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Abstract: In the last decade, simulation software as a tool for managing and controlling business
processes has received a lot of attention. Many of the new software features allow businesses to
achieve better quality results using optimisation, such as genetic algorithms. This article describes the
use of modelling and simulation in shipment and sorting processes that are optimised by a genetic
algorithm’s involvement. The designed algorithm and simulation model focuses on optimising the
duration of shipment processing times and numbers of workers. The commercially available software
Tecnomatix Plant Simulation, paired with a genetic algorithm, was used for optimisation, decreasing
time durations, and thus selecting the most suitable solution for defined inputs. This method has
produced better results in comparison to the classical heuristic methods and, furthermore, is not
as time consuming. This article, at its core, describes the algorithm used to determine the optimal
number of workers in sorting warehouses with the results of its application. The final part of this
article contains an evaluation of this proposal compared to the original methods, and highlights what
benefits result from such changes. The major purpose of this research is to determine the number of
workers needed to speed up the departure of shipments and optimise the workload of workers.

Keywords: computer simulation; genetic algorithm; shipment; sorting; optimisation; logistic

1. Introduction

The shipping industry is still figuring out how to manage its processes in a cost-
effective and efficient manner. As a result, several delivery companies seek out cutting-edge
solutions to improve customer experience and revenues [1,2]. Whether it is a company
with a large or small volume of shipments, it is always necessary to adhere to specific
transport standards of, and solutions to, the sorting process. A delivery company often
stands as a link between a product’s manufacturer and customers [3]. Such a company will
ensure customer satisfaction mainly by fast delivery, suitable packaging of the consignment
and, last but not least, the lowest price. This is why it is crucial to continually improve said
company’s logistics processes [4,5]. In a delivery company, every process is closely linked;
it must therefore respond flexibly to every change and error in the process [6]. This means
that the delay of one element of a shipment and sorting processes will be reflected in the
next process [7,8].

Today, modelling and simulations are commonly used for all production or logistics
companies [9,10]. Due to the sensitivity of delivery processes, finding the optimal solution
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with the highest possible quality is necessary [11,12]. Simulation can be especially useful
in cases involving a complex system with dynamic inputs and conditions [13,14]. It can
be used not only for the determination of a future object’s state but also to determine the
optimal path to achieve this state [15,16]. Genetic algorithms (GA) are commonly used to
generate high-quality solutions, as well as to optimise and search for problems by relying
on biologically inspired operators such as mutations, crossover, and selection [17,18]. The
advantages of such algorithms include, for example, the ability to implement GAs as
a “universal optimiser” that can be used to optimise any type of problem belonging to
different areas [19,20]. Genetic algorithms in the field of logistics are an area of interest
for many researchers. Figure 1 presents the number of publications on genetic algorithm
issues in the context of logistics (based on data from the Scopus database).

Processes 2021, 9, x FOR PEER REVIEW 2 of 14 
 

 

Today, modelling and simulations are commonly used for all production or logistics 
companies [9,10]. Due to the sensitivity of delivery processes, finding the optimal solution 
with the highest possible quality is necessary [11,12]. Simulation can be especially useful 
in cases involving a complex system with dynamic inputs and conditions [13,14]. It can be 
used not only for the determination of a future object’s state but also to determine the 
optimal path to achieve this state [15,16]. Genetic algorithms (GA) are commonly used to 
generate high-quality solutions, as well as to optimise and search for problems by relying 
on biologically inspired operators such as mutations, crossover, and selection [17,18]. The 
advantages of such algorithms include, for example, the ability to implement GAs as a 
“universal optimiser” that can be used to optimise any type of problem belonging to dif-
ferent areas [19,20]. Genetic algorithms in the field of logistics are an area of interest for 
many researchers. Figure 1 presents the number of publications on genetic algorithm is-
sues in the context of logistics (based on data from the Scopus database). 

 
Figure 1. Number of publications on genetic algorithms and logistics. 

