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Improving the Steel Household Appliances Production Through Simulation and 
Gray Proximity Indexed Value

ABSTRACT

Improving the efficiency of the production process is one of the most critical goals 
for manufacturing companies to reduce costs and compete in the market. Identifying 
and resolving process bottlenecks is essential to enhance efficiency. This issue is 
particularly significant in the steel products industry due to the complexity and large 
scale of production lines. This research investigated the efficiency improvement of 
the sink production process at Alborz Steel Company using Discrete event simulation 
and gray multi-criteria decision-making. Through simulation, the current conditions 
of the production line and process bottlenecks were identified, and five suggested 
scenarios were examined for their improvement. These scenarios are designed based on 
preventive maintenance, adding operators, outsourcing part of the process, adding a new 
device, and combining the previous four scenarios. The results show that the combined 
four scenarios would improve production productivity by 6.08% and reduce waste by 
27.13%, with a 6.66% increase in the number of personnel in the production process. 
However, the criteria of cost, improvement in the company's technical capabilities, and 
ease of execution should also be considered in order to prioritize the scenarios. Hence, 
the Proximity Indexed Value approach was used in multi-criteria decision-making to 
prioritize the scenarios. Given the probabilistic nature of the simulation results and 
the uncertainty of experts' opinions, the gray Proximity Indexed Value method was 
developed. The prioritization of the scenarios based on simulation results and expert 
criteria was preventive maintenance, adding operators, adding a new device, and 
outsourcing part of the process.
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1. Introduction

Nowadays, companies seek to improve the performance 

of their production systems to compete efficiently and 
increase their market share [1]. They strive to enhance 
quality [2] and reduce production time to meet customer 
demands [3] while addressing the challenge of reducing 
the gap between costs and revenues [4, 5]. In the current 
market, price is not the only competitive factor; other 
factors such as increasing quality [6], shorter delivery 
times [7, 8], and meeting customer needs are crucial, and 
weaknesses in these areas can lead to loss of market share 
[9]. Therefore, companies seek ways to identify and deal 
with these issues [10], with one of their key goals being 
time reduction and optimization in the production pro-
cess [11].
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planning, machine scheduling, implementing lean pro-
duction systems, and enhancing the production supply 
chain are the goals considered in these papers. Zandiyeh 
and Motlabi (2018) presented customer order separa-
tion points and production planning optimization us-
ing DES. The paper focuses on improving production 
planning to reduce production costs and time in a dairy 
factory [27]. Vieira et al. (2017) used simulation for job 
shop scheduling, which could be applied in the automo-
tive industry. This paper presented a model combining 
DES and genetic algorithms for complex scheduling 
problems [28]. Afifi et al. (2022) combined lean inte-
grated concepts with DES to improve productivity in 
the assembly line of residential building doors. DES was 
used to identify bottlenecks and accumulation points on 
the assembly line while examining scenarios for updat-
ing equipment at automated stations and adding parallel 
stations [29]. Detty and Yingling (2000) used DES for 
lean production principles in assembly systems. In ad-
dition to the assembly processes, the related warehous-
ing, inventory, and transportation were included in the 
model to illustrate lean production impacts on the sys-
tem [30]. Yuan et al. (2020) used DES for lean planning 
and optimization of the production of prefabricated 
components. The results showed that this method could 
minimize differences in processing times across work-
stations to avoid bottlenecks as much as possible [31]. 
Zupan and Herakovic (2015) combined balancing and 
simulation for production and assembly line optimiza-
tion. The combined line balancing and further process 
optimization enhanced the process's production rate 
significantly [32]. Gonçalves et al. (2019) used DES to 
design an optimal process for the reverse supply chain 
and standard burial of scrapped vehicle tires, leading to 
a 15% cost reduction and a 71% reduction in pollutant 
gas emissions [33]. 

