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Abstract: Traffic congestion is becoming an increasing problem due to the rapid growth
of the population. In the current situation, the mode choice of the people has a direct
impact on traffic density. For this reason, many studies have been carried out by researchers
and planners to reduce the number of vehicles on the road. Various strategies have been
proposed, such as incentives for public transport, parking restrictions, parking pricing and
car sharing. It is very important that these strategies are implemented by the institutions in
order to reduce traffic during the commuting hours, which coincide with the rush hour.
Especially in areas such as shipyards and industrial zones, which are far from the city
center and relatively difficult to reach but which provide employment opportunities for
thousands of people, a shuttle service is one of the most preferred strategies to discourage
employees from using private cars. However, in companies with thousands of employees,
this situation generates costs that cannot be ignored. The examined case study similarly
needs to optimize and reduce operational costs related to fuel consumption, maintenance
and tax expenses by optimizing the number of two different types of service vehicles
required for employee transportation at the Yalova Shipyard. For this aim, a dynamic
linear programming (DLP) model was used to achieve a cost-effective, sustainable and
demand-responsive shuttle service. According to the analysis results, it was concluded
that the annual fuel cost of the vehicles will be reduced by 33.9%, the maintenance cost by
35.2% and the annual tax cost by 49.3% by disposing of the unneeded vehicles (27%) in the
studied Yalova Shipyard. Taking all these positive improvements into account, it is clear
that the optimization study significantly reduces the costs incurred by the service.

Keywords: employee shuttle services; sustainability in transportation; cost reduction; fleet
management; industrial mobility solutions

1. Introduction

There is a significant increase in the number of vehicles on the road due to the growing
urban population. According to the World Health Organization (WHO), more than 55% of
the world’s population lives in urban areas, and this figure is expected to rise to 68% by
2050 [1]. An analysis of recent research reports shows that the number of vehicles on the
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road has increased by 95.7% compared to March of the previous year [2]. This increase not
only causes traffic congestion but also brings many negative effects, such as environmental
and economic impacts. Currently, the transport sector is the second most responsible sector
for greenhouse gas emissions released in a year, and 74% of greenhouse gas emissions are
caused by road transport [3].

The employment opportunities offered by cities are an important reason for the
increase in traffic density that accompanies population growth. There are millions of
workers in countries who have to commute every working day of the week to their jobs in
the city center or far from the city center. As the distance to work increases, the increase in
the rate of commuting by private car leads to an increase in traffic density, especially during
the commuting hours [4]. At this point, it is assumed that the provision of a staff shuttle
service to facilitate the commuting of employees of institutions and companies to work will
both provide more comfortable, safer and cheaper transport by relieving employees from
the stress of traffic and reduce the tendency to use private cars. In large public institutions,
companies and factories, the provision of shuttle services for employees is seen as a serious
cost. These costs can include expenses such as vehicle purchase or rental, fuel, insurance,
maintenance and repair and driver salaries. The aim of the organizations is to create
their own efficient and fast service networks at minimum cost. For this reason, different
objectives can be adopted, such as minimizing the distance and the number of vehicles to
be used during the service on the route created to minimize costs and the optimal use of
capacity [5]. Achieving these objectives is a major problem because it depends on many
different parameters. This is where the concept of optimization comes into play and is of
great importance to service providers. Optimization studies, carried out according to the
defined purpose in systems constrained by different parameters, play a role in solving the
complexity of the system and achieving the most appropriate result.

To minimize these operational costs and improve efficiency, companies must strategi-
cally optimize their shuttle service networks. This requires balancing various constraints,
such as fleet composition, scheduling, demand fluctuations and environmental consider-
ations. In this context, optimization techniques play a crucial role in enhancing mobility
solutions by streamlining operations, improving service reliability and reducing financial
burdens on organizations. Dynamic optimization models can help mitigate inefficiencies
by minimizing redundant trips, allocating resources effectively and responding to varying
demand patterns. First of all, the management of heterogeneous transport fleets requires
the application of complex models and algorithms to ensure optimal service quality and
resource allocation. The autonomous intersection management model proposed by Jiang
et al. [6], although focused on pedestrian and vehicle movement at autonomous inter-
sections, reveals the possibilities of applying spatiotemporal network models to other
situations, such as employee transportation services. The advantage of this model lies
in its ability to reduce waiting times and optimize traffic flows. But such a solution calls
for specialized algorithms, such as the shuttle-by-shuttle planning (SBSP) method, which
partitions and iteratively finds suboptimal solutions by means of computer resources. Ap-
plying mixed-mode linear programming (MILP) models helps one most effectively manage
a heterogeneous vehicle fleet—that is, one using several vehicle kinds or capacities. The
model proposed by Wu et al. [7], which includes trip coordination, speed regulation and
stop skipping, is a significant example of how to reduce both passenger waiting time and
vehicle operating costs. Dynamically applied planning models allow for more flexible re-
sponses to passenger needs and transport infrastructure capabilities. Large industrial sites,
where staff transportation flows may be erratic and dependent on work shift schedules,
find this method very appropriate.
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Second, the modernization of transportation networks depends much on autonomous
and semi-autonomous technologies. Dai et al. [8] propose a semi-autonomous (SAE level 4)
transport system that allows for the formation of bus platoon services, adjusting dynamic
capacity and autonomous driving in certain geographical areas. The advantage of this
model is the ability to reduce passenger waiting times and transport operating costs
by avoiding empty buses. The results of the study showed that such technologies can
significantly improve service efficiency and ensure vehicle utilization. For instance, the
availability and future aims of autonomous vehicles (car, bus, truck, etc.) could be a good
example of this issue. According to Oikonomou et al. [9]'s study, higher percentage of
autonomous vehicle networks (MPR) can greatly lower traffic congestion and pollution, as
well as raising the average speed of the network. This model underlines that improving both
transport efficiency and environmental sustainability depends on well-tuned transportation
speeds and planning decisions.

Third, being a particular kind of transportation service, employee transportation
services call for certain kind of planning. Lv et al. [10]’s study on urban air mobility (UAM)
highlights the importance of route optimization and vehicle capacity in order to reduce
passenger travel times and maintain service availability. Although UAM solutions are
currently more adapted to air transport, their methodological principles could also be
applied in the context of land transport, especially in complex work environments, such as
shipyards.

Fourth, mobility as a service (MaaS) is another promising direction for optimizing
employee transportation. Xu and Zheng [11] emphasize that the quality and accessibility
of transport services directly influence passenger choices. In this context, not only network
development is important but also research into the behavior of real users, which would
allow the alignment of technological solutions with practical needs. Furthermore, Jedrze-
jezyk [12]’s study on the sharing economy shows that automobile sharing systems might
help lower transportation costs and environmental pollution.