As will be demonstrated further, this technique can solve practical problems that oc-
cur in logistics companies. This technique has tremendous efficiency and performs well 
in creating complex adaptations. A GA can find elegant, multifactorial solutions to prob-
lems in hidden ways, problems that a researcher may be unaware of and that are unlikely 
to be discovered by traditional engineering approaches [21,22]. 

Based on [23], the selection of model structure and model parameter identification 
are two main problems in system identification. There is currently a growing number of 
uses of genetic algorithms to solve various tasks because of its advantages, such as wide 
adaptability, stable calculation, high identification accuracy, and simultaneous determi-
nation of the model structure and parameters. A linear system, system order, time lag, 
and parameters can be constituted into a chromosome. The value of fitness function in-
cludes the modelling error thanks to the system identification problem becoming an opti-
mal problem that a GA can solve. 

There are many areas where genetic algorithms find application in optimisation, such 
as artificial intelligence [24], robotics [25], services [26], automatic control [27], manufac-
turing [28], and warehouses. Genetic algorithms are used in warehouses in various ways, 
such as solving problems related to the utilisation of material items’ locations, determin-
ing the appropriate inventory size of individual material items, and determining the 
speed and schedule of the replenishment of material items [29]. By testing the genetic al-
gorithm in terms of replenishment of stocks, it was found that as little time as possible 
was devoted to this task [30,31]. Optimisation to find the optimal placement solution can 
be found in [32]. Optimisation of the AGV route in warehouses was carried out in [33,34]. 

Figure 1. Number of publications on genetic algorithms and logistics.

As will be demonstrated further, this technique can solve practical problems that occur
in logistics companies. This technique has tremendous efficiency and performs well in
creating complex adaptations. A GA can find elegant, multifactorial solutions to problems
in hidden ways, problems that a researcher may be unaware of and that are unlikely to be
discovered by traditional engineering approaches [21,22].

Based on [23], the selection of model structure and model parameter identification are
two main problems in system identification. There is currently a growing number of uses of
genetic algorithms to solve various tasks because of its advantages, such as wide adaptabil-
ity, stable calculation, high identification accuracy, and simultaneous determination of the
model structure and parameters. A linear system, system order, time lag, and parameters
can be constituted into a chromosome. The value of fitness function includes the modelling
error thanks to the system identification problem becoming an optimal problem that a GA
can solve.

There are many areas where genetic algorithms find application in optimisation, such
as artificial intelligence [24], robotics [25], services [26], automatic control [27], manufac-
turing [28], and warehouses. Genetic algorithms are used in warehouses in various ways,
such as solving problems related to the utilisation of material items’ locations, determining
the appropriate inventory size of individual material items, and determining the speed and
schedule of the replenishment of material items [29]. By testing the genetic algorithm in
terms of replenishment of stocks, it was found that as little time as possible was devoted to
this task [30,31]. Optimisation to find the optimal placement solution can be found in [32].
Optimisation of the AGV route in warehouses was carried out in [33,34].
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Problem Definition

For the solution and subsequent optimisation, the problem of determining the number
of personnel in a consignment sorting warehouse is chosen. Siemens’ Tecnomatix Plant
Simulation 15.2 software is used to implement the solution. The quantity of sorting volume
in a warehouse is not constant and tends to fluctuate depending on the volume of shipments
on any given day. As a result, a warehouse is used by both permanent employees and
largely part-time workers who are ordered in a fixed number every day. It is never certain
how many temporary workers will be required on any one day. 4 h before sorting begins,
the quantity of consignments received is known. Every day, it is required to ensure that
sorted consignments are loaded onto transport trailers as soon as possible in both directions.
Using a routine estimate to optimise the amount of personnel for a complex sorting facility
on a daily basis is a difficult assignment. It is assumed that a large number of people are
completing jobs at maximum capacity; therefore, leaving trucks with sorted items is the
best option. The goal of this research is to develop a system for determining the number of
workers and inputs for a given day, while allowing each truck to depart from the sorted
consignments first. According to the proposed algorithm, the results are calculated for a
specified volume of consignments. On the basis of this optimisation, a simulation model of
a shipment sorting warehouse is used, with genetic algorithms being used to reduce the
number of experiments.