Some research has focused on improving mainte-
nance and repair systems, seeking to improve operations 
planning, reducing shortages and delays in the supply 
of spare parts, and enhancing human resource planning. 
Zandieh and Motallebi (2019) proposed a simulation 
model to boost business performance by improving the 
productivity and profitability of a production line. This 
model examined the performance of just-in-time pro-
duction systems considering diverse operational con-
ditions and maintenance policies. The results revealed 
that the application of condition-based maintenance and 
repairs for production and assembly machinery would 
improve the productivity and profitability of the pro-
duction line [34]. Corrotea et al. (2024) investigated 
the maintenance and repair system of a port compa-
ny. Shortages of spare parts, delays in sending parts, 
and queues for repairing machines were introduced as 
some factors leading to increased production time and 
reduced production numbers. The study also referred 
to rearranging the distribution of workload among 

Bottlenecks are a concerning issue affecting produc-
tivity and production time [12]. Manufacturing com-
panies must identify bottlenecks [13] and implement 
appropriate solutions to address them [14, 15]. Dis-
crete Event Simulation (DES) effectively identifies and 
resolves process bottlenecks [16]. Simulation in pro-
duction processes involves using a computer model to 
answer how a production system responds to different 
conditions [17]. Another critical issue for organizations 
is waste reduction. DES can help organizations identify 
ways to reduce waste by implementing different scenar-
ios [18]. Making changes in the production process or 
redesigning the process is also one of the issues inves-
tigated by DES that can effectively contribute to design 
cost reduction [19]. 

Finally, DES can play the role of a decision support 
system for the organization [20], contributing to plan-
ning and scheduling [21], capacity management [22], 
and performance evaluation of production and service 
activities [23].

In most industries, major or even minor changes to 
production lines are not feasible due to the potential for 
disruptions and negative impacts on line efficiency [24]. 
However, a model of the assembly steps can enable any 
changes without affecting the real assembly line, pro-
vide greater understanding and control of the assembly 
process [25], and ultimately enhance efficiency with 
lower costs and higher productivity.

As production processes become more complex and 
larger in scale, the importance of simulating improve-
ment scenarios before implementation increases. The 
steel products industry is often part of large and com-
plex industries. The size and complexity of the produc-
tion system in the steel industry pose various challeng-
es, including the sensitivity and costliness of changes 
and improvements [26].

Therefore, this research focuses on enhancing effi-
ciency in the production process of steel home applianc-
es using DES. This study simulates the sink production 
and assembly process at Alborz Steel Company, identi-
fies production bottlenecks, and examines improvement 
scenarios. Given the practical challenges of implement-
ing all scenarios simultaneously in an organization, the 
gray multi-criteria decision-making approach has been 
used to prioritize the scenarios.

2. Literature Review

Due to its case-study nature, simulation is a widely 
used tool in various studies, including production sys-
tems, transportation, emergency services, and other 
service systems. Research articles in production system 
simulation are reviewed here.

Some studies have examined the production and as-
sembly process of various products using DES and hy-
brid approaches. Improving and optimizing production 
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Also, the Gray Proximity Index Value method has been 
developed given the probabilistic nature of the simula-
tion results. 

3. Research Methodology

The tool used in this study is simulation, specifi-
cally creating a DES model. The simulation was con-
ducted using Arena software version 14 and historical 
data from Alborz Steel Company.  For this purpose, an 
8-step framework was designed to conduct the research, 
as presented in Fig. 1.

Initially, the overall production and assembly pro-
cesses at Alborz Steel Company were identified, fol-
lowed by their review and validation based on expert 
opinion. Then, the conceptual model was completed for 
each production phase, and the final model was validat-
ed based on expert opinion. 

The production process consists of 11 phases, each 
generally executed as shown in Fig. 2. Each part in each 
phase undergoes three operations, including preparation 
(separation, initial cleaning, removing the part from 
packaging, and transferring it to the relevant station), 
assembly (installing parts on each other), and inspec-
tion (checking parts for defects). A decision is made af-
ter inspecting the parts based on their condition (sound 
or defective). Approved parts proceed to the next stage, 
while defective parts are temporarily removed for re-
work or replacement, returning to the production line 
within an average of 30 minutes after inspection and 
defect correction by the operator. At the end of phase 
11, the assembled product is packaged and the complete 
and tested product exits the line. The total production 
and assembly operations are carried out by 15 people.

In the next step, the simulation model was created 
in Arena software. Then, the required data were collect-
ed, and the data distribution function was identified if 
necessary.

Based on the identified process and obtained in-
formation, the simulation model was constructed in 
Arena software, comprising 11 phases, each with a 
minimum of one and a maximum of three operations. 
Fig. 3. shows the schematic representation of the created 
model.