Finally, one should take into account the social and legal consequences of implement-
ing fresh mobility technologies. As Annund et al. [13] underline, the effective integration
of autonomous vehicles depends on the collaboration of local authorities, precise legal
rules and social acceptance. Moreover, the policy and regulatory environment surrounding
urban mobility must evolve to accommodate emerging transport innovations. Implement-
ing intelligent fleet management solutions requires collaboration between government
authorities, industry leaders and research institutions. Social acceptance of mobility shifts,
safety concerns regarding autonomous shuttles and legal frameworks governing shared
transport systems are crucial aspects that influence adoption and scalability [13]. The
study focuses on optimizing employee shuttle services using dynamic linear programming
(DLP) to address cost inefficiencies and improve sustainability at the Yalova Shipyard. By
applying a structured optimization model, this research aims to

e  Reduce fleet operational costs by optimizing the number and type of service vehicles.

e Improve vehicle utilization rates by adjusting routes and schedules based on demand
fluctuations.

e  Enhance environmental sustainability by decreasing fuel consumption and lowering
emissions.

e  Provide a flexible, scalable transport model applicable to other industrial and corporate
mobility networks.

This study differs from others by using dynamic linear programming (DLP) explicitly
tailored to manage an inhomogeneous fleet of shuttle vehicles in an industrial context at the
Yalova Shipyard. Unlike previous studies, this research integrates a dynamic, user-friendly
software interface designed for real-time operational planning, allowing for continuous
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adjustments to meet the fluctuating transport demands of the workforce. In addition, the
study quantifies significant reductions in operational costs, specifically fuel consumption,
maintenance and taxes, providing practical and directly measurable benefits beyond the
theoretical efficiency and sustainability improvements typically emphasized in previous lit-
erature. The study also serves as a practical framework for optimizing employee transport
networks, with potential applications in urban planning, corporate mobility management
and smart transportation systems. Future research could explore the integration of elec-
tric and autonomous shuttle fleets into optimization models, further aligning workforce
mobility with global sustainability initiatives.

2. Literature Review
2.1. Impact of Demand and Service Management on Traffic Density

Traffic density is a serious problem today with the increasing number of vehicles.
This density has negative effects in many ways. The transport sector accounts for 29% of
global energy consumption and 65% of oil product consumption [14]. At the same time,
the fact that the transport sector accounts for 24% of global CO, emissions indicates its
significant impact on global climate change [15]. These findings show that the transport
sector is of great importance, both economically and environmentally. One of the ways to
reduce this impact is to reduce the number of vehicles on the road. There are many studies
that show that reducing the number of vehicles reduces harmful gas emissions and energy
consumption [16-19].

The fact that employees prefer to use private cars is one of the factors influencing the
intensity of traffic during working hours. In his study, Downs [20] found that 45.4% of
morning traffic and 49% of evening traffic was caused by commuting. Therefore, in order
to reduce the use of private cars, institutions around the world use a technique known
as travel planning in the UK, mobility management in continental Europe and transport
demand management in the USA [21,22]. Some important studies on transport demand
management in the literature are summarized in detail according to their content and
strategic objectives (Table 1).

Table 1. Some studies on transportation demand management in the literature.

Reference

Content of the Study

Strategy

Rotaris and Danielis [23]

Batur and Kog [24]

Piras et al. [25]

Cumming et al. [26]
Rosenfield et al. [27]

Wu et al. [21]

Bahrami et al. [28]

Reducing private car use at university using
transport demand management

Simulation of the change in traffic density with
the implementation of selected travel
management strategies

Developing voluntary travel behavior change
programs for urban mobility using transport
demand management

Reducing traffic congestion and parking
pressure caused by commuting to work

Aims to reduce parking demand in an urban
workplace

Parking pricing
Annual parking permit
Public transport promotion

Service usage
Workplace travel planning

Personalized travel planning
School travel planning

Car sharing

Personalized travel plans
Promoting public transport
Mass communication
Carpooling programs

Public transport promotion
Non-motorized transportation
Informational campaign
Monetary incentives

. C . . Surge pricin
Dynamic optimization strategies for ride 8¢ pricing
. Commission rate
services .
Incentives

Parking management of automated vehicles in
downtown areas

Automated vehicles
Wardrop equilibrium
Time-based toll
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Table 1. Cont.

Reference

Content of the Study

Strategy

Ku et al. [29]

Farahmand et al. [30]

Bucchiarone et al. [31]

Ghafelebashi et al. [32]

Vega-Gonzalo et al. [33]

A public-transport-focused study for an * Increasmg parking f?es
environmentally friendly city *  Expanding shared bicycles
e  Restricting the operation of fifth-grade vehicles
A case study in transport demand e  Car sharing
management policy for employees in the e  E-bike sharing
Netherlands e  Mobility as a service
A study on sustainable mobility from hometo e  BIKE2ZWORK
work targeting public and private employees e  End-to-end solution,
Congestion reduction via personalized e  Price plans
incentives e  Personalized incentives
E . e e  Shared mobility
xamining the role of shared mobility in .
reducing private vehicle dependency ¢ Carsharing
e  Moped sharing

Studies that have used this technique include approaches such as the use of public
transport discount cards, bicycle facilities, car sharing and shuttle buses. A review of the
studies shows that the most widely used transport demand management methods are
car sharing, public transport incentives and car parking pricing [34]. Among these, car
sharing aims to reduce the rate of solo travel by establishing communication between
people traveling in the same direction. In particular, shuttle services for employees in
institutions and organizations with a large number of employees can be evaluated under
this heading.

Unfortunately, the use of private cars is a common mode of transport today. One of
the negative effects of private car use is undoubtedly the parking problem. Some of the
strategies created to prevent this situation are the provision of limited parking spaces by
institutions, the creation of a reward system and the pricing of parking spaces [34-36]. On
the other hand, efforts are being made to encourage people to use public transport, such
as fare discounts, the distribution of applications that provide route information and the
provision of transfer points [37,38]. The expected effect of these strategies is to reduce
private car use. Petrunoff [39] found that the use of travel plans reduced the proportion of
car trips to work from 83% to 70%. Following the implementation of the application, it was
observed that the psychology of employees was positively affected, as well as a reduction in
use of individual vehicles during commuting [40]. Reducing the use of private cars also has
a positive impact on the environment. Carapellucci et al. [41], in a study on the effects of a
home-to-work shuttle service, determined that it had a significant impact on air pollutants
and greenhouse gas emissions, with a 97% reduction in volatile organic compounds, a
72% reduction in particulate matter and a 60% reduction in carbon dioxide. Among these
approaches used in many different countries, the method most widely used by institutions,
organizations, companies, factories, etc., where a large number of employees work in the
same place, is the shuttle service, which reduces the use of private cars by employees and
ensures punctuality at work. With such service applications, institutions and organizations
provide a public transport service that allows employees to travel between home and work
using their own means of transport. By discouraging the use of private cars by employees,
the service helps protect the environment by reducing harmful exhaust emissions, as well
as helping to reduce traffic congestion.