The article’s main purpose is to highlight the advantages that optimisation in the
form of simulation using genetic algorithms can offer to the stated case study of applied
research in a sorting depot. The fundamental goal of optimisation is to obtain the most
feasible time structure for sorting processes while maximising the utilisation of labour
resources. The result is a process for determining the number of workers for the sorting
depot for a certain number of shipments at various time intervals, using genetic algorithms
to construct simulation experiments.

2. Materials and Methods
2.1. Genetic Algorithms

A genetic algorithm (GA) was employed to determine the best solution for various
processes in the simulation model, as previously described. One of the most basic stochas-
tic optimisation techniques with considerable evolutionary characteristics is the genetic
algorithm. To solve a problem, it represents an intelligent use of random selection from
a defined search space. A GA solves multiple tasks concurrently, allowing for a global
search for the best solution. It is currently the most extensively used evolutionary optimi-
sation algorithm, with several theoretical and practical applications. The genetic algorithm
considers five steps [28].

2.1.1. First Phase: Initial Population

The procedure starts with a group of people known as a population. Each person is
the answer to the problem one is trying to solve. Genes are a set of factors that characterise
an individual. A chromosome is made up of genes that are connected together.

A set of an individual’s genes is represented by a string in the form of an alphabet in a
genetic algorithm. Binary values are commonly utilised. On a chromosome, we claim we
encode genes [21].

2.1.2. Second Phase: Fitness Function

The fitness function determines an individual’s level of fitness. It assigns a fitness
score to each individual. The likelihood of an individual being chosen for reproduction is
determined by their fitness score [35].

2.1.3. Third Phase: Selection

The goal of the selection phase is to choose the most capable individuals and allow
them to pass on their genes to future generations. Two pairs of people (parents) are chosen
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depending on their fitness levels. Physically fit individuals have a better likelihood of
deciding to reproduce [35].

2.1.4. Crossover

Crossover, the most essential phase of the genetic algorithm is shown in Figure 2. A
crossing point is chosen at random from the genes for each pair of parents to be mated.
Progeny are created by exchanging genes between parents until a cut-off point is reached.
The population grows by adding new progeny [35].
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2.1.5. Mutation

Some of their genes may be altered with a low random frequency in newly generated
offspring (Figure 3). Some bits in a bit-string can be reversed as a result of this mutation [22].
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2.1.6. Tecnomatix Plant Simulation and Genetic Algorithms

Tecnomatix Plant Simulation is a Siemens PLM Software computer tool for the mod-
elling, simulation, analysis, visualisation, and optimisation of manufacturing systems and
processes, as well as material flow and logistical operations. It also enables the virtual de-
vice model to be coupled with real-world plant management in order to imitate real-world
production. Control, automation, material transport, and the full technical operation may
all be tested and optimised using this integrated simulation approach. The fundamentals of
genetic algorithms in Tecnomatix software are the same as in biology. The most successful
solutions are chosen from a pool of potential solutions and used to develop new ones.
Then, in future generations, better solutions are developed. The so-called fitness value,
which the simulation model provides, determines whether the proposed solution has an
advantage in selection and determines whether it is then employed to create a new solution.
The simulation model shows one how long each proposed sequence takes to process [36].

The key benefits of genetic algorithms are that they are job-agnostic and produce
satisfactory results. As a result, genetic algorithms are well suited to assisting numerous
simulation-based optimisation tasks. Genetic algorithms can handle a variety of problems
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without requiring a lot of time to construct and adjust simulation models. To solve the
optimisation challenge, genetic algorithms employ an iterative approach. The simulation
model determines the acceptability of offered solutions based on stated fitness parameters.
The optimal solution is determined when the optimisation cycles are completed and it is
ready to be used for future modelling. The objects displayed in Figure 4 are made possible
by further genetic algorithms, see Figure 4.
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2.2. Design of Algorithm for Determining the Number of Workers in the Sorting Warehouse Using
Genetic Algorithms

