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Abstract

This paper introduces the parallel machine scheduling problems with work related musculoskeletal disorder (WMSD) risk
considerations. By the WMSD consideration, we mean that job processing times are an increasing function of occupational repetitive
technical actions (OCRA) risk factor. The OCRA index was recruited for risk assessment of occupational repetitive technical actions.
WMSD risks were modeled with cumulative mean value of OCRA index. Due to NP-Hard structure of parallel machine scheduling
problems with WMSD considerations and learning rate, the solution cannot be found always. However, problem can be solved by
transforming assignment problem. In spite of the fact that the computational effort remains O (n?), problem is solved within more
efficient time. In this study, a model that includes learning effect and WMSD risk was proposed. WMSD risk was considered as
cumulative mean of risk value throughout shift. In order to the balance between productivity and WMSD risk, jobs’ foreseeable cycle
time (FCT) value was changed. It is aimed to decrease mean of risk along schedule without increasing total basic process time. The
value of sacrifice from the FCT was compensating from job which have optimal, acceptable, borderline or slight risk level. Process
time and risk values were recalculated by using new FCT value. Thus, balanced process times and risk values obtained. Proposed model
was solved with Lingo software and sequence of jobs was obtained. Total flow time and mean of risk were compared for balanced and
none balanced schedules. Total flow time and mean of risk belong to balanced schedule is smaller than none balanced schedule. It was
shown that handled problem is solvable at the polynomial time and total flow time can be improved by bringing balance between WMSD
risks and productivity.
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1. Introduction

The risk assessment in a manufacturing line is done as legal obligation nowadays. It is performing within the scope of occupational
health safety. Precautions should be considered towards protection of employees or workplace from possible risks. Risk assessments
are similarly used by machine manufacturers and designers for safety in machines and evaluation of human physical performance.
However the effect of risk exposed in manufacturing line towards scheduling, processing time and due-dates has not been enlightened
yet. In this study it is accepted that, the risks have effects on scheduling, processing time and due-dates, are WMSD risks.

In the literature, the effect of WMSD risk factors depending on repetitive number in scheduling problem has not inspected although
the effect of ergonomic risks depending on repetitive number of various occupational diseases or work related musculoskeletal disorders
(WMSD) was studied by many scientists.

In the literature, risks in workplaces are generally researched as work related musculoskeletal disorders (WMSD). Minimizing
WMSD risks are important in terms of providing sustainable labor force and productivity. Furthermore WMSD risk assessments are
mandatorily done within the scope of occupational health and safety legislation and national/international standards (TR, 2012; TSE,
2011; Senyigit & Atici, 2018). Risk assessment and management were established in scientific field 30-40 years ago and many
developments were performed in theoretical field (Aven, 2016).

Nowadays WMSD risks become applicable and searchable in many industrial fields. Employees in different business sector from
building trade to fishery industry are exposed to the risks, which has been searched. Antwi-Afari et al. worked on risk assessment
involving construction workers creating repetitive lifting action. It is reported that workers are exposed to risk factors such as lifting

* Corresponding Author: Erciyes University, Engineering Faculty, Industrial Engineering Department, Kayseri, Turkey, ORCID: 0000-0002-9388-
2633, senyigit@erciyes.edu.tr

http://dergipark.cov.tr/ejosat 336



http://dergipark.gov.tr/ejosat

European Journal of Science and Technology

posture during lifting period, lifting weight and repetitive lifting actions, have higher risk of developing WMSD. It is also reported that
defining risk factors towards increasing occupational health and sufficiency contributes to understand WMSD risk assessment methods.
(Antwi-Afari et al., 2017). Fulmer et al. researched musculoskeletal disorders (MSD) risks among crab hunters in North America. It is
stated that MSD prevails 82% among crab hunters and it has effect on skills of employees (Fulmer, Buchholz, Scribani, & Jenkins,
2017). Battini et al. held ergonomic risk factors in deciding lot-sizing. It is also reported that material handling has an important effect
in deciding lot-sizing. It is evaluated with taking risk factors into consideration in taking of lot-sizing decision decrease developing
occupational disease risk and it increases employee performance (Battini, Glock, Grosse, Persona, & Sgarbossa, 2015). Rapid upper
limb assessment (RULA), Rapid Entire Body Assessment (REBA) and The European Assembly Worksheet (EAWS) methods present
score as output (McAtamney & Nigel Corlett, 1993); (Hignett & McAtamney, 2000); (Schaub, Caragnano, Britzke, & Bruder, 2013).
OCRA (Occupational Repetitive Actions) index is one of the methods that is used for risk assessment of musculoskeletal disorders
regarding repetitive technical activities (Occhipinti, 1998). OCRA index provides valid index value based on observation associated
with pathologic case percentage expected among all working population (Micheli & Marzorati, 2018; Senyigit & Atici, 2018).

