAL WORKFORCE AVAILABLE IN EACH MACHINE LEVEL (workers) 

  Level 1 Level 2 Level 3 

Worker Skill 1 

P1 40 0 0 
P2 0 0 0 
P3 10 0 0 

Worker Skill 2 

P1 0 30 0 
P2 0 20 0 
P3 0 10 0 

Worker Skill 3 

P1 0 0 30 
P2 0 0 30 
P3 0 0 10 

b
P1 represents Personality level 1 

TABLE IV 
TRAINING COSTS IN EACH PERIOD ($/worker-weeks) 

From  To W1 W2 W3 W4 W5 W6 W7 W8 

Worker 
Skill 1 

P1 Skill 
2 10 10 10 10 10 10 10 10 

P2 Skill 
2 12 12 12 12 12 12 12 12 

P3 Skill 
2 15 15 15 15 15 15 15 15 

Worker 
Skill 2 

P1 Skill 
3 10 10 10 10 10 10 10 10 

P2 Skill 
3 12 12 12 12 12 12 12 12 

P3 Skill 
3 15 15 15 15 15 15 15 15 

The results show that hiring, firing and training of workers 
are varied between all personality levels depending on hiring, 
firing or training costs and performance levels. It is generally 
assumed that workers are identical. This research shows that 
workers performance can be used to model workers’ 
differences and to predict hiring, firing and training workers. 
Table VIII shows the number of workers hired, fired and 
trained in each period for different personality level. From the 
Table, it can be seen that most of the workers hired have high 
personality level. Performance is a critical factor in hiring, 
layoff and training decisions. However, if the prioritization of 
the goals and initial settings are modified, the results are likely 
to be different. 

 
 

TABLE V 
WILLINGNESS TO WORK ON A MACHINE LEVEL IN EACH WEEK (%) 
  Level 1 Level 2 Level 3 

Worker 
Skill 1 

P1 60 0 0 

P2 70 0 0 

P3 80 0 0 



International Journal of Mechanical, Industrial and Aerospace Sciences

ISSN: 2517-9950

Vol:6, No:8, 2012

1782

 

 

Worker 
Skill 2 

P1 70 75 0 

P2 75 80 0 

P3 80 85 0 

Worker 
Skill 3 

P1 70 75 80 

P2 75 80 85 

P3 80 85 90 

 
TABLE VI 

LEARNING PARAMETER FOR A WORKER ON EACH MACHINE LEVEL (PERIODS) 
  Level 1 Level 2 Level 3 

Worker Skill 1 
P1 8 M M 
P2 7 M M 
P3 6 M M 

Worker Skill 2 
P1 7 6 M 
P2 5 4 M 
P3 3 2 M 

Worker Skill 3 
P1 4 3 2 
P2 1 2 2 
P3 1 1 1 

On the other hand, we see that hiring and cross-training 
highly depends on productivity factors, and salary and training 
costs. The highest personal level personnel are shown to be 
more attractive in hiring decisions in the first periods. This is 
due to the assumption that workers with higher personality 
levels have higher initial productivity caused by high 
motivation and capacity. Also, Low personality levels become 
more attractive in training because of the high differences 
between costs for different personality levels. Moreover, 
firing occurs more in high skills and personality levels in the 
latest periods. This is due to the fact that most workers are 
trained and hired in the first periods and they are used till they 
become excess and so it is more economical to fire them due 
to their high salary costs.  However, this highly depends on 
the initial settings.  If the parameter settings change, the 
results may be changed.  

B. Effects of Workers’ Differences on Planning Decisions 
We use small problem instances to demonstrate the effects 

workers differences on the model performance. We compare 
the solution obtained by a model that considers personality 
levels to the one obtained by a model without the 
consideration of personality level differences. This experiment 
aims to determine if the consideration of workers differences 
results in more effective set of hiring and training decisions. 
Six scenarios with different working productivity were 
studied, as shown in Table IX. Scenario A represents the ideal 
case for working environment where the costs for workers are 
different and depends on both skills and personality levels, 
and all workers have full productivity from the first period. 
Scenario B represents the case where the costs for workers in 

each personality level are different and the productivity of the 
workers are changing based on the learning curve model.  

Our model represents this practical scenario that 
incorporates differences among workers'' skills and their task-
learning rates.  

