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Abstract 
Maritime surveillance complexity has increased due to expanding vessel 

activities, security challenges, and the demand for accurate real-time maritime 

domain awareness. This research aims to develop an AI-powered integrated 

surveillance framework combining shore-based radar, Automatic Identification 

System (AIS), and Unmanned Aerial Vehicle (UAV) computer vision for 

automated vessel tracking in Koarmada I operations. The study employs a 

mixed-methods technological development approach involving multi-source 

maritime data integration, artificial intelligence modeling, performance 

evaluation, and expert validation. The findings reveal that the integrated AI 

framework improves vessel detection accuracy, identification reliability, and 

tracking continuity compared with individual surveillance approaches. Radar 

contributes extensive spatial detection, AIS enhances vessel identification, and 

UAV computer vision provides visual verification capabilities. The integrated 

model demonstrates significant potential for reducing information gaps and 

strengthening maritime situational awareness. The research concludes that AI-

driven sensor fusion represents an effective strategy for advancing naval 

surveillance systems by transforming fragmented maritime data into actionable 

operational intelligence. The proposed framework contributes to maritime 

security technology development and provides a foundation for future 

autonomous surveillance applications within complex operational 

environments. Future implementation requires broader datasets, adaptive 

algorithms, and extensive operational testing to ensure robustness across 

diverse maritime conditions and support sustainable defense information 

system transformation. 
Keywords: Artificial Intelligence; Maritime Surveillance; Sensor Fusion; UAV 

Computer Vision; Vessel Tracking. 
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INTRODUCTION 

The strategic importance of maritime surveillance has increased significantly due to the 

growing complexity of maritime activities, including commercial shipping, illegal fishing, 

territorial violations, maritime security threats, and the protection of national interests at sea 

(Tantaroudas et al., 2026). Modern naval operations require accurate, real-time, and continuous 

situational awareness to support effective decision-making, particularly in regions characterized 

by extensive maritime boundaries and dense vessel traffic (Muthmainnah et al., 2026). The 

development of maritime surveillance systems has therefore shifted from conventional 

observation methods toward technology-driven approaches that integrate advanced sensing, 

communication, and artificial intelligence capabilities (Nivetha et al., 2026). The operational 

environment of the Indonesian Navy, particularly Koarmada I, represents a complex maritime 

domain where effective vessel monitoring is essential for maintaining maritime security, 

sovereignty, and operational readiness. 

The evolution of surveillance technologies has introduced various platforms capable of 

collecting maritime information, such as shore-based radar systems, Automatic Identification 

System (AIS), and Unmanned Aerial Vehicle (UAV)-based computer vision technologies (Hsu 

& Celino, 2025). Shore-based radar provides wide-area detection capabilities under diverse 

weather conditions, while AIS offers valuable vessel identification and movement information 

transmitted through maritime communication networks (Simian et al., 2026). UAV platforms 

equipped with advanced computer vision algorithms provide flexible and high-resolution 

observation capabilities, enabling the detection and classification of vessels in areas where 

conventional systems experience limitations (Nakilcioglu, 2025). The integration of these 

technologies creates opportunities for developing intelligent maritime surveillance architectures 

capable of improving detection accuracy, reducing human workload, and enhancing operational 

efficiency. 

Artificial intelligence has emerged as a transformative technology in maritime surveillance 

by enabling automated data processing, pattern recognition, anomaly detection, and predictive 

analysis (Zeneli & Çerma, 2025). Machine learning and deep learning approaches allow 

surveillance systems to interpret complex maritime data streams generated by heterogeneous 

sensors and convert them into actionable operational intelligence (P & C., 2026). Despite 

significant technological progress, maritime surveillance remains challenged by fragmented 

sensor utilization, inconsistent data fusion mechanisms, and limited automation in vessel 

tracking processes (Xue et al., 2024). The need for an integrated AI-powered surveillance 

framework becomes increasingly relevant to support naval operations that require rapid 

responses, comprehensive maritime awareness, and reliable tracking capabilities in dynamic 

operational environments such as Koarmada I areas of responsibility. 

Existing maritime surveillance operations frequently rely on individual sensing systems 

that provide valuable but incomplete information about maritime activities (Belmonte-

Hernández et al., 2026). Radar-based monitoring can identify vessel presence and movement 

patterns but often lacks detailed vessel identification information. AIS systems provide vessel 

identity and navigational data but may become ineffective when vessels intentionally disable 

transmission systems or operate without AIS equipment (Roi et al., 2025). UAV-based visual 

surveillance offers direct observation capabilities; however, its effectiveness depends on 

environmental conditions, image processing accuracy, and the availability of automated 

recognition mechanisms (Haldorai et al., 2024). These limitations create challenges in achieving 

comprehensive maritime domain awareness through isolated surveillance approaches. 