The case study is conducted using the algorithm for determining the number of
employees in the sorting warehouse (Figure 5), in which the target function is the departure
time of the final truck with sorted consignments and the number of employees. Start 1 and
Start 2 are the two beginnings of the algorithm. Start 1 is the first step in the project and its
purpose is to generate a viable and verified model using Tecnomatix Plant Simulation’s
GAWizard function (gray). Start 2 is used by the user on a daily basis to calculate the
number of workers required for a given day so that the truck can leave as soon as feasible,
and the designated workers’ workload is as high as possible (white). The task of the
colour genetic algorithm, which is marked in blue, is to arrange experiments and conduct
simulation runs.

2.3. Design of Simulation Model

As already mentioned, the software Tecnomatix Plant Simulation 15.2 is used to
implement the simulation model. It enables the insertion of items and their modelling so
that the modelled objects are comparable in size and shape to the real ones, allowing for
extremely accurate distance and time estimates. It also has a worker function, which allows
researchers to replicate the worker’s behaviour and actions (sorting, carrying, unloading,
loading). The main part of the simulation model is the conveyor system, which distributes
consignments to the sorters and, subsequently, to the conveyors and the transport trailers
(see Figure 6).

There are three critical input locations for shipments for sorting in the model. Input 1
reflects courier-imported shipments. Input 2 is the location where letter items are entered.
Input 3 is the input of shipments from a single shipper, but in bigger quantities. Consign-
ments imported by trucks for sorting from different locations are represented by inputs
4, 5 and 6. Without simulation, it is decided which worker performs a specific activity.
Their present estimate is 21; however, their utilisation is extremely low due to a lack of
work coordination on activities. When modelling inputs 4, 5, and 6, it is assumed that no
more than three trucks can unload at the same time, see Figure 7. Point outputs 7 to 16 are
workers who were assigned to remove the consignment off the conveyor belt, inspect it,
and place it in the loaded truck.

After validation and verification, a simulation model was developed based on the
present state, which included all necessary objects and exhibited appropriate accuracy. The
model is displayed in 2D view on Figure 8a and in 3D view on Figure 8b. The time in
which the simulation can be run is one of the model’s primary constraints. The moment
when the quantity of bales for each direction is known, as well as the estimated arrival
time of the sorting trucks, which occurs 4 h prior to the beginning of sorting process. We
can rely on past data up to this point, but they do not produce reliable findings.
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In total, 8330 consignments were used as an input to compare the current condition
in terms of the number of workers and truck departure times. The daily cost for one
permanent employee is EUR 9 and, for part-time employees, it is EUR 6. The cost of failing
to arrive at the next processing location on time is EUR 6 each minute. The departure
of the last sorted vehicle at 5 h 40 min 00 s is the period that should not be exceeded in
order to avoid these fees. Without the simulation model, the number of employees was
calculated using a conventional estimate based on the table, which shows that there are
seven employees for every 1500 shipments. As a result, 42 staff are ready to participate in
the simulation. The end of the simulation with this number is 5 h 28 min 53.42 s and the
occupancy rate is 20%, according to the results. The GAWizard function in the software
allows one to define the target function, which is the value that should be optimised and
weighted. The loading time of the last truck, i.e., the time when the simulation is finished,
and the number of personnel were our two functions. At each simulation run, we aimed for
the smallest possible number of personnel and the soonest possible truck departure of the
last truck. A fitness function was established. When optimising the last track’s departure
time, the number of workers had a weight of 1 while optimising the last track’s departure
time had a weight of 0.5.

In order to optimise the number of employees, integer variables representing employ-
ees were constructed. Their number corresponded to the zone in which they engaged in
a certain set of activities. The zones that were optimised, as well as their activities, are
depicted in Table 1.

Table 1. Range of activities in different zones.