Data on process parameters such as product type, 
required time for each workstation, number of products 
produced per shift, number of operators, and equipment 
breakdown rates were collected. The identified relation-
ships were incorporated into the model after data col-
lection and obtaining statistical distribution functions. 
For example, the average preparation, assembly, and 
inspection times and the defect rates in various phases 
of the production line at Alborz Steel Company are pre-
sented in Table 1. comprising an important part of the 
collected data. The data were obtained based on sam-
pling at 40 different times (6 hours each time).

employees as a solution to improve the maintenance 
and repair process [35]. Mwans et al. (2023) presented 
an optimization simulation model for the maintenance 
and repair process optimization in healthcare systems 
with a DES and refrigeration simulation approach. Al-
though there are many papers with a DES approach in 
healthcare systems, there is scant research examining 
their maintenance and repair systems [36].

Some studies have also addressed the inspection 
and quality control system improvement. Martinez 
and Ahmed (2021) used DES to improve inspection 
processes in production lines, offering flexibility for 
custom production and task and system diversity in in-
spections [37]. Pena et al. (2022) used DES for mining 
production control with machine learning capabilities 
in gold processing. The study was based on a simulated 
processing plant exposed to mineralogical feed varia-
tions, revealing that the proposed framework would 
provide a valuable tool for the potential risk assessment 
and mitigation of gold processing performance [14]. 

Due to the continuous nature of the system, a few 
studies have focused on simulation in metal industries 
or integrating continuous and discrete simulation ap-
proaches. In particular, scant research has been con-
ducted in the steel products industry. Solding et al. 
(2009) used simulation to reduce energy consumption 
in an iron casting production system in Sweden, seek-
ing to reduce energy consumption due to rising energy 
prices. Their study revealed that DES could effectively 
reduce energy consumption [38]. Huynh et al. (2020) 
used DES for performance management and optimiza-
tion in industrial gearbox production, where the simu-
lated data were stored in a production database accessi-
ble via an IoT platform for calculating key production 
performance indicators. These simulated indicators 
could serve as a basis for production performance man-
agement [39]. Navarra (2023) presented a model for the 
integrated management simulation of mining and met-
allurgical systems. The results of the paper showed that 
with integrated management, productivity could be in-
creased while paying attention to environmental criteria 
[40]. Navarra et al. (2017) presented a combined system 
dynamics model and DES for a copper smelting plant. 
The output of the discrete simulation served as the in-
put to the system dynamics model for evaluating copper 
smelting units [41].

According to the literature review, discrete event 
simulation has rarely been used in the steel products 
industry, especially in sink production. Given the na-
ture of the simulation case study, this paper examines 
the simulation of the sink production line of Alborz 
Steel Company. It is also worth noting that in addition 
to the better scenario results, other performance crite-
ria should also be considered to select the best scenario 
in the simulation. This paper has used a multi-criteria 
decision-making approach to select the best scenario. 
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Fig. 1. Research steps.

Fig. 2. Production Process Steps.

Fig. 3. Schematic of the Model in Arena Software.
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Table 1. Average Operation Times and Defect Rates in the Production 
Line (in seconds).
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between two populations was tested. The test statistic 

was calculated as ==
𝑠𝑠12
𝑠𝑠22

 . In this test, the statistic val-

ue was 1.589, and the acceptance interval for the test 
ranged from 0.5319 to 1.88, assuming a 5% error rate. 
This reflected the validity of the obtained data, as there 
was no significant difference between the dispersion of 
the actual and simulated systems. Accordingly, a t-test 
with the assumption of equal variances was used to ex-
amine the hypothesis of equal means between the two 
systems. The null hypothesis for the test is expressed 
in Eq. (1).

                        Eq.(1)

Eq. (1) calculates the numerical value of the statistic 
based on the information in Table 2. and Eq. (2). Since 
the sample size is >30, the t statistic is used. The critical 
value for a two-tailed test at a 95% confidence level is 
1.99085. Therefore, the null hypothesis cannot be reject-
ed. In other words, there is no noticeable heterogeneity 
between the system responses and the model predictions 
in terms of the number of outputs, implying that the sim-
ulation model is sufficiently valid.

               Eq.(2)

The distribution functions of the production line 
data were identified through the input analyzer feature 
of the software, and the model simulation modules were 
completed accordingly. For this purpose, the recorded 
data were entered into the software to identify the best 
distribution that fitted the data.

