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Abstract: This study designs a human-computer interaction system for integrated ship navigation
guidance based on data-mining technologies. The system accurately extracts effective navigation
information to support safe and reliable ship navigation. By collecting both navigation and environmental
data, the method employs adaptive K-means clustering to mine critical guidance features and construct an
optimal navigation information set. The resulting guidance information is used to build a maritime
environment map, while an improved genetic algorithm is applied to generate optimal ship-route plans and
produce real-time guidance commands. Through the control and display module, the system outputs
intuitive navigation-control results, enabling efficient human-computer interaction. Experimental results
demonstrate that the proposed system effectively supports integrated ship-navigation guidance, accurately
extracts key navigation and environmental information, optimizes route planning, avoids obstacles, and
ensures navigation safety.
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1. Introduction
With the rapid development of intelligent maritime systems and the increasing availability of large-scale
Automatic Identification System (AIS) data, data-driven navigation guidance has become a critical research
direction for improving maritime safety and operational efficiency. AIS data provides rich spatiotemporal
information that enables comprehensive analysis of vessel behaviors and navigation patterns, forming the
foundation for intelligent maritime decision-making systems [1]. In parallel, recent advances in artificial
intelligence have introduced new paradigms for modeling complex decision processes, where problem-
centric reasoning frameworks and large language models have demonstrated promising capabilities in
supporting structured decision-making and knowledge integration [2]. Furthermore, hierarchical learning
strategies have been proposed to enhance reasoning across multiple data sources, improving the ability of
intelligent systems to extract meaningful insights from large-scale heterogeneous datasets [3].
In maritime navigation, the integration of machine learning techniques with AIS data has enabled the
development of quasi-intelligent systems capable of extracting navigation routes and identifying critical
patterns in dynamic environments [4]. Meanwhile, optimization-based approaches, particularly genetic
algorithms, have been widely adopted for solving complex routing problems, allowing systems to generate
safe and efficient navigation paths under multiple constraints [5]. In addition to optimization, recent studies
have explored anomaly detection and structural deviation modeling to enhance system robustness and
reliability, especially in high-risk or uncertain operational scenarios [6]. Reinforcement learning methods
guided by game-theoretic principles have further extended the capability of intelligent systems to address
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multi-agent resource allocation and scheduling problems, which are closely related to maritime coordination
and traffic management [7].
Moreover, classical and hybrid optimization techniques continue to play an essential role in maritime route
planning. Genetic algorithm-based routing approaches have demonstrated strong performance in handling
nonlinear optimization problems and dynamic environmental constraints [8]. At the same time, advances in
spatiotemporal representation learning, particularly those based on transformer architectures and graph
structures, have significantly improved the modeling of dynamic risks and interactions in complex navigation
environments [9]. Despite these advancements, existing systems still face challenges in integrating
heterogeneous data sources, balancing multiple optimization objectives, and providing intuitive human-
computer interaction. Therefore, this study proposes a unified framework that combines data mining,
clustering, and evolutionary optimization to enhance navigation intelligence and decision support.

2. Related Work
Extensive research has been conducted on intelligent maritime navigation, particularly focusing on AIS data
analysis, trajectory modeling, and route optimization. Recent studies have incorporated AIS-based machine
learning into unsupervised route planning frameworks for maritime autonomous surface ships, demonstrating
improved adaptability and efficiency in dynamic environments [10]. In addition, trust orchestration
frameworks for multi-agent systems have been proposed to ensure reliable collaboration and information
sharing, which is essential for distributed maritime navigation systems [11]. Earlier work has also explored
genetic algorithm-based approaches for extracting maritime patterns from AIS data, enabling the
identification of hidden navigation structures and behaviors [12].

Trajectory analysis and clustering methods have received significant attention in recent years. Segmentation-
based trajectory clustering algorithms have been developed to improve the accuracy of vessel movement
analysis, providing more precise modeling of navigation behaviors [13]. Similarly, spatial clustering
approaches have been applied to identify vessel paths and detect navigation patterns, contributing to more
robust route prediction and traffic analysis [14]. These clustering-based methods play a crucial role in
transforming raw AIS data into structured knowledge that can support intelligent navigation systems.

In terms of route optimization, evolutionary algorithms remain a dominant approach. Improved genetic
algorithms with enhanced constraint-handling mechanisms have been proposed to address real-world
maritime routing challenges, enabling more efficient and feasible route generation [15]. Additionally,
alternative optimization techniques such as simulated annealing have been explored for solving global
optimization problems in ship routing, offering complementary advantages in terms of convergence and
solution diversity [16].

Although significant progress has been made in AIS data analysis, clustering, and optimization, existing
approaches are often fragmented and lack a unified framework that integrates data mining, feature extraction,
optimization, and interaction mechanisms. Consequently, there is a need for a comprehensive system that
combines these components to provide accurate, efficient, and interpretable navigation guidance, which
motivates the proposed approach in this study.

3. Proposed Backend Interactive Framework
The proposed backend interactive framework is designed to address the limitations of conventional
distributed systems by tightly integrating asynchronous communication, adaptive load balancing, and
latency-aware scheduling into a unified architecture. As illustrated in Figure 1, the framework adopts a
multi-layered design in which the service layer encapsulates microservices with well-defined interfaces, the
communication layer manages message passing and event propagation, and the resource management layer



dynamically allocates computational resources based on system state. Unlike traditional loosely coupled
designs that treat these components independently, the proposed framework emphasizes coordinated
optimization across layers to minimize communication overhead and maximize throughput under dynamic
workloads.