2.2. Overview of Previous Studies

In order to ensure the transport mobility of staff working in the institutions, it is
important to manage the transport demand process by using the capacity of the staff shuttle
service offered to them efficiently in terms of cost to the institutions. The existence of many
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parameters that influence the costs makes the problem complex. For this reason, many
optimization methods are now used today to provide the service at the lowest cost. In
the literature, there are many optimization studies aimed at minimizing costs. The most
commonly used optimization methods are grouped in Figure 1. In the literature, optimiza-
tion problems are generally divided into four main categories. The first category includes
constrained and unconstrained problems. These types of problems are grouped according
to the set of spaces in which the solution is sought. If the problem has certain constraints,
the search space is limited by these constraints, while the opposite is true for unconstrained
problems [42]. The second category includes continuous and discrete problems. If there are
situations where the decision variables can only take certain values, this means that there is
a discrete optimization problem. In continuous optimization problems, the decision vari-
ables can take any real value. Linear programming and non-linear programming problems
fall into this category. In the literature, different methods are proposed to reach the solution
in the case of discrete and continuous problems [43,44]. Another category is analyzed in
two groups as single-objective problems and multi-objective problems. In single-objective
optimization problems, an objective is set, and the best solution that makes the function a
minimum or a maximum is sought. In multi-objective problems, there is more than one
objective to optimize. When the studies on optimization problems are examined, it is found
that the studies focus on cost minimization or profit maximization [45,46]. Finally, the
fourth category consists of static and dynamic problems. Static optimization problems aim
to find the best solution based on an instantaneous period of time. In such problems, the
values of the variables are assumed to be constant, and the situation is analyzed instanta-
neously. The goal of dynamic programming is to find the best solution when variables and
conditions change unexpectedly. In such problems, the process must first be analyzed by
considering a given time interval. In this technique, the optimization process is performed
by considering how the variables change over time. A review of the literature clearly shows
that various methods, such as time series analysis, regression analysis, artificial neural
networks, clustering analysis and classification, are widely used in the analysis of data
changes over time in dynamic programming.

Figure 1. Location and real site image of the Yalova Shipyard.

One of the areas where optimization techniques are widely used in the literature
is transport. It is basically concerned with optimizing the transport of goods or people
from one location to another. Studies generally focus on optimizing the road network
used during transport and minimizing the time spent in traffic and transport costs. For
example, Islam et al. [47] aim to minimize transport costs by optimizing transport planning
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in supply chain management using chemical reaction optimization (CRO), a metaheuristic
approach. Mirzahossein and Zargari [48] propose a combined optimization model to esti-
mate travel time and congestion charges in a transport network. Gibson et al. [49] conduct
an optimization study to minimize delays caused by demand variability in the transport
of medical specimens using an optimization-based solution approach. In another study,
Aydin [50] modeled bus passenger boarding using the artificial bee colony (ABC) method.
Based on the results, it can be concluded that boarding times are shorter depending on the
quality and characteristics of bus stops. In addition to studies aimed at minimizing travel
time and transport costs, there are also studies aimed at minimizing the environmental
impact of transport by introducing green procurement policies in transport. For example,
Jiang et al. [51] aim to minimize energy consumption and total CO, emissions with a
Pareto-based multi-objective tabu search algorithm for multi-vehicle and single-cargo green
transport planning. Zhao et al. [52] propose a multi-modal public transport optimization
model using a genetic algorithm method to minimize carbon emissions. They aim to reduce
distribution costs, vehicle fuel consumption and carbon emissions in a vehicle routing
optimization problem by using evolutionary algorithms.

Unlike the existing studies in the literature, which aim to minimize travel time, comfort,
safety, cost and environmental impact, this study is a new optimization study to minimize
fuel costs as a function of the number of vehicles allocated to shipyard employees for
commuting. The dynamic linear programming problem (DLPP), which is similar to the
dynamic programming structure due to the fact that it contains non-constant variables
and has a capacity constraint, was proposed as a macro that provides a solution according
to the data obtained by predicting future data using past data. For this new application,
a dynamic, user-friendly interface was designed to be actively used by the company. In
this way, the model’s data infrastructure, created by inputting new and current data, is
dynamically and instantly updated and aims to present the most appropriate number of
vehicles to be allocated to the operator for minimum fuel consumption over the next week.
With this proposal, developed as part of the study, users will be able to provide a shuttle
service to the maximum number of passengers with the minimum number of vehicles,
resulting in significant gains in cost items, such as fuel, maintenance, number of staff, taxes,
etc. In addition, with fewer vehicles on the road, significant gains can be made both in
terms of traffic and in terms of reducing harmful gases emitted into the air.

In the context of this research, optimization methods play an important role in solving
the problems of transport network management and cost minimization. Figure 1 illustrates
the most commonly used optimization methods, which are divided into two main groups:
exact solution methods and metaheuristic solution methods.

Exact solution methods give the best answers when problems have clear rules and
limits. Linear programming, as the first method, is used to find optimal solutions when
the problem can be stated in terms of linear equations and constraints [53]. Dynamic
programming is employed in step-by-step decision-making processes to address issues that
evolve over time [54]. Integer programming and mixed-integer programming are employed
to solve problems in which some parameters must be whole numbers (integers) and others
can be any number (real numbers). Branch-and-price and branch-and-cut algorithms are
also widely used, which allow for efficient solution of large-scale optimization problems,
especially in the field of transportation and logistics [55].

Managing employee shuttle services under inhomogeneous fleet constraints involves
optimizing routes and schedules for a diverse set of vehicles to meet employee trans-
portation needs efficiently. This challenge intersects with various research areas, including
vehicle routing problems, demand-responsive transport systems and fleet scheduling under
mixed-vehicle configurations [50]. For example, Yalgindag [56] examined the employee
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shuttle bus routing problem to design optimal routes for shuttles to transport employ-
ees between their residences and workplaces. He developed mathematical models that
extend the traditional school bus routing problem. The study introduced unified and area-
based solution methods, demonstrating significant cost reductions and improved efficiency
in shuttle operations. In another study, Xiong et al. [57] proposed demand-responsive
transport (DRT) systems to adopt passenger demands by offering flexible routing and
scheduling, which is particularly beneficial when dealing with variable employee sched-
ules and diverse fleet compositions. The study employed metaheuristic algorithms to
solve the model, highlighting the effectiveness of demand-responsive services in enhancing
operational efficiency. In a similar study, Yan and Tseng [58] developed a model to assist
carriers in simultaneously determining optimal fleet routes and schedules. Their approach
formulated the problem as an integer multiple-commodity network flow and applied a
Lagrangian relaxation-based algorithm to achieve efficient solutions. This methodology
is particularly relevant for managing inhomogeneous fleets in shuttle services. The 2004
report of FHWA [59] aimed at maximizing traveler choices and managing demand to im-
prove transportation system efficiency, providing travelers with effective choices to enhance
travel reliability. Implementing travel demand management strategies, such as flexible
work hours and ride-sharing incentives, can complement shuttle services by reducing peak
demand pressures and optimizing fleet utilization. Planning for a zero-emission mixed-
fleet public bus system requires the consideration of various operational constraints and
environmental goals, which are also important for bus schedule planning and operations.
In the study of Fries and Pferschy [60], they proposed integer linear programming models
that utilize comprehensive input databases, allowing for customized solutions tailored
to specific operational contexts. These models facilitate effective scheduling and routing
decisions in mixed-vehicle fleets, aligning with sustainability objectives.