The Create module inserted entities into the sim-
ulation model, with one part entering the production 
process every 200 seconds. The Preparation, Assem-
bly, and Inspection modules performed operations with 
normal distribution functions mostly. Beta and gamma 
distributions were also used in three out of 25 modules. 
The parameters of these functions were determined 
based on the data entered into the software. The adjust-
ed averages for the functions are shown in Table 1. The 
Decide module separated sound parts from defective 
ones, with the separation percentage based on results 
obtained from Table 1. Finally, the Operator module 
fixed defects in defective goods and reintroduced them 
into the production flow.

By completing the information, the model was run 
and the model was verified by examining the connec-
tions between the modules and the input data. Two steps 
were taken to validate the model. First, the model was 
explained to the experts, and their approval was ob-
tained to confirm that the constructed model matched 
the actual operations process. In the second step, the 
output data from the actual Alborz Steel Company as-
sembly line in 40 different times (each time 6 hours of 
operation) were compared with the simulation outputs 
as shown in Table 2. A statistical hypothesis test was 
used to compare the average output of the simulation 
model and the actual system.

To begin with, the hypothesis of equal variances

Table 2. Outputs of the System and Model in 6 Hours of Operation.
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As the model is validated, scenario building for pro-
cess improvement, model running for scenarios, and fi-
nally their prioritization will be presented in the findings 
section.

3.1. Gray Proximity Indexed Value for Mini-
mizing Rank Reversal

One issue with multi-criteria decision-making meth-
ods is rank reversal. This means that a solution might ini-
tially be ranked the best, but upon adding another option 
and re-ranking, the best option might change to the worst 
or one of the worst, which is identified as rank reversal 
[40]. The gray Proximity Indexed Value method is pro-
posed to minimize rank reversal [41]. This advantage is 
crucial when ranking simulation scenarios so that if a 
new simulation scenario is added, the ranking structure 
of the scenarios does not change.

Considering the probabilistic nature of the scenario 
results, this article developed the gray Proximity Value 
method to minimize rank reversal based on gray num-
bers. The steps of the method are as follows:

Step 1. Create a decision matrix with gray numbers 
for the options, as shown in Eq. (3).

           Eq.(3)

Step 2. Calculate the normalized weighted decision 
matrix, where the value of each component is obtained 
from Eq. (4).

                      Eq.(4)

Step 3. Obtain the proximity value for each option for 
each criterion based on Eqs. (5) and (6).

       Eq.(5)

      Eq.(6)

Step 4. The final value of each option is obtained 
from the sum of the proximity values based on Eq. (7). 
The lower this value, the better.

         Eq.(7)

Step 5. Rank the options by calculating the probability 

of one option being smaller than another, based on Eqs. 
(8) and (9). If two options A and B are equal, the prob-
ability is 0.5. If the probability is >0.5, then A < B, and 
if it is >0.5, then  A > B . The parameter l represents 
the length of the interval for each number, and L is the 
sum of the interval lengths of the two numbers being 
compared.

                                     Eq.(8)

                                     Eq.(9)

Eqs. (10) to (16) are used for gray number calcula-
tions to derive Eqs. (3) through (9).

4. Findings

The simulation model is executed in this stage. The 
number of simulation iterations is calculated based on 
the standard deviation obtained from the model outputs 
in Table 3. and Eq. (17). According to Eq. (3), R is the 
required number of repetitions in the simulation, and S0 
is the standard deviation calculated in Table 4. The values 
of α and ε are considered to be 0.05 and 0.15, respective-
ly. The number of repetitions for a 95% confidence inter-
val for the assembly line system at Alborz Steel Compa-
ny is calculated as follows.

                      Eq.(17)

Eq.(10)

Eq.(11)

Eq.(12)

Eq.(13)

Eq.(14)

Eq.(15)

Eq.(16)
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personnel and the utilization time of the equipment in 
phase 9 but increases ordering time and cost.

4.1.5. Fourth Scenario

In the fourth scenario, the number of welding ma-
chines in phase 8 is increased from one to two. The pro-
duction line has no space constraints for adding welding 
equipment, and welding is a bottleneck causing semi-fin-
ished goods to accumulate. Adding another welding ma-
chine also adds one operator to the system.

4.1.6. Fifth Scenario

Since the defined scenarios do not conflict in nature, 
the fifth scenario is a combination of these scenarios. All 
changes from the four scenarios are implemented in the 
base model.