A checklist was also formed towards risk assessment of WMSD. It is reported that the relation between the score obtained as a
result of checklist and OCRA index, was taken into account. Criteria, procedure and risk assessment tool was formed towards protection
from WMSDs and analysis of biomechanical loads (Occhipinti & Colombini, 2016). A heuristic model in OCRA index for solution of
assembly line balancing was proposed (Otto & Scholl, 2011). Boenzi et al. presented OCRA based approach to job rotation schedules
and optimal breaks in assembly line. It was proposed two different integer programming models. Work load risk and acceptability were
evaluated by using OCRA index (Boenzi, Digiesi, Mossa, Mummolo, & Romano, 2013). The assembly line balancing problem under
ergonomic risk factors was presented. OCRA index was used as risk assessment method. (Akyol & Baykasoglu, 2016). There are little
number of studies that inspect machine scheduling and WMSD risks together. The human performance in industrial scheduling was
inspected. It was defined that researches dealing human role in planning and scheduling need to be multi-disciplinary. In addition, it
was reported that these studies need to be benefited from different disciplines like manufacturing, engineering, ergonomics, psychology,
information and management science. A framework that aims to guide studies examining human in scheduling and manufacturing
industry was developed (MacCarthy, Wilson, & Crawford, 2001; Senyigit & Atici, 2018).

Computer aided risk assessment instrument towards evaluation of WMSDs was presented. The instrument not only benefits from
checklists, pictures and videos recorded during observation but also involves different risk assessment methods (Senyigit & Atici,
2017a). Single machine scheduling problem under ergonomic risk factors was studied. OCRA index was used as risk assessment method
and included to scheduling equations as a constant value (Senyigit & Atici, 2017b; Senyigit & Atici, 2018). It was presented that
decision makers can not exactly determine the due-date and processing time due to insufficiencies in experience, judgment and
knowledge. It proposes that there is an increasing interest towards fuzzy parameters with scheduling problem (Arik & Toksari, 2017).

Scheduling problem was tried to be close to real life case by forming increasing and decreasing parameters on processing time.
Scheduling problem under job dependent learning effect was studied. Learning-curve approach was modelled as a repetitive function
of manufacturing shift (Mosheiov & Sidney, 2003). Learning effect and deterioration with single machine scheduling problem were
studied. Deterioration and learning effect were defined as a function which depended on job starting time and position (J.-B. Wang,
2007), (J.-B. Wang, Huang, Wang, Yin, & Wang, 2009). General learning effect with single machine scheduling problem was studied.
A solution was proposed in which learning effect depended on total processing time and had a shortening effect on processing time (J.-
B. Wang, 2008). Single machine scheduling under non-linear deterioration and time dependent learning effect was studied. It was
accepted that processing time prolongs in case of tardiness and shortens in case of learning (Toksari, Oron, & Giiner, 2009). Past
sequence dependent setup times with single machine scheduling problem was handled (Koulamas & Kyparisis, 2010). Single machine
scheduling with linear decreasing deterioration was studied (X.-R. Wang, Huang, & Wang, 2011). Single machine scheduling with real
time dependent and job dependent learning effect was tackled (Jiang, Chen, & Kang, 2013). Unrelated parallel machine scheduling with
job deterioration and source dependent processing time was inspected. Actual processing time was defined as the function of source
different than starting time (Yin, Kang, Sun, Yue, & Wang, 2014). Position dependent deterioration was studied. Weights were defined
as position dependent and processing time was modelled as a function of basic processing time (Lu, Wang, & Huang, 2015). Single
machine scheduling based on total processing time and job positions was handled. Actual processing time was modelled with job
position and total basic processing time (Lu et al., 2015). Oron studied on position dependent workloads and controllable process period
(Oron, 2016). Toksari and Arik proposed single machine scheduling problem under fuzzy processing time with position dependent fuzzy
learning effect (Toksari & Arik, 2017). Koulamas studied on general due-date assignment with earliness and tardiness penalties
(Koulamas, 2017).