In scenario C, the productivity of the workers is based on 
the learning rates model but the costs are set to be the average 
of the cost used in the proposed model. This average cost is 
the costs for personality level of 2. In scenarios D and E, the 
working productivities are equal for all personality level 
workers, but we assume that all workers are identical in 
scenario D and their costs are different in scenario E Finally, 
Scenario E represents the case that all workers have constant 
initial productivities and their costs are different based on 
their skills and personality levels. Figs. 1 and 2 illustrate these 
six scenarios. 

In Scenario A, since the working productivity is 100% for 
all workers, the results show the best case for worker schedule 
in terms of costs and performance. Scenario B and C gives the 
same performance output for the workers but Scenario B is 
better than scenario C since it is not realistic to give the same 
salary for every worker typing without considering their skills 
or experience. However, the results showed that total costs are 
not significantly different in their values because the model 
contains the productivity factor in both scenarios which has 
the major effect on the workforce decisions. The little 
difference in cost is due entirely to the differences in the costs 
of personality levels. These results are based on the initial 
costs assumed to be the average. Changes in the cost structure 
would alter the results. Scenario D shows the worst case when 
the scheduler treats workers as identical, and ignore their 
individual differences in either skills or personality, which 
results in high costs and low performance. Compared to 
Scenario B, there is a cost reduction of 18.8% (from 
$2,056,058 to $1,669,220). The main reason for this 
significant difference is that workers in scenario D are 
assumed to have constant low productivity compared to the 
dynamic one presented in scenario B. Scenario E, F and G 
supports the fact that considering different productivity of 
workers can results in better schedule output in terms of 
performance and costs. From figs. 1 and 2, we can see that our 
proposed model (scenario B) generates results nearly close to 
the ideal case. These comparisons shows that if more 
information about the workers is known and used in the 
planning process, we may able to make better decisions 
regarding various human resource actions.  
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TABLE VII 

