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Container flow at Terminal Petikemas Surabaya (TPS) increased by 9.3% to 1,584,774
TEUs, creating pressure on internal transport, yard access, and loading—unloading
performance. This study evaluates the potential use of an Automated Guided Vehicle
(AGV) system to support more responsive container movement within the terminal. A
simulation-based framework integrates Particle Swarm Optimization (PSO) for task
scheduling and AGV assignment with the A-star (A*) algorithm for route planning. Ten
simulation runs were conducted to examine route variability under different traffic-density
and obstacle conditions. The framework reached the destination in 9 of 10 runs; the best
run required 40 steps, 1.04 minutes, and 1.75% occupancy, while one run failed due to an
unresolved obstacle condition. The findings indicate that the PSO—A* framework can
provide a structured basis for AGV route planning and may support faster container
transfer in a controlled simulation environment. However, reductions in vessel waiting
time, operational cost, and terminal delay should be interpreted as expected operational
implications rather than field-validated outcomes. The study contributes an integrated
scheduling—routing simulation for AGV-based container transport and identifies practical

requirements for future implementation in smart port operations.

1. INTRODUCTION

Indonesia’s maritime geography gives its ports a strategic
role in national and international logistics because a large
share of global shipping routes passes through Indonesian
waters [ 1, 2]. Tanjung Perak Port is one of the country’s major
gateways for domestic and international cargo flows, and
Terminal Petikemas Surabaya (TPS) serves as a key container-
handling facility within this system [3-5]. As containerized
trade increases, port competitiveness increasingly depends not
only on quay capacity but also on the reliability of internal
terminal transport, yard access, and the coordination of
loading and unloading activities [6, 7].

Recent operational data show that container throughput at
TPS reached 1,584,774 TEUs by the end of 2024, representing
a 9.3% increase from the previous year [8]. International
container movement increased by 9.65%, while domestic
container flow rose by 3.14%. Although the observed loading
and unloading performance of 54 boxes/ship/hour is above the
national standard of 48 boxes/ship/hour [9], continued growth
can intensify congestion, extend internal transfer time, and
reduce service reliability if yard transport and route
management are not improved [10-13].

Smart port development provides an operational pathway
for addressing these challenges by integrating equipment
automation, centralized control, digital monitoring, and data-
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driven management into container-terminal operations [14].
Automated Guided Vehicles (AGVs) are particularly relevant
to container terminals because they can move containers
between quay cranes, transfer points, and container yards with
lower dependence on manual head trucks [15-19]. From a
transportation-system perspective, AGVs should therefore be
evaluated not only as robotic vehicles but also as components
of an integrated terminal transport network that affects flow
continuity, vehicle interaction, queue formation, and service
time [20, 21].

Previous studies have examined AGV deployment from
different perspectives. Research on smart warehouses and
automated terminals has discussed AGV architecture,
collision avoidance, path planning, resilient scheduling,
charging strategy, and simulation-based evaluation [22-27].
Other studies have shown that mechanical dynamics, multi-
vehicle coordination, and terminal operating rules may
influence the practical performance of AGV systems [28].
However, much of the existing work emphasizes either
algorithmic path search or high-level terminal efficiency,
while fewer studies connect scheduling decisions, local route
planning, and terminal-specific transport constraints in one
simulation framework.

The research gap addressed in this paper is therefore the
limited integration between AGV task allocation and route
planning under container-terminal operating conditions. In
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particular, previous approaches often treat scheduling and
routing as separate problems or evaluate them in simplified
environments that do not explicitly represent traffic density,
obstacle conditions, and the quay—yard movement pattern of a
specific terminal. This study responds to that gap by
combining Particle Swarm Optimization (PSO), which is
suitable for assignment and scheduling optimization, with the
A* algorithm, which is suitable for shortest-path search in a
node-based environment [29-33].