In this study, a model which includes learning effect and WMSD risk factors have effect on process time was proposed. WMSD
risk factors are considered as cumulative mean of risk value throughout shift. We proposed that schedules performance can be improve
by balancing productivity and WMSD risk. It is aimed to decrease schedule mean of risk without increasing total basic process time.
Total flow time and mean of risk were compared for obtained schedules. Balanced schedule total flow time and mean of risk is smaller
than non-balanced Schedule. It was shown that handled problem is solvable at the polynomial time and total flow time can be improved
by bringing balance between WMSD risks and productivity.

The rest of this article is organized as total flow time minimization problem on parallel machines with learning effect and WMSD
risk factors in the second section, numerical results and discussion in the third section, conclusions and recommendations are presented
in fourth section.
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2. Material and Method
2.1. Scheduling problem with learning effect and WMSD risk factors

In this paper, we propose a model to solve parallel machine problem under WMSD risk consideration. The imposed WMSD risks
change according to machine, job type and technical activities number. By the WMSD consideration, we mean that job processing times
are an increasing function of WMSD risk factor. WMSD risk factors have an increasing effect on processing times, for this reason
WMSD risk factor included scheduling equation as deterioration rate. OCRA index method was selected as risk assessment technique,
therefore, OCRA index provides an observation-based index value, which is related to the expected percentage of pathological cases
among the working population and includes the cycle time which one of the candidate parameters that can be used in scheduling
problems. Workstations improve continuously as a result of repeating the same or similar activities. Thus, the processing time of a job
is shorter if it is scheduled later, rather than in the sequence. This phenomenon is known in the literature as a “learning effect”. In this
study, position based learning rate was used.

Job risk value is depend on cumulative average of risk values of previous jobs. Hereafter jobs risk value will be named as jobs
deterioration rate. It is assumed that deterioration rate for each one of jobs should be different. Jobs processed on the machine shouldn’t
be completed within basic processing time due to the imposed ergonomic risks because of repetitive technical activities. According to
this assumption if the job has the higher OCRA index value then its processing time will be larger.

OCRA index can be calculated by ratio between the foreseeable frequencies (FF) of technical activities actions required the
job and the reference frequency (RF) of job. FF is given by (NTC.60)/FCT (see Eq.(1)). NTC is the number of technical actions required
to perform job during one cycle. FCT is foreseeable duration of cycle time in seconds. RF is given by CFxPomXxRemXAdmXFomx
(RcmxDum). OCRA index is calculated for right and left body limp. The higher risk value is selected during the assessment. CF is
constant of frequency of technical actions per minute and equal to 30. Pom, Rem, Adm, Fom, Rcm and Dun, are relatively postures,
repetitiveness, additional, force, lack of recovery period and duration multiplier, respectively.

NTC 60

OCRA = ECT (1)

kfxPomxRemXxAdmXFOmX(RCmXDuy)

We assume that 7 is jobs number, p; is actual processing time of job j in the 7" position in a sequence S. We use the learning effect
model suggested by Biskup (Biskup, 1999). In this model, learning effect was represented by a (a<0) and it was formulated as a=
loga/log2 where a is learning rate(Biskup, 1999). Biskup defined the actual processing time as p;= p;#* where p; is the basic processing
time of job /. In this paper, we propose actual processing time with learning effect and WMSD risk factors, simultaneously. We consider
following models for the cumulative risk deterioration (CRD) (see Eq.(2)). OCRA risk assessment technique generates index value
which is between 0 and 9 (Boenzi et al., 2013) thus OCRA,,,,, equal to 9.

Y OCRA; .
CRD=1+m (]=1,.....n) (2)

Process times and risk values for sample data set were given in Table 1. The data were obtained from observations done in
electric household appliances manufacturing factory in Kayseri. In these observations, job risk assessment performed and jobs risk
values were recorded. 20 different jobs were selected for scheduling. Jobs differed from each other in terms of number of technical
activity, gender of employee and technical characteristics of job. The observation was performed during in normal shift and day time.
The observation environment was company plant and no replacement was made in the layout. The basic processing times of jobs were
taken from company’s technical document and risk value of jobs ware gained by performing risk assessment. We assume that the
learning rate is 80%.