4.2. Comparison of Scenario Results

The results obtained from each scenario are presented 
in Table 3. based on three criteria, including the num-
ber of personnel, the average total number of faults in all 
phases per hour, and the average number of products per 
hour. Also, the percentage of changes in each scenario 
compared to the current situation is displayed next to the 
result column. 

4.3. Identifying and Weighing Selection
Criteria

Next, a multi-criteria decision-making approach was 
used to select the best scenario. To this end, the best sce-
nario selection criteria were chosen with the cooperation 
of four experts from the company's production depart-
ment, and the weights of these criteria were determined 
using the Analytical Hierarchy Process (AHP). Three cri-
teria were derived from the simulation outputs, including 
the number of products, the number of defective parts 
in the production process, and the number of personnel. 
Three other criteria—scenario execution cost, improve-
ment in the company's technical capabilities following 
scenario implementation, and ease of execution—were 
introduced by the experts. Each criterion was then com-
pared in pairs by each expert. After reviewing the incon-
sistency of comparisons and making necessary adjust-
ments, the results were integrated using the geometric 
mean, as shown in Table 4.

The inconsistency of the expert opinion integration 
table was 0.067, which was acceptable. Based on this, 
the criteria weights were obtained, as shown in Table 4. 
according to which the weights of the criteria were deter-
mined as follows: The number of products, 36.9%; the 
number of defective parts, 27.7%; improvement in the 
company's technical capabilities, 16.4%; scenario execu-
tion cost, 12.2%; ease of execution, 4.1; and the number 
of personnel, 2.7%.

4.1. Execution of Simulation Scenarios

Different scenarios were designed to identify ways 
to improve production efficiency according to produc-
tion experts in Alborz company. Each scenario was 
implemented separately in the simulation model and 
its results were analyzed to compare the results of the 
scenarios with the current situation and with other sce-
narios. Increasing production and reducing waste were 
considered as two simulation goals to design scenarios. 
With this in mind, the first scenario was based on reduc-
ing waste, and scenarios 2 to 4 were based on increasing 
production. Also, the simulation results were analyzed 
in the current situation and the implementation condi-
tions, considering cost and physical limitations to de-
sign the scenarios.

4.1.1. Current Scenario

The current scenario was executed 961 times based 
on the obtained number of repetitions, and the results 
eere recorded. Based on the analysis of the simulation 
results of the current state, scenarios for improving 
the production process performance were created, and 
changes were made in the model to evaluate the system's 
performance. Each scenario was also executed 961 times 
in the software, and the average of these executions was 
considered the final output of the scenario.

4.1.2. First Scenario

Since the defect rate in phase 3 is 23% (Table 1.), 
which is the highest defect rate in the system, the first 
scenario aims to reduce it. The main cause of defects is 
the equipment in this phase, so preventive maintenance 
and equipment readjustment are defined for this stage. 
This scenario reduces equipment availability time since 
the machines must be stopped for maintenance and read-
justment. Based on previous experience and statistics, the 
defect rate decreases to 15% after maintenance.

4.1.3. Second Scenario

In this scenario, the number of active personnel in the 
production process is increased. In other words, new op-
erators are added in parts of the process where the work-
load is high or lack of operator access causes delays, as 
per the simulation results. Adding new operators reduces 
human error defects. Thus, one operator is added to phase 
5 and one to phase 11.

4.1.4. Third Scenario

In the third scenario, phase 9 is outsourced to a con-
tractor outside the company, removing this phase from 
the production process. Instead, sending semi-finished 
goods to the contractor and receiving finished goods is 
added to the simulation. This reduces the cost of two 
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Table 3. Comparison of Average Scenario Results.

Table 4. Final Pairwise Comparison Matrix for Scenario Selection Criteria.
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aggregated using the geometric mean.
The prioritization steps were then carried out using 

the proximity value method.
Step 1: Based on the obtained values, a decision ma-

trix with grey numbers was obtained, which is presented 
in Table 6. The decision matrix results for three criteria, 
including the number of products, the number of defec-
tive parts, and the number of personnel were obtained 
from the 5% confidence interval of the simulation results. 
For other three criteria, scenario execution cost, improve-
ment in the company's technical capabilities, and ease of 
execution were obtained based on expert opinions.