HIRING, FIRING AND OVERTIME COSTS ($/worker-weeks) 
   W1 W2 W3 W4 W5 W6 W7 W8 

Worker 
Skill 1 

P1 

Salary, $ 500 500 500 500 500 500 500 500 

Hiring Costs, $ 400 400 400 400 400 400 400 400 

Firing Costs, $ 500 500 500 500 500 500 500 500 

Overtime, $ 18.5 18.5 18.5 18.5 18.5 18.5 18.5 18.5 

Capacity, % 50 50 50 50 50 50 50 50 

P2 
 

Salary, $ 525 525 525 525 525 525 525 525 

Hiring Costs, $ 425 425 425 425 425 425 425 425 

Firing Costs, $ 525 525 525 525 525 525 525 525 

Overtime, $ 19.5 19.5 19.5 19.5 19.5 19.5 19.5 19.5 

Capacity, % 60 60 60 60 60 60 60 60 

P3 
 

Salary, $ 550 550 550 550 550 550 550 550 

Hiring Costs, $ 450 450 450 450 450 450 450 450 

Firing Costs, $ 550 550 550 550 550 550 550 550 

Overtime, $ 20.5 20.5 20.5 20.5 20.5 20.5 20.5 20.5 

Capacity, % 70 70 70 70 70 70 70 70 

Worker 
Skill 2 

P1 

Salary, $ 575 575 575 575 575 575 575 575 

Hiring Costs, $ 475 475 475 475 475 475 475 475 

Firing Costs, $ 575 575 575 575 575 575 575 575 

Overtime, $ 21.5 21.5 21.5 21.5 21.5 21.5 21.5 21.5 

Capacity, % 60 60 60 60 60 60 60 60 

P2 
 

Salary, $ 600 600 600 600 600 600 600 600 

Hiring Costs, $ 500 500 500 500 500 500 500 500 

Firing Costs, $ 600 600 600 600 600 600 600 600 

Overtime, $ 22.5 22.5 22.5 22.5 22.5 22.5 22.5 22.5 

Capacity, % 70 70 70 70 70 70 70 70 

P3 
 

Salary, $ 625 625 625 625 625 625 625 625 

Hiring Costs, $ 510 510 510 510 510 510 510 510 

Firing Costs, $ 625 625 625 625 625 625 625 625 

Overtime, $ 23.5 23.5 23.5 23.5 23.5 23.5 23.5 23.5 

Capacity, % 80 80 80 80 80 80 80 80 

Worker 
Skill 3 

P1 

Salary, $ 650 650 650 650 650 650 650 650 

Hiring Costs, $ 520 520 520 520 520 520 520 520 

Firing Costs, $ 650 650 650 650 650 650 650 650 

Overtime, $ 24.5 24.5 24.5 24.5 24.5 24.5 24.5 24.5 

Capacity, % 70 70 70 70 70 70 70 70 

P2 
 

Salary, $ 675 675 675 675 675 675 675 675 

Hiring Costs, $ 550 550 550 550 550 550 550 550 

Firing Costs, $ 675 675 675 675 675 675 675 675 

Overtime, $ 25.5 25.5 25.5 25.5 25.5 25.5 25.5 25.5 

Capacity, % 80 80 80 80 80 80 80 80 

P3 
 

Salary, $ 700 700 700 700 700 700 700 700 

Hiring Costs, $ 560 560 560 560 560 560 560 560 

Firing Costs, $ 700 700 700 700 700 700 700 700 

Overtime, $ 26.5 26.5 26.5 26.5 26.5 26.5 26.5 26.5 

Capacity, % 90 90 90 90 90 90 90 90 
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TABLE VIII 

RESULTING WORKFORCE PLAN 
 W1 W2 W3 W4 W5 W6 W7 W8 

 Demand (workers) 100 50 100 70 65 100 65 100 

Worker Skill 
1 

P1 

Workers used on level 1 0 0 0 0 0 0 0 0 
Workers hired on level 1 0 0 0 0 0 0 0 0 
Workers fired from level 1 0 0 0 0 0 0 0 0 
Workers trained to level 2 40 0 0 0 0 0 0 0 
Overtime hours 0 0 0 0 0 0 0 0 

 Productivity, % 36 41 46 50 53 56 59 62 

P2 
 

Workers used on level 1 0 0 0 0 0 0 0 0 
Workers hired on level 1 0 0 0 0 0 0 0 0 
Workers fired from level 1 0 0 0 0 0 0 0 0 
Workers trained to level 2 0 0 0 0 0 0 0 0 
Overtime hours 0 0 0 0 0 0 0 0 

 Productivity, % 50 57 63 68 73 77 80 83 

P3 
 

Workers used on level 1 103.77 68.6 90.3 82.3 72.4 80 66.9 76.2 
Workers hired on level 1 103.74 0 21.7 0 0 7.6 0 9.3 
Workers fired from level 1 0 0 0 8 9.9 0 0 0 
Workers trained to level 2 10 35.2 0 0 0 0 13.1 0 
Overtime hours 1037 0 9038 0 0 800 0 762 

  Productivity, % 65 73 80 85 90 94 97 100 
 Demand (workers) 110 100 110 100 100 80 100 80 

Worker Skill 
2 

P1 

Workers used on level 1 0 0 0 0 0 0 0 0 
Workers used on level 2 40 0.9 0 0 0 0 0 0 
Workers hired on level 1&2 0 0 0 0 0 0 0 0 
Workers fired from level 1&2 0 39.1 0 0 0 0 0 0 
Workers trained to level 3 30 0 0.9 0 0 0 0 0 
Overtime hours 400 0 8.6 0 0 0 0 0 

 Productivity, % 54 62 69 74 79 83 86 89 

P2 
 

Workers used on level 1 0 0 0 0 0 0 0 0 
Workers used on level 2 10.2 10.2 10.2 10.2 10.2 10.2 4.3 4.3 
Workers hired on level 1&2 0 0 0 0 0 0 0 0 
Workers fired from level 1&2 0 0 0 0 0 0 0 0 
Workers trained to level 3 9.8 0 0 0 0 0 5.9 0 
Overtime hours 101.7 101.7 101.7 23.9 0 0 42.8 42.8 

 Productivity, % 64 73 80 86 91 95 97 99 

P3 
 

Workers used on level 1 0 0 0 0 0 0 0 0 
Workers used on level 2 58.7 93.9 93.9 93.9 92.5 71 74.4 74.4 
Workers hired on level 1&2 38.7 0 0 0 0 0 0 0 
Workers fired from level 1&2 0 0 0 0 1.3 21.5 0 0 
Workers trained to level 3 0 0 0 0 0 0 9.7 0 
Overtime hours 587.1 163.8 345.5 0 0 0 651.9 0 

  Productivity, % 80 88 93 96 97 98 99 99.9 
 Demand (workers) 120 90 120 90 100 60 100 60 

Worker Skill 
3 

P1 

Workers used on level 1 0 0 0 0 0 0 0 0 
Workers used on level 2 0 0 0 0 0 0 0 0 
Workers used on level 3 60 60 60.9 60.9 60.9 60.9 60.9 60 
Workers hired on level 1,2&3 0 0 0 0 0 0 0 0 
Workers fired from level 1&2 and 3 0 0 0 0 0 0 0 0.9 
Overtime hours 600 0 608.6 0 255 0 608.6 0 

