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Abstract—Today, consumers prefer to have a great variety 

of products coupled with the intrinsic demand of short lead 

time, high quality and low costs. Consequently, 

Manufacturing companies require a consistent 

improvement in flexibility and responsiveness of their 

production systems in order to accommodate changes of the 

increasingly competitive market. For human centred 

assembly as an example, although it offers a good flexibility 

and responsiveness, human performances are also 

unpredictable due to their inherent abilities and limitations, 

psychological traits and physiological states. These issues 

are often overlooked by many researchers when designing, 

implementing or evaluating a manufacturing system. This 

paper presents a study in human factors related to the 

performance of human centred manual assembly lines and 

their mutual interactions through a literature review and an 

industrial survey. Critical performance measures, which are 

affected by human factors, were evaluated and the most 

significant human factors were identified using the fuzzy 

extent analysis method.e.  

 
Index Terms—manufacturing systems, human factors, 
assembly systems, fuzzy extent analysis 

I. INTRODUCTION 

Today, many manufacturing companies have been 

shifting from mass production to mass customization 

aimed at satisfying customers’ demands in terms of the 

increase of product varieties with a small lot size, low 

cost and high quality. As an example, models in 

automobile industry increased from 44 in 1969 to 165 in 

2006 in USA and each model may differ in power 

mechanism and interior/exterior aesthetics [1]. Likewise, 

BMW claimed that the number of possible permutations 

of component assembly in BMW 7 series may reach
1710 . 

Assembly activities involve the process of gripping, 

picking, inserting, positioning, fastening and checking 

parts often on an assembly line where work is transported 

sequentially from upstream to downstream until the 

required tasks are completed. The capacity of human 

performing these tasks, however, is affected by a wide 

variety of influencing factors interacting in a complex 

way [2]. The influence of human behavior is often 

ignored or under or overestimated [3]-[5]. Generally 

speaking, assembly process takes approximately 50% of 
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total production time and 20% of total unit production 

cost [6]. 

This paper presents a study in human factors that may 

affect human performance relating to critical system 

performance measures using the fuzzy extent analysis 

approach and the most significant human factors were 

evaluated and identified based on findings of the 

literature review and an industrial survey. 

II. PREVIOUS STUDIES 

The studies in terms of the impact of human factors on 

human performance on manual assembly lines are still 

under R & D by researchers. Govindaraju et al. (2001) 

used case studies to illustrate ergonomic work conditions 

that may affect human performance and observed a 

relationship between human factors and human 

performance. Giniger et al. (1983) observed that the 

effects of human performance in relation to age and 

physiological functions are not significant as both the 

cognitive and physiological decline may be compensated 

by experience [7]. However, some argued that some 

cognitive abilities may decline with age, while some 

cognitive abilities may stabilise over life span. Hunter et 

al. (1996) observed a relationship between learning and 

cognitive ability and suggested that a higher level of 

human performance can be attained by the ability of 

people to learn and transfer their skills to the new task, 

although their levels of performance may depend on their 

varying learning rate. Conversely, Hunter (1986) studied 

hundreds of evidence and observed that it is the general 

cognitive ability that determines human performance as it 

controls the speed a person can learn. 
Cognitive abilities known as fluid abilities such as 

reasoning and working memory which relate to 

performance and speed of solving problems may be 

achieved by individuals in their 20s and decline after 

these ages, while crystallised abilities, which depend on 

the accumulated knowledge, tend to remain stable over 

the life span [8]-[10]. Belbase & Sanzenbacher (2016) 

concluded that even workers with limited ability to 

process information rapidly can also maintain their 

productivity with the advancing age. Zwick et al., (2009) 

observed that the average muscle strength decreases by 

roughly 10% per decade from ages of 20 to 60, 15% from 
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ages of 60 to 80 and 30% after ages of 80. This may be 

due to the aerobic capacity that reaches its peak at ages of 

20s and then declines by around 1% per year. Shephard 

(2000) reported that age affects the occupational 

performance of older individuals due to their decline in 

the aerobic power. Doroudgar et al. (2017) used a simple 

visual reaction test to measure reaction times between 

younger adult drivers (at ages from 18 to 40) and older 

adult drivers (60 and above). Wang et al (2012) observed 

that some costs may incur due to the learning and 

forgetting phenomenon regardless of the flexibility and 

responsiveness of human in manufacturing systems. 

