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Abstract This study introduces an adaptive time-based clustering strategy to optimize bus fleet requirements in public

transportation systems by leveraging passenger boarding data from izmir's network. Addressing key challenges in
scheduling and fleet sizing, the proposed method uses the K-Means clustering algorithm to segment boarding
densities into optimally determined time intervals specific to each bus line and direction. By adapting the number
and boundaries of time intervals to actual demand patterns across weekdays and weekends, the model offers a
more responsive and efficient allocation of fleet resources. The results demonstrate that the adaptive clustering
approach significantly outperforms the conventional fixed-interval strategy, reducing both maximum and average
bus requirements while maintaining service quality. This improvement is especially notable for high-demand or
highly variable lines, where resource flexibility is critical. While the study shows promising results, it also acknowl-
edges limitations such as the exclusion of passenger waiting times and the diversity of the fleet composition. Future
research may include integrating alternative clustering algorithms, incorporating alighting data, and developing
multi-criteria operational planning models. These enhancements will further support the evolution of data-driven,
adaptive planning tools for more efficient and sustainable urban transport systems.
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Adaptive Time-Based Clustering for Optimizing Bus Fleet Management: A Case
Study on izmir's Public Transportation System

Urban public transportation, as a critical component of urban life, serves as a key indicator of a city's
level of development. The rapid expansion of cities, population growth, and the increasing reliance on
private vehicles contribute to a range of challenges, including traffic congestion, air pollution, noise, and
excessive energy consumption. The most effective solution to mitigate these issues lies in the adoption of
integrated and well-planned urban public transportation systems (Ibarra-Rojas et al., 2015; Mirza and Jain,
2025). However, the significant reliance on public resources in urban transportation systems necessitates
equitable service delivery across all parts of the city and the efficient execution of these services. Addressing
the ever-growing travel demand in a fair and efficient manner within the constraints of limited resources
is particularly challenging in metropolitan areas. Although different transportation modes (rail system,
ferry, suburban, etc.) are used to tackle this issue, buses often constitute the main backbone of the urban
public transportation system in many cities. Consequently, it is essential to use buses in a way that ensures
the highest quality service to the maximum number of passengers, given existing constraints such as the
availability of buses and personnel. Achieving this goal is only possible through effective planning, which is
referred to in the literature as Transit Network Planning (TNP).

The TNP problem consists of several subproblems, two of which are Transit Network Design (TND) and
Frequency Setting (FS). TND focuses on designing efficient transit routes by optimizing stop locations, route
structures, and terminal placements to enhance overall system coverage and efficiency. FS, on the other
hand, involves determining the optimal number of vehicle trips per hour for each route, ensuring that
service levels align with demand fluctuations across different times of the day and days of the week. In the
literature, some studies address both TND and FS jointly, while others focus specifically on the FS problem.
In this study, we focus on the FS problem and propose an adaptive strategy for adjusting service frequencies
based on variations in passenger demand.

Previous research on the FS problem typically quantifies passenger flows based on peak demand
periods, such as the number of passengers traveling during rush hour. This approach often assumes worst-
case scenarios, focusing on an hour-long window of maximum demand. While effective for managing peak
load conditions, it overlooks fluctuations in passenger demand throughout the day, potentially leading to
inefficiencies during off-peak hours. Oliveira et al. (2024) highlighted this limitation and suggested that
future research could explore FS strategies that dynamically adjust to varying demand across different time
intervals.

To overcome these limitations, Artificial Intelligence (Al) and Machine Learning (ML) have emerged as
powerful tools for optimizing public transportation systems. Al-driven methods have demonstrated signif-
icant potential for optimizing urban mobility, with projections estimating a 44% profitability increase in the
transportation and storage sectors and a 27% rise in public services by 2035 (Purdy and Daugherty, 2017;
UITP, 2020). Reflecting this trend, recent studies have leveraged ML techniques for various transportation
applications, including travel time prediction (Tran et al., 2020; Yuan et al., 2020), understanding travel
patterns (Shalit et al., 2020), public transit analysis (Mayaud et al., 2019; Sosnowska and Skibski, 2018), ticket
price forecasting (Aditi et al., 2020; Branda et al., 2020), and passenger satisfaction assessment (dell'Olio
et al., 2018; Garrido et al., 2014). However, despite these advancements, there remains a gap in research
focusing on adapting service frequencies based on historical passenger demand patterns.
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This study aims to bridge this gap by proposing an innovative ML-based adaptive strategy that adjusts
service frequency according to variations in passenger demand throughout the day. Unlike conventional
models that primarily focus on peak demand periods, this approach segments the day into distinct time
intervals based on observed fluctuations in demand. By employing clustering algorithms to analyze boarding
data, the proposed method uncovers demand patterns and enables more efficient and responsive sched-
uling.

Traditional FS methods often rely on peak demand periods, typically concentrating on managing rush
hour traffic and overlooking the demand fluctuations that occur during off-peak hours. This limitation can
result in inefficiency in service provision. The adaptive strategy introduced in this study adjusts service
frequencies based on varying demand patterns across different times of the day, leading to better resource
usage and improved network efficiency. By incorporating a data-driven, demand-responsive approach,
this study represents a significant advancement in transit network planning, offering a more flexible and
optimized solution for managing service frequencies

To validate the proposed approach, a case study was conducted in Izmir, the third most populous city
in Turkiye. Passenger boarding data from key transit routes were analyzed using clustering techniques to
optimize the number of buses and service frequency. This study demonstrates how ML techniques can
automate processes that are still manually conducted in many public transportation systems. By minimizing
human error and introducing continuous digital optimization, the study aims to elevate transit planning to
its optimal state while paving the way for long-term system enhancements.

The contributions of this study can be summarized as follows:

+ Unlike traditional fixed-strategy FS methods, this study introduces an adaptive approach that segments
time periods based on daily passenger density patterns, ensuring more effective service planning.

 The use of ML algorithms in the study provides more accurate results by optimizing the fleet size of buses
and service frequencies.

By analyzing passenger boarding data, the study adopts a data-driven approach that supports more
efficient resource allocation and demand-responsive service provision.

 The analyses conducted in the Izmir case provide a concrete example for the real-world application of
the proposed method. The developed approach is adaptable to other cities and different transportation
modes, offering broad-scale benefit potential.

The structure of the paper is as follows: Section 2 reviews the relevant literature and outlines the research
contribution. Section 3 defines the problem and describes the methodology, including the general structure
of the transit network problems. Section 4 presents the proposed adaptive approach. Section 5 discusses
the case study and findings, including the data used, comparison of the fixed and adaptive approaches, and
interpretation of the results. Finally, Section 6 provides the conclusion and outlines directions for future
research.