The selection of PSO and A* is based on their
complementary functions. PSO is used to search for efficient
AGYV task allocation and movement sequencing, while A*
translates the selected origin—destination movement into a
feasible path by calculating travel cost and estimated distance
to the destination. This combination differs from studies that
rely only on routing heuristics, charging-aware scheduling, or
predefined dispatching rules because it explicitly links
scheduling output with route generation for AGV movement
in the TPS case environment. This paper provides insights for
the following:

*A PSO-A* integrated framework is developed to optimize
the AGV task allocation and routing problem simultaneously
in container terminals.

*We have conducted an evaluation by simulation; the
results show that routing of AGV is feasible which includes
travel time, occupancy, steps of routing, and success rate as
operational indicators.

*The paper contributes by providing practical
implementation recommendations for future deployment of
AGVs in sustainable and smart transportation systems within
port environments.

This article is structured into five main chapters that are
integrated to provide a systematic discussion flow. The first
chapter is the Introduction. The second chapter discusses
Materials and Methods. The third chapter presents the
Research Results. The fourth chapter is the Discussion. The
final chapter is the Conclusion, which summarizes the main
findings of the study and emphasizes the contribution of the
PSO and A* algorithm integration in supporting AGV route
planning at the Surabaya Container Terminal.

2. METHOD
2.1 PSO algorithm

PSO is one of the most widely used metaheuristic
algorithms for solving complex optimization problems.
Inspired by the collective behavior of natural swarms such as
birds or fish, PSO operates by initializing a population of
candidate solutions, referred to as particles, which iteratively
update their positions and velocities based on three key
components: inertia, cognitive learning (personal best), and
social learning (global best) [34]. These updates are governed
by mathematical equations that incorporate stochastic
elements to maintain population diversity and prevent
premature convergence [35]. Numerous studies have
demonstrated the effectiveness of PSO across various
domains, particularly in solving complex scheduling and load-
balancing problems in automated port terminals—applications
that are crucial for enhancing operational efficiency and
promoting sustainability [36]. PSO offers several advantages,
including algorithmic simplicity, fast convergence, and
minimal parameter tuning, making it especially suitable for
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real-time optimization in systems such as AGVs. However, it
also faces challenges, such as local optima entrapment, which
can be addressed by hybridizing with other algorithms or by
structural enhancements to its optimization process [36].

As a representative of the broader class of metaheuristic
algorithms, PSO exemplifies the strength of these approaches
in solving complex problems that conventional methods
struggle with. Metaheuristics are high-level search methods
used to address complex optimization problems, particularly
when the search environment is large, partially known, or
computationally demanding. In vehicle path planning, these
methods can accommodate obstacle conditions and balance
solution quality against computational complexity [37, 38].

2.2 A-star algorithm

The A-star (A*) algorithm is a widely used pathfinding and
graph traversal algorithm that efficiently finds the shortest
path between nodes by combining the strengths of Dijkstra’s
algorithm and heuristic search. It employs a best-first search
strategy guided by an evaluation function as in Eq. (1).

fm) = g®) +h(n) (1
where, g(n) represents the cost from the start node to the
current node. n and h(n) is a heuristic estimate of the cost
from n to the goal node. This balance enables A* to find
optimal paths with less computational effort than uninformed
search methods.

In the context of AGVs in container terminals, the A*
algorithm has been adapted and refined to address challenges
such as dynamic obstacles, complex environment layouts, and
the need for smooth, collision-free routing. For example, Hu
et al. [39] proposed an improved A* algorithm that
incorporates a steering cost estimation function and a multi-
AGV occupancy-aware program to optimize path planning
and conflict avoidance. This approach reduces computational
complexity and increases operational efficiency, making it
suitable for upgrading traditional container terminals at low
cost while maintaining universality for various industrial
applications. Further advancements involve integrating a
kinematically constrained A* algorithm, as demonstrated in
this study [40]. This approach facilitates efficient global path
planning with smooth transitions and dynamically executable
routes. The use of B-spline interpolation for path smoothing
significantly reduces sharp directional changes, thereby
enhancing AGV stability and improving operational efficiency
in dynamic industrial settings [40]. Recent studies also
emphasize the importance of conflict-free path planning in
multi-AGV systems to improve energy -efficiency and
scheduling performance. Zhong et al. [41] developed an
integrated scheduling model that incorporates conflict-free
path planning based on A* principles, achieving substantial
reductions in energy consumption and operational delays in
container terminals. Overall, the A* algorithm and its variants
offer a robust, adaptable framework for AGV path planning in
automated container terminals, thereby supporting sustainable
port transportation by improving operational performance and
reducing energy consumption.