Reagans et al. (2005) examined the relationship between 

experience and forgetting and observed that there is a 

long break in between tasks to occur, the performance 

level of a less complex task may not be affected. At the 

age of 20 when human reaction times tend to be fastest, 

and after this age, the human reaction time starts to 

decrease slowly at ages up to 60. It then decreases much 

faster from the age of 70 and beyond. The studies also 

showed that the reaction times of females may be more 

volatile, compared to their males [9], [11]. Berg et al 

(2006) stated that the human reaction time can be affected 

by distraction and mental fatigue. Avolio et al (1990) 

used a polynomial regression analysis to predict the work 

performance in connection with age and experience and 

the study found that experience rather than age 

determines human performance. Schmidt et al (1986) 

developed a model by incorporating work experience as a 

factor in prediction of worker performance. McDaniel et 

al. (1988) indicated that there is a direct positive 

relationship between job experience and job performance 

regardless of job complexity. llmarinen (2001)  observed 

that age negatively affects general cognitive abilities and 

positively affects experience. Also, experience positively 

affects cognitive skills, and directly affects job 

performance. Moreover, Llmarinen (2001) concluded that 

physiological ability may decline due to aging but it can 

be compensated by experience. Giniger et al (1983) and 

Stead et al. (1983) argued that despite the decline in both 

cognitive and physical functions of a human worker over 

a life cycle due to aging, the influence is not significant 

as older workers may compensate the decline to attain 

satisfactory work performance by experience. Zwick et al 

(2009) stated that importance in human performance is 

the experience not the aging.  

Kenny et al. (2015) investigated the physiological 

decline due to aging in the physical work capacity of 

individuals and observed a decrease in aerobic and 

musculoskeletal capacity leading to an average drop of 

20% in the physical work capacity at ages from 40 to 60. 

Avolio et al. (1990) suggested that experience can be 

used to determine human performance than age because 

older workers with much experience on a particular job 

may show equal or even higher performance in 

comparison with their younger counterparts; effects of 

experience may be more significant on a job with high 

complexity. Rhodes (1983) concluded that performance 

can be more affected by ages. On the contrary, Waldman 

et al (1986) challenged some of the conclusions arguing 

that the method the study used may lead to unclear or 

even wrong interpretations [12]. 

The study also showed that there is no clear 

relationship between age and job performance [13]. 

Waldman et al. (1986) suggested that the type of either 

professional or non-professional tasks moderate the 

effects of age and experience on human performance. 

Stanley (1985) investigated the influence of age on 

individual productivity as well as the other factors that 

may affect performance and concluded that the effects of 

age on job performance may be subject to more on the 

difficulty of the task. A complex task requires stronger 

mental capabilities and of biological functions that 

deteriorate with ageing. The study showed that the 

performance of individuals differ due to many reasons; 

this includes length of work experience, cognitive 

abilities, physical abilities and so on [14]. Table I shows a 

summary of effects of human factors on human 

performance against human centred performance 

parameters based on a literature review study. And Fig. 1 

shows the interface between these human factors and the 

human performance parameters 

TABLE I. EFFECT OF HUMAN FACTORS ON HUMAN PERFORMANCE PARAMETERS 

Effect from Effect on Authors 

Physical work capacity Cycle time [15], [16], [3]  

 Job satisfaction [16], [17] 

Age Physical work capacity [18]-[21] 

 Cycle time  N/A 

 Reaction time [22]-[24] 

 Idle time N/A 

 Learning and forgetting [8], [25], [3] 

 Throughput [5] 

 General Cognitive Abilities [9], [3], [25], [26] 

 Job satisfaction [12], [27]-[29] 

Gender Physical work capacity [20] 

 Reaction time [22], [23], [30] 

Experience Cycle time [31] 

 Throughput  [31], [32] 

 Learning and forgetting [33], [34], [31] 

 Physical work capacity [35] 

 Reaction time [36], [37] 

 General Cognitive Abilities [38], [39], [3] 

 In-process inventory N/A 
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 Idle time N/A 