In summary, effectively managing employee shuttle services under inhomogeneous
fleet constraints necessitates the integration of advanced routing algorithms, demand-
responsive strategies and comprehensive scheduling models. By leveraging these ap-
proaches, organizations can enhance the efficiency and sustainability of their transportation
services. The application of all these methods in the optimization of transport systems
allows for the effective modeling and solution of problems related to route planning, vehicle
allocation and cost reduction.

2.3. Study Objective and Expectations

In recent years, the optimization of employee shuttle services has been extensively
studied, with a focus on enhancing efficiency and reducing costs. Traditional approaches
often employ static models, which may not adequately address the dynamic nature of
transportation demands. A notable advancement in this field is the integration of dynamic
linear programming (DLP) techniques, which consider the temporal evolution of systems
and allow for multi-stage decision-making processes. This approach provides a more
comprehensive framework for optimizing shuttle services over time, accommodating
fluctuations in demand and operational conditions [61].

Moreover, the application of robust optimization methods has gained traction, partic-
ularly in scenarios where passenger arrival rates are uncertain. By incorporating robust
optimization into dynamic bus dispatching models, planners can develop departure sched-
ules that minimize total passenger waiting time while accounting for variability in demand.
This results in more resilient and reliable shuttle services, capable of maintaining perfor-
mance even under uncertain conditions [62].

Another significant development is the use of multi-objective mixed-integer linear
programming (MILP) models in dynamic environments. These models simultaneously
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optimize multiple objectives, such as minimizing total ride time, waiting time and transfer
distances for passengers. By considering time-varying demand and travel times across
different periods, MILP models offer a holistic approach to shuttle service optimization,
ensuring that solutions are both efficient and adaptable to changing conditions [61].

In summary, the integration of dynamic linear programming, robust optimization and
multi-objective MILP models represents a significant advancement in the optimization of
employee shuttle services. These approaches address the limitations of static models by
incorporating temporal dynamics, uncertainty and multiple performance criteria, leading
to more efficient and resilient transportation solutions. Unlike other studies, the flexible
dynamic linear programming (DLP) model proposed in this study is based on some of
these methods and aims to optimize the transport network for the transportation of Yalova
Shipyard employees. The application of this flexible model shows that it is possible to sig-
nificantly reduce transport costs, increase service efficiency and at the same time contribute
to environmental goals by reducing carbon dioxide emissions from the transport sector.

This work introduces three new algorithms (Algorithms 1-3) to describe the flexibility
of the DLP model employed for east and west directions. These proposed algorithms
provide a scientific novelty to the research conducted by offering flexible optimization
and sustainability for the scheduling process. A flexible optimization model is provided
that enables efficiency for the optimization of vehicles (numbers, routes etc.) utilizing the
dynamic linear programming (DLPP) technique. The study also proposes a new simple
software interface to provide efficiency and flexibility to the service schedule planning
authorities of the Yalova Shipyard. Thus, operators can easily carry out planning and
scheduling operations with the proposed software interface that includes the recommended
flexible model. In this respect, the study differs from other studies by proposing both a
flexible and effective new modified method and a user-friendly new software interface that
includes the proposed modified method. Thus, planners and operators can easily use this
proposed modified method in practice and see the performance results in practice. The
practical deployment of the proposed method in the Yalova Shipyard results in a reduction
in annual transport taxes of 49.3%, maintenance costs of 35.2% and fuel consumption
of 33.9%, thereby demonstrating its economic value. The study also helps sustainability
by means of improving the surroundings by reducing pollution and traffic congestion,
optimizing vehicle demand and thus minimizing carbon dioxide emissions. Dynamic
updating of optimization solutions is made possible by the innovative interactive platform
and real-time data analysis, which help increase productivity and reduce the need for
additional human resources in planning operations. The real data from the studies show
that the model is helpful and show how it can lower costs and simultaneously enhance the
running of the transportation system. By producing fresh ideas for a range of sectors and
disciplines, the outcomes of this study help to further transportation knowledge. When
these factors are taken into account, this research helps significantly by including useful
solutions, supporting sustainable practices and maximizing transportation systems.

3. Materials and Methods
3.1. Study Site: Yalova Shipyard

The fact that shipyards, warehouses, logistics centers, factories, etc., are located far
from the city center can lead to mobility problems for employees between work and home.
In such business and industrial areas, where many workplaces are clustered together, the
tendency of employees to use private cars brings with it the problem of parking space, as
well as traffic density. For this reason, the transport service provided by such workplaces
to their employees is of great importance in many respects.
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The study was carried out at the Yalova Shipyard in Tiirkiye, which is one of the
most important ship repair yards in the world and Europe. The Yalova Shipyard, nestled
in the strategic heart of Tiirkiye’s Marmara region, is a symbol of maritime excellence
and innovative craftsmanship. With a rich legacy rooted in Tiirkiye’s longstanding naval
tradition, the shipyard has evolved into a modern hub for both shipbuilding and repair,
catering to a diverse range of vessels from agile coastal boats to robust commercial ships.
The Yalova Shipyard has been serving the world’s leading foreign ship owners and ship
management companies based in Greece, Italy, Germany, Denmark, Hong Kong, Singapore
and Japan since its establishment. The shipyard has 700 m of seafront, 2.5 km of ship repair
docks and a shipyard area of 216,000 m? located in the Altinova region of Yalova city. The
location and visual appearance of the yard are shown in Figure 1.

In addition to having one of the largest floating drydocks in the world, with a recently
added 382 m? drydock, the Yalova Shipyard operates with three drydocks, one of which is
a stone drydock and the other a floating drydock. It has the infrastructure and more than
2000 experienced workers and the necessary manpower to carry out repairs of 15 vessels
simultaneously, including Aframax/Suezmax tankers, Capesize/Newcastlemax bulkers,
Q Max size LNG tankers and containers up to 15,000 TEU. Although the yard’s working
hours are set at eight hours during the day, additional shifts may be required at night
when workloads are high. This situation creates a continuous and dynamic cycle in
terms of service transport at the yard. Due to Tiirkiye’s geopolitical position in freight
transport and the increasing number of international merchant vessels favoring Turkish
shipyards, the sector continues to grow, and the employment rate is steadily increasing.
This growth creates a need for new service vehicles for the new personnel coming into
the shipyards. This situation once again highlights the importance of continuous and
dynamic optimization of the service network designed for the employees. Additionally, the
Yalova Shipyard plays a crucial role in boosting the local economy by creating high-skilled
employment opportunities and fostering collaborations with leading maritime experts.
Its commitment to excellence and continuous improvement underscores its position as a
leader in Tiirkiye’s vibrant maritime sector.

3.2. Present Shuttle System

At the Yalova Shipyard, a network of shared shuttle buses, which is financed by
the shipyard companies, is used to transport employees between home and work. The
shipyard’s passenger shuttle service consists of a total of 34 vehicles of two types with
different capacities (17 + 1 and 27 + 1 seats). The shuttle buses operate in two different
directions in the cities of Yalova and Kocaeli. There are a total of eight bus stops in these
two main directions, three in the west and five in the east, as shown in Figure 2. The
meeting points (bus stops) and service routes were usually determined depending on the
location of the regions where employees live. Intermodal transfer opportunity was also
considered during the meeting points determination process.