Literature Review and Research Contributions

Given its significance in transportation planning, the FS problem has been extensively explored in the
literature from various perspectives. Researchers have employed various methods and focused on diverse
objectives to address the challenges associated with FS. In this study, the relevant literature is reviewed
in detail under several key categories: Problem Type, FS Strategy, Method, Objective, Case Study, and Case
Location. A summary of the major recent studies is provided in Table 1.
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The reviewed studies primarily focus on the FS problem, which aims to optimize service frequencies
within transit networks. Additionally, some studies have explored the Transit Network Design and Frequency
Setting (TNDFS) problem, which simultaneously addresses both network design and frequency optimization.
A few works also delve into specialized problems such as Electric Transit Network Design and Frequency
Setting (E-TNDFS) and Subline Frequency Setting (SFS), which consider factors like electric vehicle integration
and subline services. These advancements reflect the growing complexity and innovation in public trans-
portation planning.

All the reviewed studies adopted a fixed strategy, where service frequencies are predetermined and
remain static, without dynamically adapting to fluctuations in passenger demand throughout the day. The
primary objectives of these studies are focused on minimizing operational costs such as total travel time,
user costs, and fleet size, with some studies also targeting the maximization of transfer efficiency or the

reduction of waiting times.

Table 1

A comparative summary table of recent studies

References Problem FS Strategy Method Objective Case Location
Type
Gadepalli et al. FS Fixed Mathematical Minimizing users’ Visakhapatnam/
(2024) Programming travel time and the India
total cost of public
transportation
operations
Oliveira et al. FS Fixed Metaheuristics Minimizing the Macei6/Brasil
(2024) operator costs and
total user costs
Aksoy and Alver E-TNDFS Fixed Metaheuristics Minimizing the Karaman/
(2024) operator costs and Turkey
total user costs
Aksoy and FS Fixed Metaheuristics  Minimizing the total Mandl's
Mutlu (2024) user costs, fleet Network
penalty, and
passenger load
penalty
Benli and Akgiin TNDFS Fixed Mathematical Minimizing the total Kayseri/Turkey
(2023) Programming travel time and the
fleet size
Jing et al. (2023) TND Fixed Metaheuristics Maximizing the Mandl’s
transfer efficiency Network
and minimizing the
sum of the
operating costs
Gkiotsalitis et SFS Fixed Mathematical Minimizing waiting Eberbach/
al. (2022) Programming times, running Germany
costs, and fleet size
Mutlu et al. FS Fixed Metaheuristics  Minimizing the total Mandl's
(2022) travel cost Network
Vlachopanagiotis TNDFS Fixed Metaheuristics Minimizing user Mandl's
et al. (2021) and operator costs Network
Tian et al. (2021) FS Fixed Mathematical  Minimizing the total The Sioux Falls

Programming
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References Problem FS Strategy Method Objective Case Study Case Location
Type
passenger transit
costs
Mutlu et al. FS Fixed Metaheuristics  Minimizing the total Mandl's
(2021) infection risk Network
Bertsimas et al. FS Fixed Mathematical Minimizing the v Tokyo/Japan
(2020) Programming waiting time and
price
Boston/USA
Wei et al. (2020) FS Fixed Metaheuristics ~ Minimizing the total v Chonggqing/
walking, driving, China
and waiting times
for passengers
Kim et al. (2019) TNDFS Fixed Metaheuristics  Minimizing the user Mandl's
and operator costs Network
Ibarra-Rojas et FS Fixed Mathematical ~ Minimizing the total v Santiago/Chile
al. (2019) Programming passenger and
operational costs
This study FS Adaptive K-Means Minimizing the fleet v izmir/Turkey

size

*E-TNDFS: Electric Transit Network Design and Frequency Setting; SFS: Subline Frequency Setting; TNDFS: Transit Network Design
and Frequency Setting

Regarding the methods employed, several studies have used mathematical programming approaches to
optimize vehicle frequency, reduce operational costs, and enhance service efficiency. For instance, Gadepalli
et al. (2024) developed a novel framework to integrate paratransit with formal public transport systems,
applying Integer Linear Programming (ILP) to minimize users’ travel time and the total cost of public trans-
port operations. Benli and Akgiin (2023) proposed a multi-objective Mixed Integer Nonlinear Programming
(MINLP) model for the TND and FS problem to meet passenger demand while incorporating real-life transit
network features, such as travel time, transfers, waiting times, overcrowding, under-utilization of vehicles,
and fleet size. Gkiotsalitis et al. (2022) described the SFS problem under uncertain passenger demand as a
Mixed Integer Linear Programming (MILP) problem, maximizing resource utilization while minimizing opera-
tional and passenger waiting time costs. Tian et al. (2021) applied MILP to optimize transit frequency, aiming
to minimize total operating and passenger transit costs while addressing congestion on common bus lines.
Bertsimas et al. (2020) focused on jointly optimizing FS and pricing in multimodal transit networks, aiming
to minimize wait times while considering constraints such as budget, capacity, and passenger preferences,
achieving near-optimal solutions in a short time using data from Boston and Tokyo. Ibarra-Rojas et al.
(2019) addressed the Bus Lines Synchronization Problem (BLSP) by integrating FS, timetable optimization,
and passenger route assignments into a MINLP with time-indexed variables, capturing route choices and
associated cost components.