Table 1. Jobs’ process times and risk values

Jobs 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
Process Times 8 7 7 & 9 9 10 13 15 16 18 20 15 15 19 19 19 21 40 48

Risk Values 26 25 30 45 45 35 76 65 6.1 6.1 39 39 6.1 66 39 1.7 27 25 2.6 2.3
2 222 gz = 2 2 2 2
OCRARsSk T T T T T T E E E & £ E g £ T T OE
5} 5} 5} |5} ) o 2 =2 2 2 =2 v B 2 = o o 15} 5} 5}
Level T 2 2 BB ERRBV oLV Y e 3 BB T OE
o) o) ) ) ) ) Q Q 9 g = = 9 O = ) ) ) o) o)
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2.2. Total flow time minimization problem on parallel machines

Total flow time minimization on parallel machines problem solution can be search in mxn/xn permutation and requires O(n?)
computational efforts. Problem can be solved by transforming assignment problem. In spite of the fact that the computational effort
remains O(n), problem can be solve within more efficient time. We assume that # is jobs number, m is machine number and positional
weight job j is (n;-r+1) when it is assigned to position » on machine i. Thus, the actual processing time of job j processed on machine i
is pi= p;v* where pj; is the basic processing time of job j. Objective of model is minimize to total flow time (see Eq.(3)). Only one job
can be processed in one position on a machine (see Eq.(4)). Each job can only be processed in one position on a machine (see Eq.(5)).
Let x;;- be a 0/1 variable such that x;,=1 if job j is scheduled in position r on machine i, and x;=0 otherwise ((see Eq.(6))). The optimal
total flow time on parallel machines is the solution of the following assignment problem:

min 3%, Yy Yo (ny — v 4+ 1) pyjrxiy 3)
Z}l:lxijr =1 r=1,..,n i=1,..,m @)
Xt Xr=a X =1 Jj=1..n (5)
Xijp=0 or 1, jr=1..,n i=1,..m (6)

Total flow time minimization problem objective functions were rewrote for proposed deteriorating models. We consider following
objective function for CRD (see Eq.(7)).

.
%1 OCRA;

min ¥, ¥, Y —r+ 1) (1+ OCRAmasz_li)pfraxifr (7)

3. Results and Discussion

We provide 20-job example in order show how the schedule changes under WMSD consideration and why WMSD risks should be
taken into account in parallel machine scheduling. The sample data set given in Table 1 was used to solve the CRD model. The models
were coded using LINGO software. Jobs’ sequence, risk value, process time and actual times are as shown in Table 2.

Table 2. Jobs’sequence and actual times for S schedule

Machine -1 | Machine -2
Positions 1 2 3 4 5 6 7 8 9 10 1 2 3 4 5 6 7 8 9 10
Jobs 19 12 17 16 10 13 7 5 2 1 20 18 15 11 9 14 8 6 3 4

8 Risk Value 255 392 266 173 6.11 6.1 7.64 454 248 259 229 247 392 392 6.12 6.61 6.49 3.47 2.98 454
O  Process Time 40 20 19 19 16 15 10 9 7 8 48 21 19 18 15 15 13 9 7 8
Actual Time 413 164 136 123 9.81 8.72 558 4.76 3.52 3.88 489 173 13.7 118 9.23 875 7.22 4.73 352 3.91

Operators are exposed medium risk level while performing jobs 7, 8, 9, 10, 13, 14. Figure-1 shows risk levels along the schedule

S for each machine. Medium risk level painted with red.

Machine-1 job risk level Machine-2 job risk level

Risk Level

118

Risk Level

b e e e o e e p—p——— e P {58 Flow Time
Borderline or
- High - Medium 36-45 Slight 2.3-35 R 1622  Acceptable <15 Optimal
very slight

Figure 1. Job risk levels for S schedule with learning rate and CRD
Jobs sequence is respectively j-19, j-12, j-17, j-16, j-13, j-7, j-5, j-2, j-1 on machine-1 and j-20, j-18, j-15, j-11, j-9, j-14, j-8, j-

6, j-3, j-4 on machine-2. Figure-2 shows jobs sequence with CRD and learning rate.
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Job sequence on machine-2

0 0.0 80.0 10

[} 0 BO.C 100 120 0.0 1200
om

Figure 2. Job sequences for each machine with CRD and learning rate.

Job sequence on machine-1

200 00 200 0.