A shuttle service is provided to the shipyard in the morning and at the end of the shift
in the evening between Yalova city and Kocaeli city. The total length of Route 1 from the
center of Yalova city to the entrance of Yalova Shipyard (west direction) is 50 km. The total
duration of Route 1 (west direction) is on average 45 min (varies depending on morning
and evening traffic density). The total length of Route 2 from the center of Kocaeli city to
the entrance of Yalova Shipyard (east direction) is 56 km. The total duration of Route 2
(west direction) is on average 50 min (varies depending on morning and evening traffic
density). The departure schedule from the two ends (to the shipyard) is 7:00 am, and the
departure from the shipyard to the centers of the two cities (east and west) is 17:00 pm; the
arrival of each employee at the Yalova Shipyard meeting point is 8:00 am, and the arrival
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of each employee at the meeting points in the city centers is around 18:00 pm. In case
of additional shifts in the evening, additional shuttle services are provided. Employees
wishing to use the shuttle service should wait at the designated bus stops and use the
cards issued by the company for employees using the shuttle service when boarding. This
digitally records, on a daily basis, how many employees take the respective shuttle service
from the respective stop. The demand for shuttle services can fluctuate for reasons such as
overtime, transfers between units and the need for additional labor. These fluctuations in
demand can lead to situations where the services available, i.e., the existing capacity, are
not used effectively. This unfavorable situation causes the company to maintain surplus
shuttle buses, which creates unnecessary costs. Therefore, in order to minimize the cost of
using shuttle services, the company needs regular and dynamic modeling to regulate the
number and frequency of shuttle services.

S 3 )
% Averag*umber of employees waiting on.the'shipyard 2'stops

. ‘ Aver mber of employeés waiting on stops. > the shipyard
‘ .s%f PR bl ‘ Kocaeli City
Yalova — =y e

Shipyard
West East

= 'x5 3 Capacity: 17+1

ol P O
ié‘;‘l—‘“}ops""..'-\ x10 ST capacity: 27+1
P west_:

Figure 2. Current passenger service system in the Yalova Shipyard.

3.3. Data Collection and Extraction

In the scheduling process of employee shuttle service for the Yalova Shipyard, monthly
data for December 2023 were used because of the monthly travel planning procedure
of shipyard management administration. To calculate the necessary vehicle numbers,
total capacities, monthly costs, total passenger numbers, etc., monthly travel planning is
conducted at the shipyard. For this reason, one of the months with highest data density
was chosen and used in the study analysis. The dataset shows how many employees are
picked up from each stop in the morning and how many are dropped off at each stop in
the evening over one month. The data are collected by entering the information regarding
how many employees get into the respective vehicle with the respective number plate into
the system using the service boarding pass cards that employees use when they board the
service. In a company with approximately two thousand employees, each service boarding
card used by an employee during a round trip creates a separate data line, resulting in a
very dense and complex digital dataset in the online server system of the operator. Some of
the records in the dataset for a sample day are shown in Table 2.

The raw data obtained digitally from the service boarding pass were cleaned and
systematically prepared to ensure accuracy and robustness prior to the proposed model
input. First, exploratory data analysis (EDA) was performed to identify data distributions,
missing values and potential outliers. In examining the missing values of the data obtained,
it was found that the missing values were limited. Therefore, the data were treated
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by calculating the mean, median and imputation for numerical variables with limited
missingness.

Table 2. Part of the dataset for a random date.

Data Registration Observed Date Observed Licensed Bus Stop Bus
Number Time Plate No ID Capacity
1 Morning 0034 West_1 27
2 Morning 4268 East_4 27
3 Morning 4052 East_4 27
4 Morning 0034 West_1 27
5 Morning 4052 East_4 27
6 Morning 4052 East_4 27
7 Morning 0034 West_1 27
8 Morning 0034 West_1 27
9 Morning 4132 East_2 27
10 Morning 4090 East_2 27
11 Morning 4100 East_3 27
12 Mornin, 4262 East_5 27
13 1 December 2023 Morning 4100 East_3 27
14 Morning 4090 East_2 27
15 Morning 4013 East_3 27
16 Morning 4125 West_3 17
17 Morning 4048 East_1 27
18 Morning 4125 West_3 17
19 Morning 4187 East_3 27
20 Morning 4054 East_3 17
21 Morning 0111 West_3 27
22 Morning 4048 East_1 27
23 Morning 4268 West_3 27
24 Morning 4262 East_5 27
771 Evening 0034 West_1 27
772 Evening 4217 East_3 27
773 Evening 4052 East_5 27
774 Evening 0102 West_2 27
775 Evening 0034 West_1 27
776 Evening 0208 West_2 27
777 Evening 4098 East_1 27
778 Evening 4025 East_1 17
779 1 December 2023 Evening 0034 West_1 27
780 Evening 4052 East_1 27
781 Evening 4262 East_4 27
782 Evening 4098 East_1 27
783 Evening 0250 West_2 27
784 Evening 4268 East_4 27
785 Evening 4013 East_3 27
786 Evening 4100 East_3 27
787 Evening 4013 East_3 27

Outliers were also carefully identified using z-scores and interquartile ranges (IQRs),
supplemented by visual methods including scatter plots and box plots. Once identified,
outliers were treated by limiting extreme values (Winsorization) to defined percentile limits.
Observations clearly identified as erroneous were excluded from the analysis. Finally, data
standardization and normalization ensured consistency across variables, and categorical
data were appropriately coded to facilitate their use in the proposed model. These thorough
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data cleaning procedures ensured reliable, high-quality inputs for the analysis, essential for
effective DLP modeling.

1. Analysis Results

Based on the data obtained, a dataset of 29,257 trips recorded over a month, for which
the data were fully collected, was obtained (Figure 3). The dataset, which was transferred
to the system via the card system and used in the analyses, included the stop name, date,
time, vehicle number plate and vehicle capacity information.

Using this dataset obtained after the data pre-processing phase, data were organized
to analyze vehicle use, and data for a weekday sample are summarized in Table 3.

There are currently eight buses with a capacity of 17 + 1 and twenty-six buses with a
capacity of 27 + 1. The unit costs of vehicle types for the company are shown in Table 4.
The shuttles depart from a designated stop at the shipyard and travel west and east. The
shuttles stop at a total of eight stops, three in the west and five in the east, to pick up or
drop off passengers (Figure 2).

Table 3. An example shuttle service for a random day.