In addition to mathematical programming, metaheuristic methods have been employed to address
larger-scale problems, particularly in complex networks where exact mathematical programming ap-
proaches may be computationally expensive or time-consuming. Oliveira et al. (2024) proposed a method-
ology based on biased random-key genetic algorithms (BRKGA), aiming to minimize passengers’ waiting
times and operational costs, specifically the distance covered by buses. Applied to a real case study, their
methodology showed an improvement of over 10% in system performance for both metrics compared to the
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current configuration. Aksoy and Alver (2024) used a bi-level optimization framework with MODEA to design
electric bus networks with wireless charging, minimizing operator and user costs by optimizing routes,
frequencies, and charging stops. Aksoy and Mutlu (2024) evaluated the performance of five metaheuristic
algorithms, Artificial Bee Colony (ABC), Differential Evolution (DE), Firefly Algorithm (FA), Genetic Algorithm
(GA), and Particle Swarm Optimization (PSO), in solving the FS problem, highlighting the importance of
algorithm selection and parameter tuning. Jing et al. (2023) proposed a multi-objective optimization model
for the TND, incorporating the transfer efficiency and operational costs. They solved the problem using
the Non-Dominated Sorting Genetic Algorithm 1l (NSGA-1I) on Mandl's benchmark network, demonstrating
the trade-offs between improving the transfer efficiency and increasing the costs. Mutlu et al. (2022)
developed a bi-level optimization model for the FS problem in bi-modal networks, considering car and bus
flow interactions. Using the DE algorithm, they tested the model on Mandl’'s benchmark network, demon-
strating its effectiveness in reducing transportation costs while consistently generating similar frequency
sets across multiple runs. Vlachopanagiotis et al. (2021) proposed an alternating-objective GA to solve the
TNDFS problem, aiming to achieve Pareto optimality between user and operator costs, achieving a 5%-6%
improvement over previous methods. Wei et al. (2020) employed GA to minimize the total walking, driving,
and waiting times for passengers in public transportation networks. The methodology was tested on a real-
world case study in Chonggqing, China, where it demonstrated improved performance in reducing travel time
for passengers. Mutlu et al. (2021) and Kim et al. (2019) approached the problem from distinct perspectives,
incorporating factors such as disease transmission risk and equity, which are often overlooked in traditional
models. Mutlu et al. (2021) considered the risk of disease transmission in public transportation as a travel
cost, developing a risk minimization problem within the FS context. They developed a bi-level optimization
model to minimize cumulative infection risks at stops using the DE algorithm. In contrast, Kim et al. (2019)
addressed sustainability in public transportation by incorporating modal and spatial equity into the TNDFS
problem, developing a bi-level model with a GA to determine line frequencies, while the lower model
calculates modal split and traffic assignments.

In contrast to the reviewed studies, this study introduces an adaptive strategy for FS, which analyzes
historical passenger demand data to propose variable service frequencies throughout the day, rather than
relying on static, fixed frequencies. By focusing on historical patterns, this approach aims to optimize fleet
size and service efficiency, addressing the limitations of fixed strategy models that do not adapt to changes
in demand. Unlike previous works that solely rely on mathematical programming or metaheuristics for
optimization, this study employs a K-Means clustering algorithm to develop adaptive FS strategies, offering
a dynamic yet non-real-time solution. This approach fills a notable gap in the existing literature, where the
focus has primarily been on fixed strategies, and provides a more flexible alternative to traditional methods,
ensuring a more efficient use of resources and a better alignment with passenger demand.

Problem Description and Methodology
Transit Network Planning (TNP) Problems

Public transportation systems in developing countries face persistent challenges, with one significant
issue being the mismatch between the supply of vehicles and passenger demand on various routes. This
imbalance arises from inaccurate estimations of passenger demand and insufficient planning regarding the
number and size of vehicles required to meet demand (Pojani and Stead, 2015). In some regions, public
transportation services operate without fixed timetables or schedules, often dispatching vehicles only when
fully loaded. Such practices result in excessively long waiting times during off-peak periods and unmet
demand during peak hours due to inadequate service capacity (Abuaisha and Abu-Eisheh, 2023).
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Addressing these inefficiencies requires a structured and systematic approach to transit planning,
commonly referred to as the Transit Network Planning (TNP) problem. TNP plays a crucial role in designing
efficient and sustainable urban transportation systems by optimizing various interconnected decision-
making processes. This complex planning process has attracted significant attention from researchers across
various fields. The TNP problem is typically divided into the following interconnected subproblems (Ceder,
2007; Ibarra-Rojas et al., 2015; Gadepalli et al., 2024):

« Transit Network Design (TND): Determining the optimal layout of transit lines and operational features,
such as stop spacing, route structure, and terminal locations, to achieve specific objectives.

Frequency Setting (FS): Determining the optimal number of vehicle trips per hour for each route in a
transit system based on demand variations across different times of the day, days of the week, and
day types.

Transit Network Timetabling (TNT): Setting vehicle arrival and departure times at stops to align with
frequencies, meet demand, optimize transfers, and minimize waiting times.

Vehicle Scheduling (VS): Assigning vehicles to trips to ensure coverage of planned trips while minimizing
operational costs.

Driver Scheduling (DS): Assigning drivers to trips, ensuring coverage while complying with labor regula-
tions and minimizing wage costs.

Driver Rostering (DR): Organizing pre-defined daily duties into long-term work schedules (rosters) for
drivers, ensuring compliance with labor regulations and cost efficiency.

These subproblems interact with each other and encompass tactical, strategic, and operational decisions
within the planning process, as illustrated in Figure 1.

Figure 1
Interaction Between the Stages of TNP (Ibarra-Rojas et al., 2015)

Strategic Planning Transit Network Design - Set of Lines and Stops

Freuensy Setting Service frequency for each period

Zied Fleet size requirement
i i T t Network ! :
ey r'af]iar?ietasli;or _ Departure and arrival times for
£ buses on each route
;i Vehicle schedule
o . -
el Selecditing _ Fleet size per type of vehicle
Operational Planning w .
| Driver Scheduling | —l Driver schedules |
| Driver Rostering |-| Driver rosters |

As seen in Figure 1, the FS problem is a key aspect of the tactical planning stage in the TNP. It involves
deciding the number of vehicles to operate on each route during a specific time frame (e.g., hour, day) within
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a transit network to adequately meet passenger demand (Ceder, 2007; Oliveira et al., 2024). The FS directly
affects fleet size requirements: higher frequencies necessitate a larger fleet, while an insufficient number
of vehicles increases passenger waiting times, reducing service quality and satisfaction (Mete et al., 2022).
Conversely, excessive vehicle deployment leads to inefficient resource use and higher operational costs
(Ceder, 2007; Benli and Akgiin, 2023). Thus, optimizing FS is critical for balancing these trade-offs, ensuring
both operational efficiency and high-quality service.

The General Structure of The Problem

The general problem structure of public transportation optimization encompasses two primary perspec-
tives: (i) user-oriented factors, such as service quality, which is measured by trip frequency and headway,
and (ii) service-provider-oriented factors, including ownership and operational costs, represented implicitly
by the number of vehicles and trips. These factors are influenced by the parameters derived from the
transport network and passenger flows between the origin-destination pairs. Key parameters include bus
lines (defined by their length and stop sequences), bus capacities, and specified departure frequencies
(minimum and maximum) for each line or route (Oliveira et al., 2024). The general problem structure and
the classical input-output relationships are depicted in Figure 2.