Learning and forgetting Cycle time [38],[39] 

 Throughput  [33], [32], [7], [4], [9]  

 In process inventory N/A 

 Idle time  N/A 

Job satisfaction  Throughput  [20] 

Environmental factors (Temperature, Illumination, noise) Physical work capacity [20] 

 Throughput  [20], [40] 

 Reaction time [41], [42] 

   

General Cognitive Abilities Reaction time [9], [43] 

 Learning and forgetting [7], [44] 

 Throughput [34], [45] 

 Cycle time [43] 

 Idle time N/A 

Circadian rhythms Reaction time [11] 

 

 

Figure 1.  Interrelationship and interaction between human factors and 
performance parameters 

As shown in Table I, the literature search was carried 

out leading to the identification of interdependence 

amongst eight factors that are assumed to significantly 

affect human centred performance. A survey was 

conducted to complement the literature findings in 

selecting and testing members of the population with the 

total 33 respondents of whom, 60% were researchers in 

engineering and technology and 30% were people from 

industries. The influence of the identified human factors 

and the human centred performance were rated [44]. 

Likert scale of 5 was used and the mean value for the 

cumulative responses upon each question was analysed 

and the mean value was obtained using the statistical 

package for social science (SPSS) software. A value 

found with less than mean average of 3 is assumed to 

have a weak influence and is filtered out. The remaining 

elements were classified based on their mean values 

which are also assigned a linguistic value as in Fig. 2 and 

Table III. 

 

Figure 2. 
 

The mean values of pairwise comparison of human factors 
based on the survey analysis

 

Table II shows the pairwise judgement based on the 

perceived influence, which is transformed into the so 

called  fuzzy  sets  using  the linguistic values [45]. Table

II shows a fuzzy decision matrix linguistic values which 

are composed of fuzzy comparative rating  xijr
~

 for the j
th  

attribute with respect to i
th

 alternatives, which shows 

effects relationship between human factors presented. 

These linguistic values were used in studies for solving 

decision making problems [46]-[49].
 

TABLE II. FUZZY MATRIX (PAIRWISE COMPARISON INFLUENCE CRITERIA) 

 

 

Physical Work 

Ability 

Job 

Satisfaction 

Age Reaction 

Time 

Learning & 

Forgetting 

General C.  

Ability 

Experience Environmental 

Factors 

Physical W. C. (1,1,1) (3/2,2,5/2) (1/3,2/5,1/2) (1/2,1,3/2) (1/2,1,3/2) (1/2,1,3/2) (1/3,2/5,1/2) (2/5,1/2,2/3) 

Job S. (2/5,1/2,2/3)  (1,1,1) (1/2,1,3/2) (1/2,1,3/2) (1/2,1,3/2) (1/2,1,3/2) (1/2,1,3/2) (1/2,1,3/2) 

Age (2,5/2,3) (3/2,2,5/2) (1,1,1) (3/2,2,5/2) (1,3/2,2) (3/2,2,5/2)) (2/7,1/3,2/5) (1/2,1,3/2) 

Reaction Time (1/2,1,3/2) (1/2,1,3/2) (2/5,1/2,2/3) (1,1,1) (1/2,1,3/2) (2/5,1/2,2/3) (1/3,2/5,1/2) (1/2,2/3,1) 

Learning & F (1/2,1,3/2) (1/2,1,3/2) (1/2,2/3,1) (1/2,1,3/2) (1,1,1) (1/3,2/5,1/2) (2/5,1/2,2/3) (1/2,1,3/2) 

General C. A. (1/2,1,3/2) (1/2,1,3/2) (2/5,1/2,2/3) (3/2,2,5/2) (2,5/2,3) (1,1,1) (2/5,1/2,2/3) (1/2,1,3/2) 

Experience (2,5/2,3) (1/2,1,3/2) (5/2,3,7/2) (2,5/2,3) (3/2,2,5/2) (3/2,2,5/2) (1,1,1) (1/2,1,3/2) 

Env. Factors (3/2,2,5/2) (1/2,1,3/2) (1/2,1,3/2) (1,3/2,2) (1/2,1,3/2) (1/2,1,3/2) (1/2,1,3/2) (1,1,1) 
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III. ANALYTICAL HIERARCHY PROCESS (AHP) AND 