Step 2: In this step, the weighted normalized decision 
matrix was obtained based on relation 4, and the maxi-
mum value for positive criteria and the minimum value 
for negative criteria were identified. The results are pre-
sented in Table 7.

4.4. Ranking of Scenarios

In this section, the decision matrix for comparing sce-
narios was first completed. For this purpose, the interval 
estimates for the number of products produced and the 
number of defects in the final output of the simulation 
software were regarded as grey values for these two cri-
teria. The number of personnel was considered a fixed 
number but is displayed in an interval format. The cost 
of implementing each scenario was estimated as mini-
mum and maximum by four experts and entered into the 
decision matrix as grey numbers. Finally, a questionnaire 
with linguistic variables was completed by a group of 
experts to evaluate the criteria for improving the compa-
ny's technical capabilities and the ease of implementing 
the scenarios. The linguistic variables were converted 
to grey numbers through Table 5. and their results were 

Table 5. Grey numbers corresponding to linguistic variables.
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Table 6. Decision matrix with grey numbers.

Table 7. Weighted normalized decision matrix.
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Step 3: At this stage, the proximity value for each op-
tion relative to the best criterion value was obtained us-
ing relations 5 and 6. The results are presented in Table 8.

Step 4: The final score for each option was obtained 
by summing the proximity values based on relation 7, as 
shown in Table 9.

Finally, two approaches were used for ranking the 
options. The first approach took the average of each in-

terval, and the averages were compared. The second ap-
proach used formula 8 for ranking, and both approaches 
provided consistent results.

5. Results and Discussion

As shown in Table 3. the proposed scenarios led to 
improvements in the system and increased production 

Table 8. Proximity value matrix.

Table 9. Final score for each Scenario.
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serve as a basis for evaluating new scenarios to improve 
the production process, and the proximity value method 
can serve as a basis for prioritizing scenarios and com-
paring them with previous ones.

6. Conclusions

This study examined the sink production process at 
Steel Alborz Company through DES. The constructed 
model comprised 11 phases, each including preparation, 
assembly, and inspection operations. The simulation re-
sults of the current state were analyzed, and five scenar-
ios were subsequently proposed to improve and enhance 
the efficiency of the production process. The scenarios 
were created based on improving maintenance planning, 
adding personnel, outsourcing part of the process, adding 
new machinery, and ultimately combining the four previ-
ous scenarios. 

The results showed that the fourth scenario had the 
best performance in increasing the number of products, 
increasing production by an average of 2.46%. The first 
scenario also had the greatest reduction in the number of 
defective parts, reducing by an average of 13.57%. The 
third scenario also reduced the number of personnel by 
2 people. The results of the simulation of the scenarios 
showed an improvement in production efficiency and a 
reduction in defective parts. The combination of all sce-
narios in the fifth scenario improved production efficien-
cy by 6.08% and reduced defective parts by 27.13%.

The three criteria of scenario execution cost, ease of 
execution, and improvement in the company's technical 
capabilities were also examined, along with the three out-
put criteria from the simulation, to prioritize the imple-
mentation of the scenarios. For this purpose, the weights 
of the six criteria were first determined. The results 
showed that the number of products (36.9%), the num-
ber of defective parts (27.7%), and improvement in the 
company's technical capabilities (16.4%) were the most 
significant criteria, making up 80% of the total weight. 
The Gray Proximity Indexed Value method was used for 
ranking based on the identified criteria, revealing that 
scenarios 1, 2, and 4 were the most important for imple-
mentation in order of priority.

The simulation results of the scenarios showed an 
improvement in production efficiency and a waste reduc-
tion, with the implementation of all scenarios in the fifth 
scenario leading to a 6.08% increase in production effi-
ciency and a 27.13% reduction in waste. The scenarios 
were then ranked using the grey proximity value method. 
The advantage of the proximity value method lies in re-
ducing the possibility of rank reversal if new scenarios 
are added to the problem, thus enhancing the reliability 
of the scenario ranking. Additionally, the grey proximity 
value method was proposed due to the probabilistic or 
uncertain nature of the issue. The ranking results indi-
cated that improving the maintenance process, adding 

efficiency. If the company can implement these scenar-
ios simultaneously, as in the fifth scenario, it can in-
crease production by 6.08%. Implementing this scenario 
requires rescheduling the maintenance tasks, planning 
and setting up outsourcing contracts, purchasing a new 
welding machine, adding it to the production line lay-
out, and adding operators to the existing and new weld-
ing stations, which can be achieved by rearranging the 
current operators.