Figure 2
Structure of the Frequency Setting and Fleet Sizing Problem

Inputs .
(Fixed Parameters)

Transportation Network: Lines,

Routes, Stops Number of Trips: Total trips for : . A
Passenger Demand; Origin- I } R I Timetabling: Fixed time slots for
Destination Flows ' Frequency: Trips per unit time for : : bus.es
Vehicle Capacity: Number of seats each route Sche-d_u].mg:_ '_‘fdh_EIEﬂEE 10
perbus Number of Buses: Fleet size upatiget ]JJ]'].‘[EE[HFJHS (e£-
Planning Period: Time hornzon for assigned to routes e
scheduling

A critical challenge in addressing this problem is determining the optimal frequency and fleet size
to meet passenger demand, which fluctuates significantly throughout the day. These variations are most
pronounced when comparing peak and off-peak periods, characterized by differences in hourly demand, trip
distributions, average trip lengths, and traffic congestion. Traditional approaches often segment demand
into predefined periods, such as peak and off-peak periods, under the assumption that this division suffi-
ciently captures demand variability (Jara-Diaz et al., 2017). However, such fixed frameworks fail to account
for the nuanced nature of daily demand patterns, which can vary significantly even within peak or off-
peak windows. Using ML techniques, such as clustering, this method identifies patterns in boarding times,
enabling a more precise and adaptive segmentation of time periods. This ensures a better alignment of
fleet size and service frequency with real-world demand patterns, enhancing both operational efficiency
and passenger satisfaction. The framework for the proposed approach is illustrated in Figure 3.
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Figure 3

Framework of the Proposed Adaptive Time Segmentation Approach for Optimizing Fleet Size and Service Frequency
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A key component of this approach is the adaptive definition of the planning period. By clustering pas-
senger boarding data, the system adapts to daily demand variations, allowing for a more granular allocation
of fleet size, trips, and frequencies. This flexibility transforms the planning period into an adaptive element
of the optimization process, significantly improving the system performance.

The proposed framework begins with inputs such as the transportation network (lines, routes, stops),
passenger demand (per bus line), and vehicle capacity (seating per bus). At the first decision level, clustering
techniques segment the day into flexible time horizons that reflect demand fluctuations. This enables the
model to recommend optimal frequencies and fleet sizes for each line and time period, ensuring efficient
fleet usage and improved service quality. At the second decision level, the model optimizes the key
operational variables: the total number of trips per line, trip frequencies, and fleet size allocation. Unlike
traditional approaches, which often treat fleet size as a constraint rather than a decision variable, this study
directly incorporates fleet size into the decision-making process, ensuring a more effective optimization.
This process results in two main outputs: timetabling, which defines fixed time slots for buses, and sched-
uling, which adheres to operational constraints such as peak and off-peak requirements. Together, these
elements ensure that system performance aligns with passenger demand while maintaining operational
efficiency.

Proposed Adaptive Clustering Approach

With the increasing adoption of automated fare collection systems, detailed onboard transaction data
has become an asset for optimizing public transportation systems. Studies such as Pelletier et al. (2011)
have highlighted the potential of smart card data for analyzing travel patterns and improving transit opera-
tions. Data mining techniques have proven effective in extracting actionable insights, such as identifying
passenger behaviors (Ma et al., 2013). Building on these advancements, Carrel et al. (2015) introduced a high-
resolution passenger tracking system that generates precise databases, including details such as boarding
times, stations, fare types, and transit lines. Leveraging these technologies, this study employs data mining
methods to analyze passenger boarding densities and travel patterns, with the goal of optimizing bus fleet
sizes.
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The proposed approach is practical, easy to implement, and requires minimal input data, making it ideal
for optimizing public transportation services in resource-constrained settings. Its adaptable framework
ensures applicability across various transportation modes, including road-based and rail-based systems.
By integrating clustering algorithms, demand analysis, and resource allocation, it provides a comprehensive
solution to enhance the efficiency and quality of public transportation systems.

Addressing two key challenges in public transportation planning (understanding dynamic, line-specific
passenger demand patterns that vary throughout the day and utilizing real-world data for FS and fleet
sizing), the approach employs clustering algorithms to group similar demand patterns. This enables time-
specific planning and resource allocation. Traditionally, clustering has focused on analyzing demand density
based on location for network design tasks, such as identifying high-demand regions, optimizing routes,
and determining transportation modes and capacities (Charris et al., 2019; Xie et al., 2020; Chen & Shan,
2021; Lee et al., 2022; Pei et al., 2022; Bagheri et al., 2024).

In contrast, the proposed method applies clustering algorithms to classify passengers based on boarding
times rather than locations, as illustrated in Figure 4. This time-based clustering uses the K-Means algorithm
to group the boarding demand in distinct clusters, each represented by a Gaussian distribution curve.
Individual data points, represented by scattered markers, are grouped into their assigned clusters. The
vertical dashed lines mark the mean (p) of each cluster, indicating the central tendency of demand within
the respective time intervals.

Figure 4
Example of Time-Based Demand Clustering Using K-Means
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This adaptive segmentation of the day into intervals, driven by fluctuations in passenger demand,
enables the precise optimization of fleet size and trip frequencies tailored to specific time periods. By
leveraging the efficiency of the K-Means algorithm with large datasets, this approach enhances the respon-
siveness of public transportation systems, aligning operations with real-world demand variations.

K-Means is a widely used unsupervised ML algorithm for clustering data into distinct groups. Its primary
objective is to partition n data points into k clusters by minimizing the Within-Cluster Sum of Squares
(WCSS), which quantifies the variance within each cluster. For a dataset divided into k clusters, the WCSS is
mathematically defined as in Eq. (1):
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k 2
WCSS=>">"lz—pl (1)

i=1 zeC;
Where k is the number of clusters; C; is the it" cluster; y; is centroid of the it cluster; = is data point in
2
the it cluster; | x — p, || is squared Euclidean distance between x and the centroid p,. The optimal cluster

count, or "elbow point," is identified where the WCSS curve shows a sharp reduction followed by a plateau,
which is determined using the second derivative of the curve.

However, K-Means does not automatically determine the optimal number of clusters. To address this
limitation, the Elbow Method is applied. This method involves evaluating various cluster counts and calcu-
lating the WCSS for each configuration. The optimal number of clusters is identified at the "elbow point,"
where the WCSS exhibits a significant decrease before plateauing. This method determines the cluster count
at which compactness (measured by WCSS) achieves a balance with simplicity.

Once the clusters are formed, their time intervals are calculated based on the data points assigned to
each cluster. This ensures that each cluster represents a distinct period with similar characteristics, enabling
efficient planning and resource allocation. Based on the concept of time-based density clustering, Figure 5
illustrates the flow diagram of the proposed approach for optimizing bus fleet requirements. The method-
ology involves clustering hourly boarding data to identify time intervals with similar demand patterns. These
clusters are then used to calculate the required number of trips, bus cycles, and ultimately the optimal
number of buses for each cluster.