The absence of effective integration among radar, AIS, and UAV computer vision 

technologies creates operational gaps in automated vessel tracking systems (Taghavi et al., 

2025). Maritime surveillance personnel are often required to manually interpret information from 

multiple sources, increasing the possibility of delayed responses, inaccurate assessments, and 

inefficient resource allocation (Nguyen et al., 2026). The complexity of maritime environments, 
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including overlapping vessel movements, unpredictable behaviors, and large monitoring areas, 

requires a surveillance framework capable of automatically correlating, analyzing, and validating 

information from multiple sensors (Yue et al., 2024). The lack of such integrated intelligence 

systems represents a significant challenge for naval organizations seeking to improve operational 

effectiveness through digital transformation. 

Koarmada I operations require advanced surveillance capabilities that can support 

maritime security missions across strategically important waters (Zhu et al., 2024). The existing 

challenges associated with fragmented surveillance systems highlight the necessity of developing 

an AI-powered approach capable of integrating multi-source maritime data into a unified 

tracking mechanism (Jiang et al., 2025). The primary problem addressed in this research 

concerns how artificial intelligence can be utilized to combine shore-based radar information, 

AIS data, and UAV computer vision outputs to establish an automated vessel tracking system 

that improves detection reliability, identification accuracy, and operational decision-making 

support within naval surveillance contexts. 

The primary objective of this research is to develop a conceptual and technological 

framework for an AI-powered integrated maritime surveillance system that combines shore-

based radar, AIS, and UAV computer vision technologies for automated vessel tracking (Preity 

et al., 2024). The study aims to examine how heterogeneous maritime data sources can be 

synchronized, processed, and analyzed through artificial intelligence algorithms to generate more 

accurate and comprehensive maritime situational awareness (Liao et al., 2025). The research 

focuses on designing an integrated approach that enhances the capability of naval surveillance 

systems in detecting, identifying, and monitoring vessel activities. 

The research further aims to evaluate the effectiveness of combining multiple surveillance 

technologies in improving vessel tracking performance compared with conventional single-

sensor monitoring approaches (Van Praagh et al., 2024). Specific attention is directed toward 

examining the contribution of artificial intelligence techniques in data fusion, object recognition, 

trajectory analysis, and anomaly detectionn (Wang et al., 2024). Through this approach, the study 

seeks to determine how AI-based integration can overcome limitations associated with individual 

surveillance technologies and provide more reliable operational information for maritime 

security decision-making. 

The expected outcome of this research is the establishment of an integrated surveillance 

model that can support the digital transformation of naval operations, particularly within the 

operational framework of Koarmada I (Nithyeswari & Karthikeyan, 2024). The research intends 

to contribute theoretical and practical insights regarding the implementation of artificial 

intelligence in maritime defense systems (Biswas & Banik, 2025). The proposed framework is 

expected to provide a foundation for future development of autonomous maritime monitoring 

systems capable of improving responsiveness, accuracy, and efficiency in managing complex 

maritime operational environments. 

Previous studies have extensively explored individual maritime surveillance technologies, 

including radar-based vessel detection, AIS-based tracking systems, and UAV-based maritime 

monitoring (Pamula et al., 2025). Research on radar applications has primarily focused on 

improving detection range, signal processing, and target classification, while AIS-related studies 

have emphasized vessel identification, route prediction, and maritime traffic analysis (Anbarasi 

et al., 2024). UAV research has increasingly investigated computer vision approaches for vessel 

recognition and object detection (ALKannad et al., 2025). However, many existing studies 

remain concentrated on optimizing individual technologies rather than developing 

comprehensive integration frameworks that combine multiple sensing platforms into a unified 

AI-driven surveillance architecture. 

The current literature indicates limited investigation into the operational implementation 

of AI-based sensor fusion specifically for naval maritime surveillance environments (Alsieni & 

Alyoubi, 2025). Many proposed models are developed within controlled experimental settings 
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and do not sufficiently consider the complexity of real-world defense operations, including 

incomplete data availability, communication limitations, environmental uncertainty, and 

strategic operational requirements (Sarmah et al., 2025). Furthermore, studies addressing 

maritime artificial intelligence frequently emphasize commercial maritime applications, such as 

shipping management and port monitoring, while research focusing on military maritime 

operations remains comparatively limited. 

A significant research gap exists regarding the development of integrated AI systems 

capable of combining radar, AIS, and UAV computer vision data for automated vessel tracking 

within naval operational contexts (McGarry et al., 2024). Existing approaches require further 

exploration concerning data synchronization, multi-source information fusion, automated 

decision support, and adaptability to dynamic maritime environments (Tang & Wu, 2025). This 

research addresses the identified gap by proposing an integrated surveillance framework 

specifically oriented toward improving maritime awareness and operational capability within 

Koarmada I missions. 

The novelty of this research lies in the development of an AI-powered integrated maritime 

surveillance concept that unifies three complementary technologies: shore-based radar, AIS, and 

UAV computer vision (Rimaru et al., 2024). Unlike conventional approaches that analyze 

surveillance technologies separately, this study emphasizes the creation of a multi-layered 

intelligence system capable of combining detection, identification, and visual verification 

processes (Venkatasubbu et al., 2026). The integration of these technologies provides a more 

comprehensive approach to automated vessel tracking by leveraging the strengths of each 

surveillance component while reducing their individual limitations. 