FUZZY SET MEMBERSHIP 

The Analytical Hierarchy Process (AHP) method was 

introduced by as a multi criteria decision approach for 

ranking decision alternatives using a crisp (non-fuzzy) 

scale from 1 to 9, where 1 signifies an equal importance 

between elements under investigation and 9 indicates an 

extreme importance of one element over others [50]. The 

method, however, does not account for human thinking 

pattern [51]-[53]. Alternatively, Zadeh (1965) suggested 

a fuzzy approach by taking into account the inherent 

human ambiguity and imprecision in a decision making 

[54]-[57]. Evaluating human factors that affects human 

performance may be difficult to quantify using the 

conventional expression of real numbers, these inherited 

vagueness and imprecision can be tackled by the so called 

fuzzy judgement. It used the fuzzy set in which its 

boundaries are represented by linguistic variables rather 

than qualitative variables to mitigate inadequacies that 

may emanate from human judgement [58]. A number of 

fuzzy set theories were reported in the literature [59], [60], 

and triangular fuzzy numbers (TFNs) are the most widely 

used in FAHP studies [61]. A triangular fuzzy number 

may simply be described as  aaa 321

~

,,  denoting that 


~

is a fuzzy set with membership  aaa 321
,,  as a linear 

representation of the triangle shown in Fig. 3. Thus, 

 













































32

23

3

21

12

1

1

~

,

,

,0

axa
aa

xa

axa
aa

ax

ax

x

 

where,  x
~

  indicates the degree of membership of 

element x in fuzzy set 
~

, which maps each element x 
 aaa 321

,,  to a real number in the interval (0, 1) [62]. 

Making it the value on unit interval that measures the 

degree to which element x belongs to fuzzy set 
~

[63]. 

Fig. 3 shows a triangular fuzzy number represented 

by  aaa 321
,, symbolising the value of upper bound at the 

left, the most promising value at the middle and the 

largest possible value of the fuzzy set 
~

at the right [64]. 

 

Figure 3.  Membership of the triangle fuzzy number 

with two fuzzy numbers  1111

~

,, cba  and  2222

~

,, cba  

can be computed approximately [55], [60], [65] as 

follows: 

 2121212

~

1

~
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 1121

~
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IV. EVALUATION OF HUMAN FACTORS ON HUMAN 

PERFORMANCE 

This study adopt the concept of fuzzy sets to evaluate 

the significance of human factors on human centred 

performance using the mean values from a survey 

converted into the linguistic values as shown in Table III. 

These triangular fuzzy numbers were also used to build a 

pair comparison in matrix shown in Table II. 

TABLE III. LINGUISTIC VALUES USED FOR RATING THE IMPORTANCE 

OF HUMAN FACTORS 

Mean Linguistic scale  Triangular 

fuzzy scale 

Triangular fuzzy 

reciprocal scale 

Equally important (EI) (1/2, 1, 3/2) (1/2, 1, 3/2) 

3.5 – 3.7 Weakly important (WI) (1, 3/2, 2) (1/2, 2/3, 1) 

3.8 – 4.0 Strongly important (SI) (3/2, 2, 5/2) (2/5, 1/2, 2/3) 

4.1 – 4.3 Very strongly important 
(VSI) 

(2, 5/2, 3) (1/3, 2/5, 1/2) 

4.4 – 5.0 Absolutely important 

(AI) 

(5/2, 3, 7/2) (2/7, 1/3, 2/5) 

 

For  each  linguistic  value shown in  Table III,  a 

membership function is assigned as a scale of the fuzzy 

number represented by three triangular fuzzy numbers as 

shown in Fig. 4. 

 

Figure 4.  Membership of the linguistic values 

A relationship between human factors and the 

performance measures were rated using linguistic values 

as “very high”, “high”, “ medium”, “ low” and “very 

low” as fuzzy sets. Table IV and Fig. 5 show their 

degrees of membership, respectively. 