2.3 AGVs system planning analysis

Based on the analysis of loading and unloading activities at
TPS, which still relies on manual head trucks for container



handling, the implementation of innovations such as AGVs is
necessary to improve port operational performance and
anticipate the annual increase in container flow. These AGVs
will serve as an efficient internal transportation mode, moving
containers between the dock and the container yard. This AGV
system uses visual guidance-based navigation, enabling
vehicles to operate autonomously by detecting objects and
obstacles with cameras, thereby avoiding collisions and
ensuring safe travel. In planning AGV system innovation, the
first step is to prepare a flow diagram that describes the
workflow or system activities, which will serve as a reference
for the coding process. The flow diagram of the activities in
the system planning process to be used is shown in Figure 1.

Start
Installing Grid and
Obstacle Layout

v

Displays Grid and
Obstacle Layout

v

The robot starts
moving

v

The robot moves to the
destination 10 times

v

Looking for the
fastest route

v

Displays the fastest
path of the robot

v

End

Figure 1. Flowchart of AGVs fastest path search

The flowchart above outlines the stages of AGV navigation
system planning. The process begins with installing the layout
and obstacles, followed by robot simulation to reach the
destination 10 times. This aims to find the shortest path or
fastest route from a starting point to the destination node. This
approach enables the terminal to minimize the risk of human
error, improve the accuracy of container movements, and
achieve smarter, more sustainable operations.

2.4 AGVs route planning analysis

In AGV route planning, PSO and A* are used sequentially
rather than independently. PSO first evaluates candidate task-
allocation and movement-sequence solutions, where each
particle represents a possible assignment of AGV movements
between the quay and container yard. The candidate solution
is assessed using operational indicators such as travel time,
number of steps, route feasibility, and occupancy level. The
best PSO output is then passed to A*, which searches the
shortest feasible route for the assigned origin—destination
movement by minimizing the total path cost. This structure
ensures that scheduling decisions guide the routing process,
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while A* verifies whether the selected movement can be
executed in the terminal layout. The sequential interaction
between PSO and A* in the proposed AGV framework is
summarized in Algorithm 1. The PSO and A* algorithms
perform complementary functions in the proposed AGV
system, with PSO supporting route-assignment optimization
and A* determining the shortest feasible path. Their respective

mechanisms and applications are summarized in Table 1.

Algorithm 1. Integrated PSO-A* pseudocode

(1) initialize the terminal grid, start—destination nodes,
AGYV capacity, and obstacle layout;
(2) generate candidate AGV task sequences and movement
assignments using PSO;
(3) evaluate particles based on route feasibility, step count,
travel time, and occupancy;
(4) send the best PSO assignment to A* as the origin—
destination routing task;
(5) apply A* using f(n) = g(n) + h(n) to identify the
shortest feasible path; and
(6) record success/failure, steps, occupancy, and travel
time for each simulation run.

Table 1. Algorithm mechanism and performance

Algorithm Mechanism Application
Using a meta- The PSO algorithm is
heuristic approach used to optimize
inspired by the vehicle distribution
PSO behavior of bird routes, especially in
Algorithm groups. Particles in a complex
group share combinatorial and
information to find route assignment
the optimal solution. problems.
Using a heuristic- The A* algorithm is
based search method .
used in the AGVs
that caleulates the route search system to
A-star (A¥*) shortest path by . Y
. S determine the fastest
Algorithm considering the

travel cost and
estimated distance to
the destination.

path from the starting
point to the
destination.
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Figure 2. Container flow productivity graph

2.5 Container flow productivity analysis

Container flow data include the daily arrivals of import



containers unloaded from ships at the dock and export
containers entering through the gates of TPS, which are
temporarily stored in the stacking yard before being loaded
onto ships. This data is used to analyze the growth of
international and domestic container flows, as shown in Figure
2.