In order to the balance between productivity and WMSD risk, jobs’ risk level balanced. FCT values of jobs which have medium
risk (jobs 7, 8, 9, 10, 13, 14) are increased until the risk value is slight. The value of sacrifice from the FCT value was met by decreasing
the FCT value of the lower jobs (jobs 1, 2, 16, 17, 18, 19, 20). Thus, total basic process time remained same value. Jobs basic process
time and risk value recalculated. Balanced Cumulative Risk Deterioration Model (BCRD) solved by using Lingo software with new
basic process times and risk values. Jobs’ sequence, risk value, process time and actual times for BCRD are as shown in Table 3.

Table 3. Balanced jobs’ sequence and actual times for S’ schedule

Machine -1 | Machine -2
Positions 1 2 3 4 5 6 7 8 9 10 1 2 3 4 5 6 7 8 9 10
Jobs 19 13 10 15 12 17 7 3 5 1 20 14 9 11 8 18 16 6 4 2
@ Risk Value 351 454 454 392 392 355 4.46 298 454 3.02 354 441 454 392 446 353 3.46 3.47 454 331
8 Process Time 305 175 175 17 17 15 12 8 7 6 31 18 175 17 16 14 10 8 7 6
Actual Time 318 145 127 112 104 8.62 6.58 4.18 354 292 31.7 152 127 11.2 9.8 805 546 4.18 354 292

None of operators are exposed medium risk level while performing jobs. Figure-3 shows risk levelS along the schedule S’ for

each machine.

Risk Level Machine-1 balanced job risk level

106

Risk Level Machine-2 balanced job risk level

104

... &=

Flow Time

N oo R oo BEEEEN i 2335

Figure 3. Job risk level for S’ schedule with learning rate and CRD

Borderline or

16-22  Acceptable <15 Optimal

very slight

Jobs sequence is respectively j-19, j-13, j-10, j-15, j-17, j-7, j-3, j-5, j-1 on machine-1 and j-20, j-14, j-9, j-11, j-8, j-18, j-16, j-

6, j-4, ]-2 on machine-2. Figure-4 shows jobs sequence with BCRD and learning rate.

Balanced job sequence on machine-2

B

Balanced job sequence on machine-1

Figure 4. Job sequences for each machine with learning rate and BCRD.
The average of the schedule S risk level is 4.1 and total flow time is 248 with provided process time and risk value. After the

balancing the average of the schedule S’ risk level is 3.9 and total flow time is 210 with balanced process time and risk value. It was

shown that improvement in total flow time can be achieved by balancing between WMSD risks and productivity.
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4. Conclusions and Recommendations

In this study, parallel machine scheduling problem under WMSD consideration was introduced. WMSD risks were modeled
with cumulative mean risk value of OCRA index which effective throughout the shift. Due to NP-Hard structure of parallel machine
scheduling problems with WMSD considerations and learning rate, the solution cannot be found always. Handled problem was solved
by transforming assignment problem. In spite of the fact that the computational effort remains O(n*), problem was solved within more
efficient time. S schedule that contain sequence of jobs and actual times gained. Thus, jobs have medium risk level and actual times can
be determined.

In order to the balance between productivity and WMSD risk, jobs” FCT values were changed. It is aimed to decrease schedule
mean risk value without increasing total basic process time. To reduce risk level FCT values of jobs which have medium or high risk
level were increased. The value of sacrifice from the FCT was compensating from job which have optimal, acceptable, borderline or
slight risk level. Process time and risk values were recalculated. BCRD model was solved and S’ schedule was obtained. The schedule
S average risk level and total flow time are respectively 4.1 and 248 for provided process times with CRD and learning rate. The
schedule S’ average risk level and total flow time are respectively is 3.9 and 210 with BCRD and learning rate. Total flow time and
mean of risk belong to BCRD model is smaller than CRD model. Therefore parallel machine schedule with WMSD risk consideration
and learning rate is solvable at the polynomial time and total flow time can be improve by bringing balance between WMSD risks and
productivity.

Innovation of this study is to model for the first time in a parallel machine scheduling problem including WMSD risk and to
show that handled problem is solvable at the polynomial time. Also it is shown that bringing balance between WMSD risks and
productivity can improve total flow time.

Finally, the benefits of the proposed model are that may allow more accurate production planning, may let to monitoring
employee tempo with smart individual protective clothing. Models can apply to different scheduling problems; different risk assessment

methods can be taken into account instead of OCRA index as further works.
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