Figure 5
Flow Diagram of the Proposed Approach
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The process begins with data preprocessing, which normalizes features to ensure that all attributes
contribute equally to the clustering process. This step eliminates biases caused by varying feature magni-
tudes, making the data suitable for distance-based algorithms. The procedure then continues by clustering

[
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the day into distinct time intervals based on passenger density patterns. These clusters are subsequently

used to define optimal scheduling periods, accurately reflecting demand variations.

Table 2
Pseudo Code: Proposed Approach for Time-Based Clustering and Fleet Optimization

Input:

Passenger Data: Boarding times and demand for each line.
Transportation Network: Lines, routes, and stops.

Vehicle Capacity: Maximum number of passengers per bus.
Initial Parameters: Number of clusters (e.g., k for K-Means).

Output:

Time-based clusters representing passenger boarding density.
Optimal number of trips and fleet size for each time cluster

Step 1: Data Preprocessing

Load Passenger Data:

Input boarding times and demand data for all lines.

Normalize the Boarding Times:

Convert boarding times into numerical values (e.g., hours or minutes of the day).
Aggregate Demand by Time:

Group demand data by hour of the day for the initial analysis.

Step 2: Time-Based Clustering

Apply K-Means Clustering:

Define the number of clusters k.

Input: Boarding times as features.

Output: Clusters representing time intervals with similar demand density.

Assign Clusters to Time Periods:

Map each cluster to a specific time interval (e.g., morning peak, afternoon off-peak, evening peak).

Step 3: Calculate the Required Trips for Each Cluster

For each cluster:
Total Demand = Sum of passenger demand in the cluster.
Required Trips = Total Demand/Vehicle Capacity1 (round up to the nearest integer).

Step 4: Calculate the Fleet Size for Each Cluster

For each cluster:

Cluster Duration = Maximum boarding time Minimum boarding time in the cluster.
Bus Cycles = (Cluster Duration x 60) / Trip Time (in minutes).

Required Buses = Required Trips/Bus Cycles (round up to the nearest integer).

Step 5: Generate schedule and Schedule

Assign Trips to the Timetable:

Distribute trips across the cluster duration evenly.

Optimize Schedule:

Ensure that buses are dispatched to meet demand while minimizing waiting times.

Step 6: Validation

Simulate Demand Satisfaction:

Check if the assigned trips and fleet size meet the demand within each cluster.
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Adjust Parameters (if necessary):
Increase/decrease k or fleet size to improve the results.

Step 7: Output Results

Clusters: Time intervals with corresponding demand densities.
Trip and Fleet Requirements:
Number of trips and buses needed for each cluster.

Timetable: Optimized schedule for each line

The pseudocode aligns with the steps outlined in Table 2, summarizing the clustering workflow and
providing a detailed procedure for preprocessing data, identifying the optimal number of clusters using the
Elbow Method, and performing K-Means clustering to effectively segment time-based demand. Once the
time periods are established, the approach calculates the required number of trips for each line within these
intervals, facilitating the precise determination of fleet size and line capacity to meet passenger demand
while maintaining high service quality. Finally, the approach calculates the bus requirements for each cluster
and generates detailed reports for each line and direction, supporting efficient transportation planning.

Table 3
Table for Sets, Indices, Parameters and Variables

Symbol Description

L Set of all bus lines.

L A specific bus line from the set L.

D Set of directions for each line (forward and backward directions).

d Direction of the line, where d=1 represents forward and d = 2 represents backward.
K Set of time windows determined for each direction of each line.

k A specific time window associated with a direction d of a line L.

B Set of bus types available for operation.

b A specific type of bus from set B.

Variables Description

RT; .. Required trip number for time window k of direction d of line L.

RByy, Required bus number for time window k of direction d of line L.

CD,y, Cluster density (boarding demand) of time widow k of direction d of line |

TL Time length of the cluster (time interval) of time window k of direction d of line
CBy, Cycle number of each bus traveling on line L in time window k.

Fixed Parameters

CT, Cycle time for each bus operated on line [ (e.g., time taken for a complete trip in minutes).

cap, Capacity of bus b (e.g., maximum number of passengers per trip).

After clustering the data, the density of each cluster was calculated to estimate the required number of
bus trips. Based on the cluster density and duration, bus cycles and trip requirements were computed. The
calculation process begins by using cluster densities C D, to estimate the total required trips RT,,,, which
are determined based on the bus capacity. Subsequently, the available time window (cluster’s time length)
TL,,, and the cycle time CT; are used to calculate the number of cycles C'By;, that a bus can complete within
the cluster’s time interval. Finally, the required number of buses RB,,;, is computed by dividing the required
trips by the number of bus cycles, ensuring adequate allocation to meet passenger demand. The notations
used are summarized in Table 3, and the detailed formulas are provided below for clarity and precision.
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Required Trip Number RT;,, shows the total number of trips required to serve the demand in a specific
time window (k) for a given direction (d) of line (I). The ceiling function ensures that the value is rounded
up to the nearest integer, ensuring that the total number of trips is sufficient to meet passenger demand
without underestimating the requirement. RT,, is calculated by the following formula.

D
RT,,;, = ceiling (C lcdkapb> Vi, d, k (2)

Where CD,,, cluster density (boarding demand), cap, capacity of the bus b (fixed parameter). After
calculating the required trips per time window of each direction of each line, we can calculate the required
bus number RB, ;. by the following formula.

T
RBygy, = R=4" By, V1, d, k (3)

Where RT;,, required trips, CBy,, and bus cycles. The bus cycles related to each line depending on the
travel times were calculated by the following equation. The number of bus cycles C By, that represents the
number of trips that can be done by a bus on line (I) for a given time window (k) is calculated as:

CBy, = max(T%Tl, 1) Vi, k (4)

Where TL,,, time length of the cluster (time interval in minutes), C7T; is the cycle time for each bus
operated on line [ (fixed parameter), and the max (T'L,,,/CT,, 1) ensures there is at least one cycle to avoid
division by zero.

Equations (2-4) provide the foundation for calculating the line-specific and direction-specific bus
requirements. However, to ensure an optimized fleet allocation, a mathematical model is necessary to
minimize the total fleet size F while still meeting passenger demand across all lines and time clusters.

Min=F (5)

s.t.:
F>YFR (6)
F > max(RBC);,) Vi (7)

By structuring fleet requirements hierarchically from individual clusters to lines and the entire network,
the model achieves a balance between operational efficiency and passenger demand satisfaction. The goal
is to minimize the total fleet size F required to operate the entire transportation network while maintaining
service efficiency (Equation 5). The constraint given in Equations (6) ensures that the total fleet size F is at
least the sum of the fleet sizes allocated to each line F. It guarantees that the number of buses assigned
to the network is sufficient to meet the service demand of all bus lines. As given in Equation (7), the fleet
size allocated to each line F; must be at least the maximum number of required buses per cluster RBCj;,
ensuring that the peak demand across all time clusters for a given line is adequately met. The final constraint
(Equation 8) ensures that the required buses for each cluster RBC);,, must be at least the maximum required
buses RB,,; across both directions (d=1,2) of each line (1) for a given time cluster (k). It guarantees that the
fleet allocation considers directional demand variations and peak periods.