ZoneA ZoneB ZoneC ZoneD

Carry_SN Carry_BA carry_dep_I Sorting_oversize
Carry_TN_PDCarry_PP Carry_DS carry_depo_II Carry_input_from_track_A

Carry_LM Carry_TT_SE carry_depo_III Carry_input_from_track_C
Carry_MI Delivery_oversize carry_depo_IV Carry_input_from_track_B
Carry_KE Carry_TN_PD carry_oncler_shipment

Carry_LV_KN Carry_PP Carry_input_from_track_A
Carry_BA
Carry_DS

The genetic algorithm can identify the best fitness function, i.e., the combination of
factors that result in the best fitness by combining the number of variables. In the models,
there are variables that change and variables that do not change. Figure 9 depicts constant
variables on the right and altered variables on the left.
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These variables are set in the GAWizard as “problem definition”, where we specify
the lower (1) and upper (10) number of workers and the increment step (1) for each zone.
The increment step defines how many experiment simulations we attain. The number of
observations is also defined, namely 3, as is the number of generations (20).

3. Results

Using genetic algorithms, optimisation was started based on the input data. The value
is checked after each simulation, and another experiment was constructed, reducing the
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number of experiments. With a total of 960 simulation runs completed for 320 experiments
with three observations, each generation improved. Without the use of genetic algorithms,
10,000 experiments with three observations would have to be performed. Figure 10 shows
the development of fitness values for the best, average, and worst solutions in each genera-
tion. Graphs in Figure 11 show all fitness values for each generation.
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For the 16 core CPU, the simulation and planning of the tests using genetic algorithms
took a total of 0 h 21 min 20 s. If all 10,000 experiments are carried out, the simulation
takes 11 h 06 min 40 s, which is insufficient if temporary staff must be reserved promptly.
When compared to the standard simulation 10 h 45 min 20 s, genetic algorithms save time
(see Figure 12). In terms of costs, the company employs four regular employees and a
few day-to-day recruits. Costs for staff, temporary workers, and delaying the departure
of the truck with sorted consignments make up the resulting costs. Costs are used as
a benchmark.
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After implementing the experiments, a table of the best solutions was generated, with
the corresponding values of fitness shown in Table 2.

Table 2. Best result in optimisation using genetic algorithms for three observations.

Fitness End of the
Simulation

Number of
Employees Costs (EUR)

2:43:23.5794 5:26:07.1587 20 451.11
2:42:49.5336 5:24:59.0671 20 451.00
2:43:01.1835 5:25:22.3670 20 451.03

The specified number of workers for each zone is shown in Table 3.

Table 3. Specified number of workers for different zones.

ZoneA ZoneB ZoneC ZoneD

10 2 1 3

With the stated distribution, the workload is reduced by 25%. Utilisation cannot be
used as a performance metric because greater values can only be achieved by reducing
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the number of personnel or changing the arrival time of trucks for sorting, both of which
are impossible.

4. Conclusions

Current computing technologies allow us to realise what formerly could only be
decided by a rough estimate, resulting in a waste of resources due to inaccurate estimates.
Computing technologies and simulation software allow for precise estimation of the ac-
tion’s outcome without interfering with a real system. Due to the large number of dynamic
activities, such as sorting goods in a logistics warehouse, determining the number of person-
nel needed to maximise capacity is difficult. As soon as possible, the sorting trucks should
depart, and the number of workers should be kept to a minimum. This article contains an
algorithm to determine the optimal number of workers in a sorting warehouse with the
results of its application. The programme Tecnomatix Plant Simulation and the function
of genetic algorithms were used in the implemented example to predict the number of
employees. We were able to cut the number of employees by 52.38% while preserving the
trucks’ departure time thanks to this algorithm’s assistance. Costs were reduced from EUR
727.70 to EUR 451.00. It was feasible to avoid the waste of labour resources by using simu-
lation, and the time required to determine the ideal solution was considerably decreased
by employing genetic experiments, which required just 320 experiments instead of 10,000
to find a solution.

The study, according to the authors, demonstrates the efficacy of genetic algorithms
and the legality of their application in logistics organisations. GAs may not only be a subject
for academic debate, but they can also help solve real-world challenges in industry. The
spread of computer technology and simulation tools lays the groundwork for an increasing
number of businesses to adopt genetic algorithms.
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