2.6 Port operational performance analysis

Port operational performance is an indicator of the level of
success of port services for users, both ships and containers.
This indicator can be assessed through Container Loading and
Unloading performance (B/M). Calculation of container
loading and unloading performance, expressed as
Box/Crane/Hour (B/C/H), includes analysis of the
performance for 2023-2025 and its calculation for the same
period using the formula in Eq. (2).

B/M

Number of containers unloaded /loaded
Number of ef fective hours
X Number of working tools

2

Eq. (2) can be used to determine the performance of
domestic and foreign container loading and unloading in 2023-
2025. Figure 3 is the average result of the calculation of
domestic container loading and unloading performance.

According to Figure 3, the average domestic container
loading and unloading performance over the last 3 years
(2023-2025) is classified as poor, with a range of 23.90% to
29.36%. This assessment is based on the 2025 port operational
service performance standard, which is 19% for domestic
services, which has been successfully met during that period.
Figure 4 is the average result of the calculation of international
container loading and unloading performance for the same
period.

According to Figure 4, the average assessment of
international container loading and unloading performance for
the last three years (2023-2025) is classified as quite good to
poor, with a percentage ranging from 26.67% to 29.55%. This
assessment is based on the 2025 port operational service
performance standard, which is 26% for international services,
which has been successfully met during that period. In
response to the less-than-optimal domestic and international
container loading and unloading performance, optimization
efforts are needed, including the planning and implementation
of AGVs to accelerate loading and unloading.

Average domesticloading and unloading performance

35.00
30.00 el 214
- 23.90 Not Good
25.00
Adequately good

20.00

10.00 Good

5.00

2023 2024 2025

Figure 3. Average domestic loading and unloading
performance
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Figure 4. Average international loading and unloading
performance

3. PROPOSED METHOD

This study employs a simulation-based methodology to
design and evaluate an AGV routing framework for container
movement at Surabaya Container Terminal [25, 40]. The
simulation focuses on horizontal transport between the quay
and container yard, where delays may arise from route
conflicts, inefficient vehicle assignment, and obstacle
conditions. The terminal layout is represented as a simplified
movement network, while AGV operations are assessed
through repeated route-search attempts.

The methodological framework integrates two algorithmic
layers. The first layer uses PSO to support task allocation and
movement sequencing by comparing candidate solutions
according to route efficiency indicators. The second layer uses
A* to translate the selected assignment into an executable
path. This hierarchical structure is used because scheduling
and routing are interdependent in AGV operations: a good
assignment may still fail if the route is blocked, while a short
route may not be operationally useful if the vehicle sequence
is inefficient.

The A* component applies a cost function based on
accumulated travel cost and estimated distance to the
destination. In the simulation, this enables the AGV to choose
a path that minimizes travel steps while avoiding unavailable
nodes. When an obstacle cannot be bypassed within the
simplified route network, the system records the attempt as
failed. This condition is important because it shows that route
feasibility depends on both algorithmic search and the
completeness of the terminal network representation.

The proposed framework leverages the complementary
strengths of PSO and A* to evaluate AGV movement within a
controlled terminal simulation. The framework does not
directly measure vessel waiting time or operational cost;
rather, it evaluates routing indicators that are expected to
influence those operational outcomes if implemented in a real
terminal. The main simulation settings are stated below to
improve reproducibility and clarify the assumptions used in
the experiment.

Simulation settings and assumptions: the case location is
TPS, Tanjung Perak Port; the platform is a Python-based
route-search simulation using a simplified terminal layout; the
model is tested in 10 attempts; the AGV role is quay/dock—
container yard transport; the capacity assumption is a
maximum of two containers per AGV trip; PSO is used for
scheduling and A* for shortest-path routing; the indicators are
steps, occupancy, travel time, and success/failure status; and



obstacle treatment is represented through static layout
constraints, with one run affected by an unresolved obstacle
condition.