A key challenge in the proposed approach is determining the optimal number of clusters for the entire
line. Due to the bidirectional nature of transit lines, passenger density patterns often vary significantly
between the two directions. This results in a situation where the optimal clustering algorithm may identify
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different numbers of clusters and corresponding time windows for each direction. To determine the optimal
number of clusters for bidirectional transit lines, the approach considers the maximum passenger density
(CD,,;,) associated with each line and cluster (time window). For each potential clustering configuration,
the algorithm identifies the maximum density across all clusters for both directions of the line. The optimal
clustering configuration is then selected by minimizing the maximum density across all clusters with the
following condition.

Kig = K; V1, d, where K, = min (mgx (CDyg) )\ﬂ (9)

This method ensures that the clustering scheme accommodates the highest-density time periods while
providing equitable time intervals that accurately reflect passenger demand patterns in both directions. By
harmonizing the time windows and clusters through the minimization of the maximum density, the system
achieves efficient scheduling and balanced resource allocation. This enhancement makes the optimization
model robust and well-equipped to handle the inherent asymmetry of the bidirectional demand.

Case Study and Findings

This study was conducted to test and validate the proposed approach using data from izmir's public
transportation system. By analyzing detailed boarding data over a one-week period, this study evaluates
the effectiveness of the proposed method in optimizing fleet size and service frequency. The dataset, which
includes boarding times, locations, travel directions, transportation modes, vehicle types, and passenger
categories, serves as the basis for applying clustering algorithms to identify boarding density patterns. The
results provide critical insights into high-demand times and locations, verifying the practicality and accuracy
of the approach in enhancing operational efficiency and passenger satisfaction.

The Case Data

To implement the proposed adaptive time-based clustering method, detailed data from izmir's public
transportation system were used. The data, collected via “izmirim Kart” system and stored in Power BI,
represents a comprehensive overview of one week of operations across the entire public transportation
network. Figure 6 provides an overview of the dataset, highlighting its scale, with over 12.8 million rows of
publictransportation data, including 5.3 million rows specifically related to bus operations. The visualization
underscores the dataset’'s comprehensiveness, containing critical fields such as boarding time, stop, pas-
senger type, and fare details. This extensive dataset enables a comprehensive analysis of the bus frequency
and fleet size optimization problem while offering opportunities for addressing other transportation-related
challenges.

Figure 6
Overview of the Dataset: Passenger Boarding Data and Attributes Stored in Power Bl
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For this case study, five distinct bus lines from the network were selected based on input from system
experts. These lines, 5, 35, 152, 168, and 171, were chosen to reflect diverse operational characteristics,
including variations in route lengths, cycle times, bus types, and passenger patterns. The geographic routes
of the selected lines are depicted in Figures 7, offering a visual representation of their spatial coverage within
the transportation network. Additionally, the table in Figure 6 presents the detailed attributes of these lines,
including their line IDs, bus types, passenger capacities, and cycle times. By focusing on these representative
lines, the study underscores the flexibility and scalability of the proposed approach in addressing the varied
contexts within public transportation systems.

Figure 7
Geographic Coverage and Operational Attributes of Selected Bus Lines
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LINE_NO Bus Type Capacity | Cycle Time
5 ‘ solo . 60 90
35 midi 1 50 60
152 articulated | 100 130
168 articulated 100 [ 90
171 articulated 100 [ 120

Following the detailed presentation of the dataset and selected bus lines, a general analysis of
passenger density was conducted to gain insights into the demand patterns across the selected lines. This
analysis focused on identifying variations in passenger density between weekdays and weekends, as well
as differences based on travel direction. Passenger demand in public transportation systems often varies
significantly depending on the day of the week, reflecting differing commuter travel needs on weekdays
versus weekends. To explore this, the dataset was segmented into weekday and weekend subsets, and the
density of boardings for each line was analyzed separately. This differentiation is critical for understanding
the temporal shifts in demand and optimizing the fleet size and frequency accordingly.

In addition, directional variations in passenger density were examined to assess whether travel patterns
differed between the forward and backward directions of each line. These variations are often influenced
by factors such as commuting flows, the distribution of residential and commercial areas, and the location
of transit hubs. For example, higher density in one direction during morning hours may indicate commuter
flows toward central business districts, while the reverse direction may experience greater density in the
evening as passengers return home.
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Figure 8
Passenger Density Comparison by Hour, Line, Direction, and Day of the Week for the Selected Lines.
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This investigation reveals that passenger density and travel behavior vary significantly depending on the
day of the week (weekdays vs. weekends) and the direction of travel. The variations highlight the dynamic
nature of passenger demand, with distinct peaks during specific hours based on travel patterns. These
differences are critical for planning optimal bus fleet sizes and schedules. As illustrated in Figure 8, the bar
graphs compare passenger density for two selected lines, 5 and 35, in both directions (SEFER_YON 1=Direction
1and SEFER_YON 2=Direction 2) across weekdays and weekends. The graphs clearly demonstrate variations
in density patterns, underscoring the importance of incorporating day- and direction-specific factors into
transit planning.

The results of this analysis provided essential insights into how passenger demand varies across different
contexts, highlighting the need for adaptive and data-driven strategies in fleet optimization and service
planning. By understanding these variations, the proposed approach can better address the unique opera-
tional needs of each line and direction, ensuring an efficient and balanced allocation of resources.

The Comparison of Fixed and Adaptive Interval Approaches

This section compares two approaches to determine time intervals in managing the bus fleet and
frequencies. The first approach, currently employed by ESHOT, divides the day into fixed time periods based
on expert knowledge and historical patterns, reflecting traditional heuristic methods. The second approach
proposed in this study introduces an adaptive, clustering-based methodology, where time intervals are
analytically determined to adapt to the unique passenger density patterns of each line and direction.
By contrasting these two approaches, this section highlights the limitations of the fixed interval method
and the advantages of the adaptive clustering approach in achieving a more tailored and efficient public
transportation system.