 Productivity, % 73 84 90 94 97 98 99 100 

P2 
 

Workers used on level 1 0 0 0 0 0 0 0 0 
Workers used on level 2 0 0 0 0 0 0 0 0 
Workers used on level 3 39.8 33.5 33.5 33.5 33.5 0 5.9 0 
Workers hired on level 1,2&3 0 0 0 0 0 0 0 0 
Workers fired from level 1&2 and 3 0 6.4 0 0 0 33.5 0 5.9 
Overtime hours 398.3 0 146.2 0 0 0 58.9 0 

 Productivity, % 80 88 93 96 98 98.9 99.9 100 

P3 
 

Workers used on level 1 0 0 0 0 0 0 0 0 
Workers used on level 2 0 0 0 0 0 0 0 0 
Workers used on level 3 10 10 10 0.1 0.1 0 9.7 0 
Workers hired on level 1,2&3 0 0 0 0 0 0 0 0 
Workers fired from level 1&2&3 0 0 0 9.9 0 0.1 0 9.7 
Overtime hours 100 0 0 0 0 0 97.1 0 

  Productivity, % 93 97 99 99.6 99.8 100 100 100 
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TABLE IX 
SIX SCENARIOS WITH DIFFERENT PRODUCTIVITY FACTORS 

Scenario Description W11 W12c W13 W21 W22 W23 W31 W32 W33 Pd Costs ($) 

A  Ideal 1 1 1 1 1 1 1 1 1 144 1,402,082 
B  Practical 0.36-

0.62 
0.5-
0.83 

0.73-
1 

0.5-
0.89 

0.63-
1 

0.75-
1 

0.62-
1 

0.78-
1 

0.89-
1 

124.2 1,669,220 

C Same Costs 0.36-
0.62 

0.5-
0.83 

0.73-
1 

0.5-
0.89 

0.63-
1 

0.75-
1 

0.62-
1 

0.78-
1 

0.89-
1 

124.2 1,744,898 

D Identical 0.7 0.7 0.7 0.7 0.7 0.7 0.7 0.7 0.7 101 2,056,058 

E Constant 
Productivity 1 

0.7 0.7 0.7 0.7 0.7 0.7 0.7 0.7 0.7 101 1,869,312 

F Constant 
Productivity 2 

0.5 0.5 0.5 0.5 0.5 0.5 0.5 0.5 0.5 72 2,369,203 

G Initial Productivity 0.3 0.42 0.56 0.42 0.53 0.64 0.52 0.64 0.76 82.8 2,147,378 
c

W12 represents worker with skill 1 and personality level 2 
d

P represents Output Performance 
 

 
Fig. 1 Total performance for different scenarios 

 
Fig. 2 Total costs for different scenarios
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V. CONCLUSIONS 
In this paper, an approach for integrating human factors 

with production planning is proposed. A model will be used to 
evaluate their effects on the organizations’ goals. This model 
can take into account the human aspects and individual 
differences to plan the production activities. Also, variations 
in human performance are considered to ensure the validity of 
the model. The research has demonstrated the importance of 
considering human factors within production planning models 
of manufacturing systems.  

The novelty to this model is that it jointly accounts for the 
distinguishing features associated with the manufacturing 
process of many companies including overtime, training, 
workers skill levels and machine levels. This model 
incorporates important human aspects such workers’ 
personalities, capacity, motivation, and learning rates. The 
objective of the model is to provide insights into the effect of 
these human factors on the planning decisions. The 
experiments illustrate that if the model considers individual 
differences within workforce planning, we may be able to 
make better and effective decisions regarding human resource 
actions, such as, how many should be hired, fired or trained. 
This model highlights the importance of incorporating human 
factors in the planning process since it reduces the total costs 
and increase the total performance. 

It is clear that human factors and production planning 
integration have much more research opportunities, and the 
path is still open to make the proposed model more 
comprehensive in a way that it considers other human factors 
such as worker experience, and worker communication, which 
can be a promising area of work for future research. On the 
other hand, solving the proposed model for large-scale 
problems using a mathematical programming solver such as 
LINGO seems to be a difficult job and time consuming. 
Developing a fast and efficient solving methodology such as 
heuristics or simulation in order to get optimal results within a 
reasonable time can be a good subject for future research. 
Moreover, in this research all model objective functions, 
parameters, and decision variables are deterministic, which 
does not reflect the real situation in a manufacturing system.  
Thus, decision-making variables, coefficients, constraints and 
resources values should consider the uncertainties inherent in 
the production planning process. 
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