\ Problem:
| Improving the efficiency and effectiveness
of port operations through the

implementation of the AGVs system.

\ Results:
| The simulation results of the AGVs system
are able to improve operational
performance and reduce dwelling time.

Objective:
—> To identify the impact of AGVs usage on —>
port operational performance.

The overall research framework, including the problem
definition, research objective, variables, simulation method,
and expected results, is summarized in Figure 5.

Research Variables:
1. Dwelling time
2. Container Terminal Layout

Method:
<«—— AGVs simulation using Particle Swarm
Optimization algorithm and A* algorithm

<
<

Figure 5. Framework of thinking

4. RESULTS AND DISCUSSION
4.1 AGVs system simulation

A simulation of the AGVs system was conducted to analyze
the stability and effectiveness of the PSO and A* algorithms.
In this simulation, historical data of container flow and
terminal operational conditions are combined to create a more
realistic model. Figure 6 presents a terminal layout to provide
a clear picture of the TPS.

Figure 6. TPS layout used as the simulation base, showing
the quay—yard interface and internal transport corridor for
AGV movement

In the simulation of AGVs, several key assumptions have
been established to accurately represent the movement flow
and operational dynamics of these vehicles within the terminal
environment. These assumptions serve as essential parameters
that guide the behavior, interactions, and constraints of AGVs
throughout the simulation process. The following outlines the
main assumptions considered in this study:

*There is a ship, several AGVs, and containers that need to
be moved from the dock to the container yard and from the
container yard to the dock, as shown in Figure 7.

*Each AGV can transport a maximum of two containers
from the dock to the container stacking yard and from the
container stacking yard to the dock, as shown in Figure 8.

*A container crane can automatically load and unload
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containers from AGVs. Therefore, the assumptions defined in
this study provide a realistic, structured foundation for
modeling AGV operations in container terminals, enabling
simulations that reflect actual constraints, such as route
limitations, task priorities, and system coordination. This
ensures that the proposed framework remains applicable for
evaluating performance and supporting practical decision-
making in real-world terminal environments.

CY Blok CC CY Blok BB CY Blok AA CY Blok T

. . -

______________

AGVs AGVs

LI |
' T

Figure 7. AGVs' movement flows from the pier to the
container yard and vice versa

Dock
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Quayside
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E Track «
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u .sm!l “ I Ship

Figure 8. AGVs flow in container loading and unloading
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4.2 Simulation and

implications

performance implementation

The AGVs' simulation was run 10 times to provide a visual
depiction of each method's effectiveness in managing routes
and travel time. Figure 9 presents the results of the AGV
simulation, illustrating the performance of both algorithms in
optimizing AGV paths.
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The simulations show temporal and step-dependent
variations, influenced by factors such as traffic density and
route changes, indicating that the system responds differently
depending on the situation. Table 2 shows the variation in the
simulation data.

Table 2. AGV system simulation results

Number of

Attempts Steps Occupancy Time Results
Attempt 1 49 2.51% 1.28  Success
Attempt 2 40 1.75% 1.04  Success
Attempt 3 48 2.11% 1.25  Success
Attempt 4 50 2.19% 1.21  Success
Attempt 5 48 2.11% 1.20  Success
Attempt 6 0 0% 0 Failed
Attempt 7 42 1.84% 1.14  Success
Attempt 8 41 1.80% 1.05  Success
Attempt 9 49 2.15% 1.19  Success
A“le(r)npt 46 202% 117  Success

Based on the AGV simulation data, the integrated PSO—-A*
framework completed 9 of 10 route-search attempts
successfully, giving a simulation success rate of 90%.
Excluding the failed run, the average route required 45.89
steps, with an average travel time of 1.17 minutes and an
average occupancy value of 2.05%. The fastest performance
was recorded in Experiment 2, which required 40 steps, 1.04
minutes, and 1.75% occupancy. These indicators suggest that
the framework can generate stable routes under most
simulated conditions, although its performance remains
sensitive to obstacle placement and route availability.