Time of Day West Direction East Direction
Plate No Bus Capacity Occupancy/(%) Plate No Bus Capacity Occupancy/(%)
0034 27 14/(52) 4025 17 14/(52)
0002 27 17/(63) 4054 17 7/(41)
0020 27 28/(104) 4090 27 16/(59)
0082 17 16/(94) 4132 27 15/(56)
0102 27 27/(100) 4289 17 12/(71)
0111 27 22/(81) 4013 27 27/(100)
0208 27 23/(85) 4022 27 5/(19)
Morning 0250 27 9/(33) 4048 27 16/(59)
0298 17 12/(71) 4052 27 19/(70)
0326 27 26/(96) 4098 27 18/(67)
0370 17 17/(100) 4100 27 26/(96)
5090 17 17/(100) 4168 27 5/(19)
4125 17 16/(94) 4187 27 16/(59)
— — — 4217 27 10/(37)
— — — 4262 27 17/(63)
— — — 4268 27 20/(74)
0034 27 12/(71) 4025 17 11/(65)
0002 27 12/(71) 4054 17 5/(29)
0020 27 24/(89) 4090 27 21/(78)
0082 17 14/(82) 4132 27 10/(37)
0102 27 27/(100) 4289 17 16/(94)
0111 27 27/(100) 4013 27 20/(74)
0208 27 28/(104) 4022 27 17/(63)
Evening 0250 27 17/(63) 4048 27 20/(74)
0298 17 15/(88) 4098 27 22/(81)
0326 27 17/(63) 4100 27 25/(93)
0370 17 10/(59) 4168 27 24/(89)
5090 17 17/(100) 4187 27 12/(44)
4125 17 3/(18) 4217 27 18/(67)
— — — 4262 27 7/(26)
— — — 4052 27 20/(74)

— — 4268 27 25/(93)
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Figure 3. Content and size of the dataset.

Table 4. Costs per vehicle used in the shuttle system.

Fuel Consumption

Monthly Maintenance and

All Other Annual

Vehicle Type (per km) Repair Expenses (TL) Expenses (TL)
17 +1 UsD 0.13 UsD 71.5 USD 668.3
27 +1 USD 0.16 uUSsD 92.7 USD 899.4

Within the shuttle service, the number of employees to be picked up or dropped off at
stops for home-work-home trips may vary for reasons such as shift changes, additional
labor requirements due to work intensity, employees working overtime and employees
being directed to other units when needed. For this reason, the analysis of the data shows

that the number of services and trips required in the transport network varies from day to

day. As this change cannot be foreseen in the current active shuttle system, the provision of

all shuttles owned by the company leads to inefficient capacity management. According to

the information obtained from the available data, the change in the number of passengers

at the stops for a sample period of one week is shown in Figure 4.
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Figure 4. Daily change in passenger numbers at the stops over a week.
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Analysis of the data shows that the capacity of the shuttles used to transport em-
ployees to and from work is not being used effectively [63,64]. The random distribution
of employees from the shipyard stop to the shuttles results in some shuttles being full
and passengers having to stand, while other shuttles run with a number of passengers
below capacity. For this reason, in the designed transport network, the services that are
put into service without numerical service planning are reflected as additional costs. When
analyzing the data obtained from the existing system, the occupancy rates of the shuttles,
calculated by taking into account the total capacity of the shuttles used for morning and
evening transport during the week, are as shown in Figure 5.

Monday —

Tuesday —

Wednesday —
60—

Days

Thursday

Friday 208

Saturday

Sunday

0 10 20 30 40 50 60 70 80 90 100
Distribution %

Figure 5. Average occupancy rate of services by days.

An analysis of Figure 5 shows that almost half of the service capacity is not used on
Sundays, when the number of employees using the shuttle service is lower than on other
days, and there is a gap of around 30-40% on other days. It is assumed that by optimizing
the number of shuttle services, the capacity can be used optimally, and the company can
provide the shuttle service at minimum cost. The study proposes a model that minimizes
the number of trips and suggests a cost-effective service.

4. Model Selection and Development
4.1. Model Selection

In the study, a linear programming (specifically DLP) model was used to achieve a
cost-effective, sustainable and demand-responsive shuttle service at the Yalova Shipyard.
Dynamic linear programming (DLP) is an optimization method where complex problems
are broken down into simpler stages solved sequentially, and optimality is preserved
throughout. It is particularly suited for problems that involve sequential decision making
and clearly defined stages and states [65]. It is the most suitable optimization method for the
study because it provides guaranteed optimal solutions, efficiently manages structured and
linear constraints and aligns closely with the sequential decision-making nature inherent in
fleet scheduling and vehicle allocation problems. DLP is particularly effective for problems
involving clearly defined linear constraints, such as vehicle types, capacities, scheduling
restrictions, driver availability and route feasibility. Because employee shuttle services
involve sequential and interconnected decisions, such as assigning appropriate vehicles,
designing schedules and routing, DLP’s structured approach efficiently identifies globally
optimal solutions. Moreover, DLP offers predictability and consistent results, making it
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highly reliable for real-world operational decision making where accuracy and stability are
critical [66].

Unlike metaheuristic approaches, such as genetic algorithms (GAs), simulated anneal-
ing (SA), tabu search (TS) and ant colony optimization (ACO), which explore solutions
stochastically and typically deliver approximate or near-optimal outcomes without guar-
antees, DLP ensures precise and globally optimal solutions. This is especially crucial in
shuttle fleet management, where constraints such as vehicle type limitations, passenger
capacities, route assignments and scheduling are rigid, clearly defined and linear. Fur-
thermore, DLP’s deterministic and predictable performance provides reliable and stable
solutions required for operational implementation, whereas heuristic and metaheuristic
methods can introduce variability and uncertainty due to their stochastic nature and com-
plex parameter tuning. Therefore, considering the need for reliable, optimal and structured
management solutions in shuttle service scenarios, DLP clearly emerges as the best choice
over alternative optimization and metaheuristic methods. A performance comparison of
the DLP and other optimization methods is summarized in Table 5 below.

Table 5. The performance comparison of DLP and other optimization methods [65-68].

Method
Criteria Dynamic Liflear Optimization Methods
Programming
Optimality Excellent Approximate
Sequential decision-making suitability Excellent Moderate
Handling linear/structured constraints Excellent Limited
Robustness in fleet allocation problems High Moderate
Computational predictability High Medium/low
Ease of parameter tuning Simple Moderate/complex

In conclusion, DLP stands out as the most suitable optimization method for manag-
ing an employee shuttle service under complex yet clearly defined inhomogeneous fleet
constraints. Its capacity to guarantee optimal solutions, effectively manage structured
constraints, support sequential decisions and provide stable, predictable results aligns
precisely with the operational demands and precision required by this specific service
management scenario.

4.2. Model Development

In the study, a DLP model was used to examine a case study, which needs to reduce
operational costs related to fuel consumption, maintenance and tax expenses by optimizing
the number of service vehicles required for employee transportation. Also, the examined
shuttle service consists of vehicles with different capacities (17 + 1 and 27 + 1), and DLP
helps allocate the right number of each type of vehicle to meet demand while minimizing
waste. On the other hand, the study implements dynamic linear programming (DLP) to
adjust to changing workforce transportation needs, optimizing the routes and fleet size
weekly. Lastly, the study proposes fleet scheduling under variable demand, and DLP is
the most suitable method to ensure that the shuttle fleet is used efficiently, considering
variations in shift patterns, overtime and demand fluctuations.