The average total defects column was derived from 
summing the number of defects in each phase, totaling 
45.96 defective products across 11 phases that need-
ed rework. The scenarios demonstrated a reduction in 
defects due to the use of maintenance programs, out-
sourcing capacity, and increased personnel. In the fifth 
scenario, which combined all four proposed scenarios, 
there was an overall 27.13% reduction in defects com-
pared to the current situation.

However, companies often cannot implement all 
scenarios simultaneously. Moreover, executing one sce-
nario and observing the improvements under real-world 
conditions builds trust in the simulation results for im-
plementing other scenarios. Therefore, the scenarios 
were ranked based on the new criteria of execution cost, 
improvement of the company's technical capability, and 
ease of implementation, alongside the three criteria 
derived from the simulation execution. The proximity 
value method for minimizing rank reversal was used 
so that if a new scenario were identified and added to 
the decision matrix, the reliability of the ranking results 
would be enhanced. Moreover, given that the simula-
tion results are probabilistic and have confidence in-
tervals, the cost estimation for implementing scenarios 
is not precise, and the experts' opinions on improving 
the company's capabilities and ease of implementation 
are uncertain, grey numbers were used for ranking the 
scenarios, and the grey proximity value method was de-
veloped.

The results show that the criteria for increasing pro-
duction and reducing defective parts in the simulation 
results and the criteria for implementation cost and im-
proving capability were the most important for select-
ing scenarios. The scenarios were ranked in the order 
of 1, 2, 4, 5, 3. In other words, the organization should 
first focus on improving maintenance, then recruiting 
personnel for the production line, purchasing a new 
welding machine and adding it to the production line, 
and finally outsourcing part of the production process. 
Scenarios 3 and 5 occur simultaneously.

In the scenario execution phase, it is recommended 
to first implement the highest priority scenario, which is 
improving maintenance, while the other scenarios can 
be implemented if the process improves as predicted by 
the model. If there is a discrepancy between the mod-
el results and reality, the data or model logic needs to 
be re-evaluated. The developed simulation model can 
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mine production control with application to gold 
processing, Metals. 2022; 12(2): 225. 
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construction process employing lean principles and 
discrete event simulation, Sharif Journal of Civil 
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[16] Badakhshan E, Pishvaee M.S, Sahebi H, A 
Simulation-based Optimization Model for Integration of 
Cash and Material-Flow Planning within a Supply Chain, 
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6(1): 31-51. 
[17] JavidMoayed M, Afshar Kazemi M.A, Modeling the 
Market Analysis Process through the SD-DES Hybrid 
Simulation Approach (Case Study: Mobile Market of 
Iran), Industrial Management Studies. 2021; 19(62): 23-
66.
[18] Chowdary B.V, Rayside A, Sustainable recycling 
strategies to reduce plastic waste: application of circular 
economy principles and discrete event simulation 
modelling to beverage manufacturing industry, 
International Journal of Process Management and 
Benchmarking. 2024; 16(2): 139-63. 
[19] Paape N, van Eekelen J.A, Reniers M.A, Automated 
design space exploration for poultry processing systems 
using discrete-event simulation, International Journal of 
Food Engineering. 2024. 
[20] Rotunno G, Lo Zupone G, Carnimeo L, Fanti M.P, 
Discrete event simulation as a decision tool: A cost 
benefit analysis case study, Journal of Simulation. 2024; 
18(3): 378-94. 
[21] Wang Z, Liao W, Smart scheduling of dynamic 
job shop based on discrete event simulation and 
deep reinforcement learning, Journal of Intelligent 
Manufacturing. 2024; 35(6): 2593-610.
[22] Ortiz-Barrios M, Arias-Fonseca S, Ishizaka A, 
Barbati M, Avendaño-Collante B, Navarro-Jiménez E, 
Artificial intelligence and discrete-event simulation for 
capacity management of intensive care units during the 
Covid-19 pandemic: A case study, Journal of Business 
Research. 2023; 160: 113806.
[23] Taleb M, Khalid R, Ramli R, Nawawi M.K, An 
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personnel to the production line, adding a welding ma-
chine, and finally outsourcing part of the process were 
of higher priority. Finally, the simulation can be applied 
to other production processes at Steel Alborz Company.
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