The first approach divides the day into five predefined periods based on operational experience: 1)
6:00-9:00, 2) 9:00-12:00, 3) 12:00-15:00, 4) 15:00-19:00, and 5) 19:00-24:00. Within each time window, bus
frequencies and fleet requirements were determined using the maximum observed passenger density.
Notably, the same time intervals are applied for both directions of each line, avoiding the need for direc-

Journal of Transportation and Logistics, 10 (2): 362-387




Adaptive Time-Based Clustering for Optimizing Bus Fleet Management: A Case Study on izmir's Public... £ Dudakli et al., 2025

tional customization. While this heuristic method is simple and aligns with traditional practices, it lacks the
flexibility to accommodate specific demand patterns. Figure 9a illustrates the trip requirement calculation
using the fixed-interval approach for line 5. The maximum density within each pre-defined time interval is
used to determine the required number of trips, with intervals set uniformly across all directions and lines.

The adaptive clustering approach proposed in this study introduces two alternative clustering patterns to
optimize time intervals and resource allocation in public transportation systems. Similar to the fixed-interval
method, it calculates the required frequency and number of buses based on the maximum passenger density
observed within each cluster (time interval). However, the adaptive approach offers enhanced flexibility by
generating two cluster patterns for each line and direction. These patterns vary in the number and range of
time intervals, enabling tailored segmentation based on specific passenger demand patterns.

The optimal cluster pattern is selected by minimizing the maximum passenger density across all clusters
for the entire line. This strategy ensures a balanced distribution of passenger loads across time intervals
while mitigating peak demand pressures. Figure 9b illustrates the trip requirement calculation using the
adaptive interval approach for line 171, where the time intervals are determined separately for each line and
direction. Required trips are calculated based on the minimum of the maximum densities across clusters,
thereby optimizing fleet use. By adjusting the time intervals and service frequencies, this approach offers a
more precise and efficient method for fleet optimization, outperforming both the fixed-interval method and
the less flexible clustering techniques. This study highlights the benefits of tailored scheduling in addressing
real-world transportation demands effectively.

Figure 9
Comparison of Trip Requirement Calculation Between Fixed (Line 5) and Adaptive Interval (Line 171) Approaches
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Figure 10
Comparison of Required Trips and Buses for Fixed and Adaptive Clustering (K-Means) on Line 5
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The two bar charts compare the required trips and number of buses for Line 5 under the fixed clustering
approach and the adaptive clustering approach utilizing the K-Means algorithm to segment time intervals
based on passenger demand. In the fixed approach, uniform time intervals (e.g., 6-8, 9-12) are applied across
all lines and directions, leading to inefficiencies such as overestimated resource allocation during non-
peak hours and insufficient adaptability to actual demand patterns. For example, during peak periods like
13-15 and 16-19, the fixed approach requires 10 trips and 4-5 buses, but it fails to efficiently match demand
during non-peak hours. In contrast, the adaptive clustering approach leverages the K-Means algorithm to
create flexible time intervals (e.g., 6-7, 8-10) tailored to demand density, ensuring that resource allocation
closely aligns with passenger needs. For instance, during peak hours (e.g., 11-14 and 15-18), required trips (11)
and buses (5) are well-aligned with passenger density. Non-peak intervals (e.g., 6-7, 19-23) reflect reduced
resource requirements, avoiding overallocation. This demonstrates that the adaptive clustering approach,
powered by K-Means, enhances efficiency by adapting to actual demand patterns, optimizing resource
utilization, and reducing over-allocation during low-demand periods. A detailed discussion of the results
and findings will be presented in the following section.

Required Trips and Buses for Line 5

The Results and Discussion

The results and discussion section evaluates the effectiveness of the proposed adaptive clustering
approach compared to the fixed time interval method currently employed in practice. By analyzing key
metrics such as total trips, maximum and minimum buses, and average buses required for five selected bus
lines, this section explores operational efficiency and resource use under both approaches. The comparison
is made separately for weekdays and weekends to account for distinct passenger demand patterns. This
detailed assessment highlights the benefits of a data-driven clustering strategy, emphasizing its capacity
to optimize fleet allocation and service delivery. Table 4 summarizes the results of the fixed interval and
adaptive clustering approaches for optimizing bus trips and fleet requirements on weekdays and weekends
across the five selected bus lines.

Table 4
Comparison of Fixed Intervals vs. Adaptive Clustering for Bus Fleet Opt. on Weekdays and Weekends
WEEKDAYS LINE_NO Total Trips Max Buses Min Buses Avg Buses
5 66 5 1 31
35 18 6 1 3.6
)]
Ex 152 62 6 2 42
- ©
g g8 168 87 10 1 41
T £
171 127 13 2 74
Total 460 40 7 224
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WEEKDAYS LINE_NO Total Trips Max Buses Min Buses Avg Buses
LINE_NO Total Trips Max Buses Min Buses Avg Buses
5 66 5 1 3.3
2
E 35 121 6 1 3.2
FuWd
35§ 152 64 6 2 41
(@] (7]
g g o 168 90 10 1 3.6
g 7 130 n 1 3.6
a
Total 471 38 6 6.5
% improvement 2 5 14 8
WEEKENDS LINE_NO Total Trips Max Buses Min Buses Avg Buses
5 46 4 1 2.2
35 86 5 1 2.7
g u
= s 152 54 6 2 9.7
©
g £ 168 59 5 1 2.8
& E
171 99 10 2 5.6
Total 344 30 7 17
WEEKENDS LINE_NO Total Trips Max Buses Min Buses Avg Buses
o 5 45 3 1 21
S
'5 35 87 5 1 2.5
Fuwd
] g s 152 55 5 2 3.4
(] (7]
223 168 59 4 1 24
g 7 101 10 2 5.2
a
Total 347 27 7 15.6
% improvement 1 10 0 8

Weekdays: For Line 171, the adaptive clustering approach reduced the maximum number of buses
required from 13 (fixed interval) to 11, while the average number of buses decreased from 7.4 to 6.5. Total trips
remained comparable between the two methods for most lines; however, the adaptive approach achieved
greater efficiency by lowering peak fleet demands without compromising service levels. This highlights
its ability to make tailored adjustments to passenger demand patterns, especially for lines with varying
densities throughout the day.