Linear programming is a mathematical modeling technique that helps achieve the
optimum outcome through efficient use of limited resources. The method has three basic
components: objective function, constraint function and decision variables [53]. The
objective function of a general linear programming structure is given in Equations (1)—(6),
and the constraint function is given in Equations (7)—(10) [54].
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where

Znax/min: The objective function (either maximization or minimization).
¢j: The coefficients of decision variables x;.
a;j: The coefficients in the constraints.

b;: The right-hand-side values of constraints.

xj > 0: The non-negativity constraints.

The matrices for the objective function (Equation (7)) and the constraints (Equations (8)—

(10)) of a general linear programming model are shown as follows [54,69]:
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Dynamic linear programming (DLP) is an optimization framework that extends clas-
sical linear programming into a multi-period setting, where decisions at one stage affect
future stages. The general form of dynamic linear programming, as formulated in Equa-
tion (11), includes the objective function, which maximizes the total profit (or minimizes
the total cost) over T time periods.

LT
max = Y, cj X;

t=1 (11)

Apxp+Bixp 1 <by, t=1,...,Tx; >0, t=1,...,T(state transition constraints)
x¢ >0, t=1,...,T (non-negativity constraint)

where

T: The number of time periods (stages).

x¢: The vector of decision variables at time ¢.

¢t: The cost/reward vector at time £.

Ay: The constraints matrix at time ¢.

B;: Captures the inter-period dependencies between decisions at different stages.
by: The resource availability vector at time ¢.

Since the models created in optimization problems contain a large number of variables
and equations, their solution creates complexity. For this reason, many software programs
have been developed to facilitate solution [68,70]. In this study, an interface was developed
by using Microsoft® VBA 16.0 and solver plug-ins together. In this way, the constraint
values are obtained for the dynamic linear programming problem (DLPP) model by record-
ing the number of employees who use the shuttle service provided by the company each
day and taking into account the number of passengers over the last four weeks using the
moving average method. The next step is to determine the number of vehicles required to
minimize fuel costs according to the constraint values updated each week.

For the problem, which resembles a dynamic structure due to the variable constraint
values in the problem and which is transformed into an instantaneous static problem using
estimation methods, a solution was obtained using the linear programming method. The
objective function of the model was obtained as shown in Equation (12), and the decision
ijr Bi]’/ Yij and Az])
were obtained by the model analyzing the number of employees who use the shuttle service

variables were obtained as shown in Equation (13). The coefficients (Z

provided by the company each day and taking into account the number of passengers.
. 2 7
Ming =) ) 112.7Z;; + 64B;; +99.3Y; + 56A;; (12)

where

i:Day (i=1,2,...,7).

j:Time (j=1,2...,n).

Vij: i. day j. time. The number of employees going west.

Xijj: i. day j. time. The number of employees going east.

Yij: i. day j. time. The number of vehicles with 17 capacity required for east direction.
Zjj: i. day j. time. The number of vehicles with 27 capacity required for east direction.
Ajj: i. day j. time. The number of vehicles with 17 capacity required for west direction.
Bjj: i. day j. time. The number of vehicles with 27 capacity required for west direction.
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Xij§17Yij+27ZijVi/ Vji=1,2j=1,2,3, ......... ,7
Vij§17Bij+27ZijVi/ V]‘i=1,2j=1,2,3, ......... ,7
Yij+Aij <8 Vi, V] i=1,2 ]': 1,2,3,......... ,7 (13)
Zi+Bij<26 Vi, Vji=12j=123........ 7
Xy, Yij, Zij, Vij, Aij, B >0 Vi, Vji=12j=1,23,......... 7

In the model, the objective function expressed in Equations (1)—(6) expresses the desire
to minimize the cost of fuel consumed as a function of the number of vehicles used in the
service network during a week. The constant values given here are calculated according
to Table 1 and represent the cost per trip of the vehicle types. In the system constraints,
Equation (2) states that the number of passengers traveling in the east direction should
be equal to or less than the total capacity of the vehicles to be used in that direction.
Equation (3) states that the number of passengers traveling in the west direction should
be equal to or less than the vehicle capacity. Equation (12) states that the number of 17 + 1
vehicles to be used in the service network during the day should be less than or equal to 8,
while Equations (7)-(10) state that the number of 27 + 1 vehicles should be less than or equal
to 26. Finally, the positivity constraint for all variables is expressed in Equations (7)—(10).

In solving the dynamic linear programming problem, an interface was designed to
determine the constraint variables by estimating them for each week to be used by the
company on a sustainable basis. When the user accesses the interface shown in Figure 6,
he/she is first asked to enter the information regarding the number of employees traveling
west into the form. The information entered is transferred to the data page by pressing the
‘Confirm’ button. In order to avoid the lack of information in the data obtained in the current
situation, it is limited to confirming the cells without filling them in. A summary scheme of
the codes written in the background of the “Validate” button is shown for Algorithm 1 in
Figure 7a.

The moving average method is used to determine the variable constraint values. For
this reason, the dataset is constantly updated thanks to the data entered using the form, and
it contains data for the last four weeks. Using the ‘Calculate’ button on the user form, the
average of the data is calculated and transferred to the page where the necessary parameters
are defined. The codes written in the background of the ‘Calculate” button are shown for
Algorithm 2 in Figure 7b.

The mathematical model written to solve the problem is written in the background of
the “Calculate’ button, as shown for Algorithm 3 in Figure 7c. After this stage, the necessary
data for the solver are obtained. When the “‘Calculate’ button is clicked on the form, which
opens after the data entry forms have been filled in, the solver updates the constraint
values according to the last entered data and presents the user with the optimum number
of vehicles required for the service network.
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Figure 6. Data entry form: (a) East direction; (b) West direction.
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Private Sub

CommandButton1_
Click()

Dim i As Integer

If TextBox1 ="

MsgBox (“This part can’t be
left blank”)
TextBox1.SetFocus
Elself TextBox2 = “”

l

MsgBox (“This part can’t be

Private Sub
CommandButton4_Click()

Dim total As Double

Dim count As Integer

Dim average As Double
Dim cell As Range

“Calculating the average of
cells in range A2:AS and
printing the result in cell A2
of Sheet 5

‘Calculating the average of
cells in range N2:N5 and
printing the result in cell N2
of Sheet 5

left blank”)

If there is at least one row Row 6 will replace Row 2
Sayfa4.Range(“A2:N2”).Delete

Shift:=xIUp ‘ Delete row 2 " 7 N e
2117 ort last row For Each cell In Sheets(“Sayfad”).Range(“N2:N5")

by reducing i by one total = total + cell.Value
End If count = count + 1
Next cell

Sheets(“Sayfa5”).Range(“A2
”)Value = Applica- For Each cell In
tion.WorksheetFunction.Cei Sheets(“Sayfad”).Range(“N

ling_Math(average, 1) 2:N5")

total =0 count=0

i=

Range(“a1048567")
. End(xIUp).Row
Sayfad.Cells(i + 1,
13) = TextBox13

nd If...End Sub

average = total / count
Sheets(“Sayfa5”).Range(“
N2”)Value = Applica-
tion.WorksheetFunction.C
eiling_Math(average, 1)
End Sub

(a) (b)

Private Sub
CommandButton9_Click()

| SolverReset |

|

SolverOk SetCell:="$B$18”,
MaxMinVal:=2, ValueOf:=0,
ByChange

‘The number of passengers
must be equal to or less
than the 20

l

‘The number of vehicles
with a or this of 27+1 to be
used during the day must
be equal to or less than 26

‘The number of vehicles
with a 20 or this of 17+1 to
be used during the day
must be equal to or less
than 8

Y

SolverSolve
‘Printing the results to
userform

(©)

Figure 7. Algorithms for data inputs and calculations: (a) Algorithm 1, (b) Algorithm 2 and
(c) Algorithm 3.