TABLE IV.  LINGUISTIC SCALE USED FOR RATING THE INFLUENCE OF 

HUMAN FACTORS 

Linguistic values  Mean of fuzzy numbers 

Very high  (VH) 1 

High (H) 0.75 

Medium (M) 0.5 

Low (Low) 0.25 

Very Low 0 

 

Journal of Industrial and Intelligent Information Vol. 6, No. 1, June 2018

26© 2018 Journal of Industrial and Intelligent Information



 

Figure 5.  Membership of the linguistic variables for rating the 
influence of human factors in Table IV 

A. The Fuzzy Extent Analysis Method 

A fuzzy extent analysis method is considered as Fuzzy 

Analytical Hierarchy Process (FAHP) which tackles 

human limitations in decision making [45], [48], [49], 

[66], [67]. An extent analysis method is applied in 

decision making with objective set x, which has a goal set 
 gggg

m
G ........,,

321
  let mmm

m

gigigi
,,

21

be values of extent 

analysis of the thi object for m
th

 goal. Then each 

individual objective is taken and extent analysis is 

performed for each goal m, respectively. The extent 

analysis values for each m is obtained as follows [45], 

[46], [61]: 

1

1
1

1














  

n
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j

gi
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gi
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j mm

                           (5) 

where i = 1, 2, 3…n, all  mjm j

gi ......3,2,1  are TFNs 

       1 1 1
, ,

n n n n nj

gi j j ji i i j jm a b c      
                       (6) 

By computing the inverse of the vector in equation (7), 

it is given 

1

1 1 1

1 1 1
, ,

n j

n n ngii

i i ii i i

m
a b c



  


   , 0,, 211  cba          (7) 

The synthesis extent analysis was evaluated using 

equation 7, the values are shown in Table V. 

TABLE V. SYNTHETIC EXTENT FOR THE HUMAN FACTORS OBTAINED FROM EQUATION (7) 

 a b c 

S spwc
rkcapacityphysicalwo )(

 
0.05 0.09 0.18 

S s js
ctionjobsatisfa )(

 
0.04 0.09 0.19 

S sag
age )(  

0.10 0.16 0.30 

S srt
mereactionti )(

 
0.05 0.08 0.16 

S slf
orgettinglearniandf )(

 
0.04 0.08 , 0.20 

S sgca
itynitiveabilgeneralcog )(  

0.07 0.09 0.25 

S serience )(exp
exp  

0.12 0.20 0.37 

S sef
talfactorsenvironmen )(

 
0.07 0.12 0.29 

 

When a pair (x,y) exists such that 

yx  and     1
~~

 yx  , then we have  
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since 
~

1  and 
~

2  are convex fuzzy numbers [67] where: 
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where, d is the ordinate of the highest intersection D 

between  1

~

  and 2

~

 , where  
~

1
1 1 1
, ,a b c   and 

 
~

2
2 2 2
, ,a b c   [67], and is given as: 
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The intersection of the two human factors, which are 

represented by fuzzy numbers in a convex set, is denoted 

as the highest ordinate in Fig. 5. 

 

Figure 6.  Memberships of two triangular fuzzy sets intersecting at D 

TABLE VI. INTERSECTION OF THE TWO HUMAN FACTORS IN COMPARISON 

 SS JSpwc


 
1  SS PWCJS


 1  SS PWCag


 

1  SS PWCrt


 
0.91 

 SS agpwc


 
0.53  SS agJS


 

0.56  SS jsag


 
1  SS jsrt


 

0.92 

 SS rtpwc


 
1  SS rtJS


 

1  SS rtag


 
1  SS agrt



 

0.42 

 SS lfpwc


 
1  SS lfJS


 

1  SS lfag


 
1  SS lfrt


 

1 

 SS gcapwc


 
1  SS gcaJS


 1  SS gcaag


 

1  SS gcart


 
0.90 
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 SS pwc exp


 
0.35  SS JS exp


 

0.38  SSag exp


 
0.81  SS rt exp


 

0.25 

 SS efpwc


 
0.80  SS efJS


 

0.81  SS efag


 
1  SS efrt


 

0.71 

 SS pwclf


 
0.80  SS pwcgca

  1  SS pwc


exp  
1  SS pwcef


 

1 

 SS jslf


 
0.92  SS jsgca


 1  SS js


exp  

1  SS jsef


 
1 

 SS agelf


 
0.46  SS aggca


 0.66  SS age


exp  1  SS agef


 