Weekends: The benefits of the adaptive clustering approach are even more pronounced during week-
ends. The adaptive approach decreased the average number of buses required for Lines 5, 152, and 168 while
maintaining similar total trip numbers. For instance, Line 5 required 4 buses with the fixed interval approach
but only 3 with adaptive clustering. This reduction reflects the adaptive approach’s capacity to adapt
to fluctuating and typically lower weekend demand, ensuring optimized fleet allocation while preserving
service quality.
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Figure 11

Dudakli et al., 2025

Comparison of Fixed Interval and Adaptive Clustering Approaches for Bus Scheduling Metrics (weekdays)
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The comparison between the fixed interval and adaptive clustering (K-Means) approaches for weekdays,
as shown in Figure 11, highlights several key differences in bus requirements. For minimum buses, the
adaptive approach slightly reduces the requirements for line 171, while the results for lines 5, 35, 152 and
168 remain similar. Maximum bus requirements show significant improvements with the adaptive approach,
particularly for line 171, where peak demand densities are better distributed, reducing the maximum number
of buses needed. Average bus usage consistently improved with the adaptive clustering method across most
lines; for instance, line 171 showed a decrease in average bus requirements, showcasing the efficiency of
adaptively optimized intervals in balancing the fleet. Total trips remain comparable between the two ap-
proaches, demonstrating that both meet demand adequately, but the adaptive clustering approach achieves
this with fewer buses overall, highlighting its superior resource optimization for weekday operations.

Figure 12

Comparative Analysis of Fixed Interval and Adaptive Clustering Approaches for Key Bus Metrics (weekends)
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These graphsillustrate the performance metrics for the fixed interval and adaptive clustering approaches
during weekends, as presented in Figure 12. The total trips and average number of buses required demon-
strate that the adaptive clustering approach achieves superior resource utilization by adapting clusters to
specific weekend demand patterns. The maximum number of buses required shows a noticeable reduction
under the adaptive clustering method, indicating a more effective allocation of resources during high-
demand periods. Meanwhile, the minimum number of buses required remains consistent between both
approaches, reflecting the adaptive method’s ability to maintain efficiency in low-demand scenarios.
Overall, the analysis highlights adaptive clustering as a more flexible and efficient solution for weekend
transit planning.

Figure 13 compares the total trips and average buses between the adaptive clustering (K-Means) approach
and the fixed interval method for both weekdays (Figure 13a) and weekends (Figure 13b). The vertical axis
represents the difference between the two approaches, where positive values indicate higher values in the
K-Means method, while negative values show reductions compared to the fixed interval approach. This visu-
alization highlights how demand-responsive clustering impacts fleet operations and resource allocation.

Figure 13
Difference Trips and Average Buses: (K-Means values-Fixed Interval values)
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In Figure 13a (weekdays), the adaptive clustering approach leads to an increase in the total trips for
lines 35, 152, 168, and 171, with the most significant difference observed in line 35. This suggests that the K-
Means method slightly increases the number of trips to better align with the fluctuating passenger demand.
Meanwhile, the average bus requirement remains nearly the same or slightly decreases, demonstrating that
adaptive clustering distributes resources more efficiently while maintaining or enhancing service levels. A
similar trend is evident in Figure 13b (weekends) although the differences are less pronounced. The adaptive
approach increases total trips more noticeably for lines 168 and 171, while also reducing the number of
average buses. This indicates that the data-driven clustering method effectively captures demand varia-
tions, allowing for a more precise allocation of fleet resources and minimizing inefficiencies caused by static
scheduling.

One of the key implications of these findings is that the increase in total trips, while maintaining or
even reducing the number of required buses, suggests improved resource utilization. The K-Means approach
enables higher service frequency without additional fleet resources, ensuring that bus operations are more
closely aligned with real-time passenger demand. This optimization enhances operational efficiency by
enabling a more balanced, demand-driven allocation of resources.

The results further indicate that the proposed adaptive clustering approach is particularly beneficial
for lines with high passenger density (e.g., line 171) or significant demand fluctuations (e.g., line 168). By
tailoring time intervals and fleet allocation based on actual demand patterns, this approach minimizes the
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inefficiencies associated with static scheduling. Specifically, for lines with substantial demand variability,
the data-driven method enables more precise scheduling and fleet distribution, reducing resource wastage
during off-peak hours while ensuring sufficient capacity during peak periods.

Ultimately, the adaptive clustering approach offers a more demand-responsive scheduling framework,
effectively reducing peak fleet requirements while maintaining service reliability. Although the total number
of trips slightly increased, this reflected improved service availability without a proportional rise in bus
deployment, indicating better resource usage rather than inefficiency.

Conclusion and Future Work

This study proposed a data-driven, adaptive approach to optimize bus fleet requirements across different
lines and directions in izmir's public transportation system. By applying K-Means clustering to passenger
boarding data and identifying optimal time-based clusters using the Elbow Method, the model enables more
responsive and efficient resource planning tailored to real demand patterns. Unlike traditional fixed interval
methods, which apply uniform time segments regardless of demand variability, the proposed adaptive (FS)
strategy allows for flexible time intervals and cluster numbers specific to each line and direction.

The results highlight that the adaptive clustering approach improves fleet efficiency by aligning service
frequency with dynamic passenger density, especially for lines with fluctuating or high-volume demand.
The model demonstrated that similar or improved service levels could be maintained, and in some cases
enhanced, with fewer buses by redistributing trips more effectively. Notably, increased total trip numbers
in the adaptive model were achieved without increasing the number of required buses, suggesting better
vehicle use and enhanced service responsiveness.

The study also has modeling limitations. The current model does not account for passenger waiting times,
operational costs (e.g., fuel, maintenance, labor), or service reliability metrics. It assumes a homogeneous
fleet and relies solely on K-Means clustering, which may not be optimal for all data structures. Additionally,
while weekday and weekend demand differences are considered, alternative clustering criteria or opera-
tional constraints could be explored through scenario-based analysis. On this basis, the future research
directions can be summarized as follows.

- Integrated Operational Planning: Future studies could extend the proposed approach to include detailed
scheduling and route planning for synchronized optimization of bus frequency, dispatching, and fleet
allocation.

« Inclusion of Operational Costs: Factoring in costs such as fuel consumption, driver wages, and mainte-
nance would support more financially sustainable planning alongside fleet efficiency.

- Passenger Waiting Time Optimization: Including waiting time as a decision variable could improve both
service quality and customer satisfaction.

+ Fleet Composition Diversification: Incorporating multiple bus types (e.g., solo, articulated) would enable
dynamic vehicle allocation based on time-specific demand.

- Exploring Alternative Clustering Techniques: Testing other clustering algorithms (e.g., DBSCAN, hierar-
chical clustering) may reveal better segmentation for complex or irregular demand patterns.

By addressing these future directions, the proposed model has the potential to evolve into a comprehen-
sive decision-support system for public transportation agencies, enabling more adaptive, cost-effective, and
passenger-centered fleet management. Applying the model to the entire transit network in future studies
would allow for a more thorough evaluation of its broader operational impacts. This expanded application
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would help validate the scalability and real-world feasibility of the approach, while also demonstrating its
potential to support system-wide planning and policymaking for public transit authorities.
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