The failure in Experiment 6 is an important result rather

search process could not reach the destination because the
available path was blocked by an unexpected obstacle
condition. This indicates a limitation of the current simulation
setting: the A* layer can identify the shortest feasible path only
when the movement network provides an available alternative
route. If the graph representation is too constrained or if
dynamic obstacles are not followed by real-time re-planning,
the AGV may fail to complete its task. Therefore, the failure
reflects both the constraint of the simulated traffic
environment and the need to incorporate dynamic re-routing
or conflict-resolution logic in future development.

Compared with routing-only methods, the PSO-A*
framework offers the advantage of connecting task sequence
and route search. However, it is still narrower than more
comprehensive automated terminal models that incorporate
crane assignment, vehicle charging strategy, energy
consumption, fleet balancing, and real-time terminal operating
system feedback [24, 25, 27, 41, 42]. The framework should
therefore be interpreted as an early-stage planning model for
evaluating AGV route feasibility, not as a complete
operational control system for full terminal automation.

From an implementation perspective, several requirements
must be addressed before the simulation can be translated into
practice. AGV deployment requires high initial investment,
dedicated communication infrastructure, reliable positioning
and sensing systems, safety zones, maintenance capability,
and integration with the existing terminal management system.
The terminal operator would also need to evaluate charging or
battery-exchange strategy, cybersecurity, emergency response
procedures, and compatibility between AGV movements,
quay cranes, yard cranes, and manual truck operations. These
factors may determine whether the expected improvements in
loading and unloading performance can be achieved in actual

than an anomaly that should be ignored. In that run, the route- operations.
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Figure 10. Fastest AGV route obtained in experiment 2, with 40 steps, 1.04 minutes, and 1.75% occupancy

Figure 10 illustrates the best route produced by the
simulation. The result should be interpreted as evidence that
the proposed framework can identify an efficient route under
controlled conditions. Nevertheless, the observed travel time
and step reduction do not directly prove reductions in vessel
waiting time, terminal cost, or overall productivity because
those indicators were not measured through field
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implementation. They represent expected operational
implications that require additional validation using larger
fleets, actual traffic data, and real-time terminal control
integration.

Table 3 summarizes the operational advantages and
disadvantages of the AGV system. The advantages are mainly
related to consistency, automation, and the potential for



continuous operation, while the disadvantages are associated
with investment cost, system dependency, infrastructure
readiness, and maintenance capability. In the TPS context,
these disadvantages are particularly relevant because a
simulation model cannot capture all field constraints,
including equipment interaction, labor transition, safety
certification, communication failure, and operational
disruption during system migration.

Table 3. Advantages and disadvantages of AGV systems

Advantages Disadvantages
Increase terminal .efﬁcwncy High initial investment cost.
and productivity.

Potential disruption in the event
of a system failure.
Requires detailed terminal
layout planning.
Requires expert personnel for
maintenance.

Minimizes accident risk.

High accuracy in
transportation.
24/7 automatic operation
without breaks.

5. CONCLUSION

Based on the simulation results, the integration of PSO and
A* algorithms provide a feasible framework for planning
AGYV movement at Surabaya Container Terminal. The model
completed 9 of 10 route-search attempts successfully, with the
best result obtained in Experiment 2 at 40 steps, 1.04 minutes,
and 1.75% occupancy. These results indicate that the proposed
framework can support structured AGV task allocation and
route search within a controlled simulation environment.

The conclusions of this study should be interpreted with
caution. The simulation indicates potential improvements in
internal container transport, but reductions in vessel waiting
time, operating cost, and overall terminal efficiency have not
yet been verified through field deployment. The study is
limited by simplified operating conditions, a small number of
simulation runs, limited representation of dynamic traffic, and
the absence of direct validation using real-time AGV
operations at the terminal. Future research should test larger
AGV fleets, dynamic obstacle handling, conflict-free multi-
AGV scheduling, charging strategy, integration with the
terminal management system, and cost—benefit analysis under
more complex terminal environments.
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