0.78 

 SS rtlf


 
1  SS rtgca


 1  SS rt


exp  

1  SS rtef


 1 

 SS gcalf


 
0.90  SS lfgca


 

1  SS lf


exp  
1  SS lfef


 1 

 SS lf exp


 
0.29  SS gca exp


 

0.52  SS gca


exp  1  SS gcaef


 1 

 SS eflf


 
0.73  SS efgca


 

0.85  SS ef


exp  
1  SSef exp


 0.60 

 

The degree of possibility for a convex fuzzy number 

greater than k convex fuzzy numbers, where  

 nii .....3,2,1  can be defined [45]-[67] as follow: 

       kk  ,,......., 213,21       (11) 

  kin .....2,1,1   
Assumed that 

     211 SSind   for k = 1,2,3…..k         (12) 

Then weight vector (W) is given by (13) 

         T

nddw  ,

321

, ....,,  ,   nnii  .....3,2,1  (13) 

The degree of the two human factors in comparison, 

which is represented by fuzzy sets, indicates estimate for 

the highest degree of the intersection. And was obtained 

using a principal of comparison of fuzzy numbers  

and , and the degree of possibility that  is 

defined by taking the minimum and maximum values in 

Table VI using equations 9-10. Equation 11 was used and 

minimum values were taken from Table VII were the 

factors were rated according their weight. Linguistic scale 

was used and the factors were ranked based on their 

influence.  

TABLE VII. THE MAXIMUM & MINIMUM VALUES IN FUZZY SETS 

 1

'

d  
 SSSSSSSS efgcalfrtagJSpwc

,,,,,,
exp

  = min (1, 0.53, 1, 1, 
1, 0.35, 0.8) = 0.35 

 Ad 2

'

 
 SSSSSSSS efgcalfrtagpwcjs

,,,,,,
exp

  = min (1, 0.56, 1, 1, 
1, 0.38, 0.81) = 0.38 

 Ad 3

'

 
 SSSSSSSS efgcalfrtjspwcag

,,,,,,
exp

  = min (1, 1, 1, 1, 1, 
0.81, 1) = 0.81 

 Ad 4

'

 
 SSSSSSSS efgcalfagjspwcrt

,,,,,,
exp

  = min (0.91, 0.92, 
0.42, 1, 0.90, 0.25, 0.71) = 0.25 

 Ad 5

'

 
 SSSSSSSS efgcartagjspwclf

,,,,,,
exp

  = min (0.80, 0.92, 

0.46, 1, 0.90, 0.29, 0.73) = 0.29 

 Ad 6

'

 
 SSSSSSSS eflfrtagjspwcgca

,,,,,,
exp

  = min (1, 1, 0.66, 

1, 1, 0.52, 0.85) = 0.52 

 Ad 7

'

 
 SSSSSSSS efgcalfrtagjspwc

,,,,,,
exp
  = min (1, 1, 1, 1, 

1, 1, 1) = 1 

 Ad 8

'

 
 SSSSSSSS gcalfrtagjspwcef exp

,,,,,,  = min (1, 1, 0.78, 
1, 1, 1, 0.60) = 0.60 

The weight vector 
and weights via 

normalization 

W  = (0.35, 0.38, 0.81, 0.25, 0.29, 0.52, 1, 

0.60  

W = (0.08, 0.09, 0.19, 0.06, 0.07, 0.12, 0.24, 

0.15) 

Fig. 7 shows the synthesized weights of the human 

factors, while Fig. 8 prioritization of the human factors 

indicating the influence which was into linguistic values. 

1

0.81

0.6

0.38

0.52

0.35

0.29 0.25

Experience Age Environmental factors

General cognitive ability Job satsifaction Physical work capacity

Learning and forgetting Reaction time  

Figure 7.  Synthesized priorities of human factors affecting human 
centred performance 

 

Figure 8.  Prioritization of human factors based on the linguistic values 

V. RESULTS 

As shown in Fig. 7, the study concludes that 

experience and age are the most significant human factors 

affecting human centred performance. An on-going study 

is being carried out to investigate the effects of these 

human factors on performance measures of a 

manufacturing system using a discrete event simulation 

(DES) tool. 
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