Using the interface visualized in Figure 8, the number of vehicles required to travel in
the east and north directions is calculated according to demand after the user has entered
the specified parameters.
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Figure 8. Number of vehicles required for the service network.

5. Model Results and Discussion

Examining the results of the proposed model, the average occupancy rate of the
company, which currently has thirty-four vehicles, is obtained as shown in Figure 8. It can
be seen that this rate increases up to 99% after the optimization carried out with the model
proposed in the study.

The maximum number of vehicles to be accommodated in the company was deter-
mined by taking into account the maximum number of vehicles needed in the east and
west directions in the same period of time—in other words, the maximum number of
vehicles operating simultaneously. When analyzing Figure 9, this value for the 17 + 1
capacity vehicle gives the maximum number of 17 + 1 capacity vehicles that should be
accommodated within the facility as four westbound vehicles and one eastbound vehicle
on Wednesday evening when the maximum demand is at its peak. The maximum number
of 27 + 1 capacity vehicles required is determined as a total of twenty vehicles, nine west-
bound on Tuesday morning and eleven eastbound at the same time. In this case, nine of
the thirty-four vehicles allocated to the service network are wasted. This represents a gain
of approximately 27% for this case study. Based on the results of the analysis, the value
of the objective function as a result of the optimization was found to be USD 1695. This
shows that the existing service achieves a 33.9% reduction in fuel costs (Figure 10).

In addition to fuel costs, there are other costs that vary depending on the number
of vehicles. One of these is the annual maintenance cost of the vehicles, and another is
the annual tax expense. As a result of the optimization, the reduction in the number of
vehicles required for the service leads to a reduction in these cost items. According to the
results of the analyses, the annual maintenance cost of the vehicles is reduced by 35.2%,
while the annual tax cost of the vehicles is reduced by 49.3%. Taking all these positive
improvements into account, it is clear that the optimization study leads to a significant
reduction in service costs.
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Figure 10. Cost analysis for the suggested system.

It is also clearly seen from the model results that the proposed DLP model significantly
enhanced the efficiency and cost effectiveness of the shuttle service at the Yalova Shipyard.
The study revealed that the existing shuttle fleet was substantially underutilized, with
vehicle occupancy rates averaging between 60 and 70% and sometimes falling below 50%.
After implementing the DLP optimization, the occupancy rates improved dramatically,
reaching up to almost maximum, demonstrating optimal utilization of the available shuttle
capacities. This substantial improvement highlights the DLP model’s effectiveness in
aligning shuttle service offerings closely with actual employee transportation needs, thereby
eliminating unnecessary costs and ensuring resource-efficient operations. Figures 9 and 10
emphasize the significant economic value provided by the optimized model through the
reduction in excess vehicle use. In addition to the economic benefits, the optimized shuttle
service contributes to sustainability goals by reducing traffic congestion and lowering
carbon emissions, thereby promoting environmental responsibility. Overall, these findings
confirm that DLP provides a robust, scalable solution that could be replicated across various
industries facing similar logistical and transportation challenges.
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6. Conclusions and Suggestions

This study demonstrates the potential of optimizing employee shuttle services through
dynamic linear programming (DLP) to enhance transportation efficiency, reduce operational
costs and support sustainability. The findings highlight that optimizing fleet composition
and scheduling at the Yalova Shipyard significantly reduces fuel consumption (33.9%),
maintenance costs (35.2%) and annual tax expenses (49.3%). By removing excess vehicles
and improving fleet utilization, the proposed model offers a scalable and adaptable ap-
proach to managing large-scale employee transportation networks. Beyond the immediate
financial benefits, the research underscores the broader impact on the regional transporta-
tion ecosystem. Reducing the number of vehicles on the road contributes to lower traffic
congestion, leading to improved commute times and decreased stress for employees. Addi-
tionally, a more efficient shuttle service minimizes the reliance on private vehicles, which
in turn reduces parking demand and urban sprawl related to transport infrastructure. By
lowering fuel consumption and CO, emissions, the study aligns with global sustainability
goals, enhancing air quality and mitigating environmental degradation.

Furthermore, the model presented in the study has strong potential applicability
beyond the shipyard context. It can be adapted effectively to various industries facing
similar transportation challenges, such as manufacturing plants, corporate campuses,
logistics centers and other large-scale employment hubs. The flexibility and scalability
of the dynamic linear programming (DLP) method enable it to accommodate diverse
fleet compositions, scheduling complexities and dynamic demand fluctuations, making it
suitable for broader applications in urban planning and smart transportation systems.

Nevertheless, the implications of this research extend beyond employee mobility. In
the field of transportation planning, the study contributes to a growing body of work
that advocates for data-driven optimization to improve operational efficiency and reduce
environmental impact. Municipal governments and urban planners could adapt similar
models to enhance public transit systems, reduce congestion and promote sustainable
transport alternatives. Furthermore, the research holds implications for corporate mobility
management, offering insights into how businesses can improve employee transportation
while simultaneously reducing costs and carbon footprint. Industries with large workforce
mobility requirements, such as manufacturing, logistics and construction, could leverage
similar approaches to optimize fleet utilization and create cost-effective transport solutions.

From a policy perspective, the proposed methodology could further benefit industries
that aim to integrate sustainable practices, including the adoption of electric or autonomous
vehicle fleets, thereby supporting broader sustainability and environmental objectives. It
may provide empirical evidence supporting incentives for shared transportation, smart mo-
bility integration and fleet electrification. Policymakers could use these findings to design
urban mobility strategies that prioritize efficiency and sustainability, potentially influencing
tax incentives, emissions regulations and transport funding allocations. Additionally, this
research intersects with sustainability studies, as it highlights how optimizing transport
services contributes to reducing the environmental impact.

For future work, expanding the dataset and incorporating predictive analytics could
further refine demand forecasting, ensuring even greater efficiency. The integration of
autonomous and electric vehicle fleets presents another promising direction, aligning
employee transportation with emerging green mobility trends. Additionally, exploring
mobility as a service (MaaS) integration with other public and private transport options
could enhance accessibility and optimize regional transport networks.

In conclusion, this research provides a replicable and sustainable transport model that
not only improves cost efficiency but also contributes to the broader objectives of environ-
mental responsibility, traffic reduction and enhanced urban mobility. By implementing
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similar optimization strategies, industries and municipalities can create more intelligent
and sustainable transport solutions, ultimately benefiting both local communities and the
global ecosystem.
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