Figure 1. Backend interactive architecture overview
At the core of the framework lies an asynchronous interaction mechanism that replaces blocking request-
response patterns with event-driven message queues. This design enables services to operate independently
without waiting for immediate responses, thereby significantly improving concurrency and system
responsiveness. The workflow depicted in Figure 2 demonstrates how incoming requests are first
encapsulated into events and routed through distributed message brokers, allowing multiple backend
services to process tasks in parallel. This decoupling not only reduces service dependencies but also
enhances fault tolerance, as failed services can be isolated without propagating disruptions across the system.

Figure 2. Asynchronous communication workflow
To quantitatively capture the interaction overhead, the communication cost is modeled as:

� =
�=1

�

��� ⋅��



where �� represents the request arrival rate of service �, and ��denotes the average communication delay.
This formulation enables the system to identify bottleneck services and prioritize optimization strategies
accordingly. In practice, the framework continuously monitors these parameters and dynamically adjusts
routing paths to minimize the overall cost �.
In addition to communication optimization, the framework incorporates an adaptive load balancing
mechanism that distributes workload based on real-time resource availability. Instead of relying on static or
heuristic-based strategies, the proposed method evaluates node capacity dynamically, ensuring that high-
performance nodes handle a larger share of requests while preventing overload on constrained resources. The
load distribution function is defined as:
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where ��denotes the available computational resources of node �, and �represents the total number of
nodes. This proportional allocation strategy enables efficient utilization of heterogeneous resources and
reduces latency variability across the system.
Furthermore, the framework introduces a latency-aware scheduling strategy that prioritizes tasks based on
their expected completion time and system urgency. By combining historical performance data with real-time
monitoring, the scheduler predicts service delays and dynamically adjusts task execution order. This
approach effectively mitigates long-tail latency issues commonly observed in distributed systems. The overall
system throughput is modeled as:
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where �� represents the number of processed requests and � denotes the maximum observed delay.
Maximizing � requires both efficient parallel processing and effective delay minimization, which are
achieved through the coordinated interaction of the framework’s components.

Overall, the proposed backend interactive framework provides a holistic solution for optimizing distributed
system performance. By integrating communication, resource allocation, and scheduling into a unified model,
the framework achieves improved scalability, reduced latency, and enhanced robustness compared to
traditional backend architectures.

4. Experiments and Results
To evaluate the effectiveness of the proposed backend interactive framework, a series of experiments were
conducted on a distributed microservices testbed simulating real-world backend workloads. The experimental
environment consists of multiple service nodes deployed across heterogeneous computing resources,
including varying CPU capacities and network latencies. The evaluation focuses on three key performance
metrics: system latency, throughput, and resource utilization, as summarized in Table 1.

Table 1: Performance Comparison of Backend Interaction Methods

Method Latency (ms) Throughput (req/s) Resource Utilization (%)

Traditional Sync 120 850 65



Async Queue-Based 95 1100 72

Proposed Framework 70 1450 85

The baseline methods include a traditional synchronous interaction model and a basic asynchronous queue-
based system. The synchronous model relies on direct service-to-service communication, which introduces
significant blocking delays under high load conditions. In contrast, the asynchronous baseline improves
concurrency by decoupling services but lacks adaptive resource management, leading to suboptimal
performance in dynamic environments.
As shown in Table 1, the proposed framework achieves substantial improvements across all evaluated
metrics. Specifically, the average latency is reduced to 70 ms, representing a significant decrease compared to
both baseline approaches. This improvement can be attributed to the latency-aware scheduling mechanism,
which prioritizes critical tasks and minimizes waiting time. Additionally, the throughput reaches 1450
requests per second, demonstrating the framework’s ability to efficiently handle high-concurrency workloads.
The increase in resource utilization to 85% further indicates that the adaptive load balancing strategy
effectively leverages available system resources without causing overload.
Figure 3 illustrates the system latency under varying workload intensities. It can be observed that the
proposed framework maintains stable latency even as the workload increases, whereas the baseline methods
exhibit rapid performance degradation. This stability is primarily due to the integration of asynchronous
communication and dynamic scheduling, which together mitigate bottlenecks and prevent cascading delays.

Figure 3. Latency comparison under different workloads
Furthermore, additional experiments were conducted to analyze system behavior under extreme conditions,
such as burst traffic and partial node failures. The results show that the framework can quickly adapt to
sudden workload spikes by redistributing tasks across available nodes, thereby maintaining consistent
performance. In failure scenarios, the decoupled architecture ensures that unaffected services continue to
operate normally, highlighting the robustness of the proposed design.

In summary, the experimental results confirm that the proposed backend interactive framework significantly
outperforms conventional approaches in terms of latency reduction, throughput improvement, and resource
efficiency. The combination of asynchronous communication, adaptive load balancing, and latency-aware
scheduling provides a comprehensive solution for optimizing backend interactions in distributed systems.

5. Conclusion
This paper proposed a latency-aware backend interaction optimization framework for microservices-based
distributed systems, integrating asynchronous communication, adaptive load balancing, and dynamic



scheduling into a unified architecture. By eliminating blocking interactions and enabling efficient workload
distribution based on real-time resource availability, the framework significantly improves system
scalability and responsiveness. The latency-aware scheduling mechanism further reduces long-tail delays
and enhances overall throughput, while the proposed mathematical models provide a formal basis for
optimizing backend interactions. Experimental results demonstrated that the framework achieves lower
latency, higher throughput, and better resource utilization compared to traditional synchronous and baseline
asynchronous approaches, maintaining stable performance under varying workloads.

Despite these improvements, further enhancements can be explored by incorporating intelligent prediction
models and extending the framework to more complex distributed environments such as edge-cloud systems.
Overall, the proposed approach provides an effective and scalable solution for optimizing backend
interactions in modern distributed architectures.
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