The justification for conducting this research is based on the increasing demand for 

intelligent maritime defense systems capable of responding to emerging security challenges 

(d’Afflisio et al., 2024). Maritime environments continue to experience rapid technological, 

operational, and geopolitical changes that require adaptive surveillance solutions (Srinivasulu, 

2024). The application of artificial intelligence provides opportunities to transform traditional 

monitoring systems into predictive and autonomous platforms capable of supporting naval 

commanders with timely and accurate operational information (Rahman et al., 2025). The 

proposed research contributes to the advancement of maritime security technology by addressing 

practical challenges faced in contemporary naval surveillance operations. 

The contribution of this study extends beyond technological development by providing a 

theoretical framework for understanding how artificial intelligence can facilitate integrated 

maritime intelligence operations (Wei, 2024). The research contributes to the fields of maritime 

security, defense technology, artificial intelligence, and information systems by demonstrating 

the potential of sensor fusion-based surveillance architectures. The proposed AI-powered 

integrated maritime surveillance model is expected to support future innovations in naval 

operational systems and provide strategic insights for strengthening maritime domain awareness 

within Koarmada I and broader maritime defense environments. 

 

RESEARCH METHOD 

Research Design 

This research employs a mixed-methods research design with a technological 

development and experimental evaluation approach to examine the implementation of an AI-

powered integrated maritime surveillance system that combines shore-based radar, Automatic 

Identification System (AIS), and Unmanned Aerial Vehicle (UAV) computer vision for 

automated vessel tracking in Koarmada I operations (Li et al., 2025). The research design is 

structured to investigate the capability of artificial intelligence in integrating heterogeneous 

maritime data sources, improving vessel detection accuracy, and supporting operational maritime 

situational awareness (Alsharabi et al., 2025). The technological development phase focuses on 
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designing an integrated surveillance architecture that incorporates data acquisition, 

preprocessing, sensor fusion, artificial intelligence-based analysis, and automated vessel tracking 

mechanisms. The experimental evaluation phase assesses the performance of the proposed 

system based on detection accuracy, tracking reliability, response time, and the effectiveness of 

multi-source data integration. 

The research adopts a system engineering approach to analyze the interaction between 

surveillance components and evaluate the contribution of each technology within an integrated 

maritime monitoring framework. Shore-based radar data are utilized to provide wide-area vessel 

detection capabilities, AIS data are incorporated to obtain vessel identification and navigation 

information, while UAV computer vision data are applied to enhance visual verification and 

object recognition processes (Vm et al., 2025). The artificial intelligence model is developed 

through machine learning and deep learning techniques, particularly for data fusion, vessel 

classification, trajectory prediction, and anomaly identification (Giovannucci et al., 2025). The 

evaluation process compares the performance of the integrated AI-based system with 

conventional surveillance approaches that rely on individual sensor utilization. 

The research framework is developed based on the principles of maritime domain 

awareness and intelligent information systems, emphasizing real-time data processing and 

operational decision support. The study applies quantitative performance analysis to measure 

system effectiveness and qualitative assessment to examine operational relevance from maritime 

surveillance experts. This methodological approach enables comprehensive evaluation of both 

technical performance and practical applicability within naval operational environments, 

particularly in supporting Koarmada I maritime surveillance activities. 

Research Target/Subject 

The research target encompasses the multi-source maritime surveillance data stream and 

operational environment within Koarmada I. This target includes heterogeneous data generated 

by shore-based radar networks, Automatic Identification System (AIS) signals, and high-

resolution Unmanned Aerial Vehicle (UAV) computer vision systems. By focusing on this multi-

layered operational picture, the study targets the challenge of integrating spatial detection, vessel 

navigation metrics, and visual identification data into a single intelligent framework. 

The primary subjects of the quantitative evaluation are the selected vessel tracking 

datasets representing diverse operational scenarios. Utilizing purposive sampling, the research 

analyzes data from both cooperative vessels transmitting active AIS signals and non-cooperative 

vessels with limited identification attributes. The sample dataset reflects variations in vessel size, 

trajectory, movement patterns, visual appearance, and environmental conditions to thoroughly 

stress-test the detection and tracking capabilities of the proposed system. 

Additionally, the research subjects include human domain experts who evaluate the 

system's operational viability. This cohort consists of maritime surveillance personnel, naval 

operations specialists, and defense information technology experts. Their involvement provides 

qualitative validation regarding system usability, situational awareness enhancements, and 

practical implementation considerations within actual naval command and control environments. 

Research Procedure 

The research procedures are conducted through several systematic stages, beginning with 

data acquisition and preparation. Maritime surveillance data are collected from radar, AIS, and 

UAV-based observation sources representing vessel monitoring activities within the Koarmada 

I operational context. The collected data undergo preprocessing procedures, including data 

cleaning, synchronization, normalization, and integration to ensure compatibility among 

different sensor formats. The preprocessing stage is essential because heterogeneous maritime 
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data often contain variations in measurement standards, temporal resolution, and information 

completeness. 

The next stage involves the development and implementation of the AI-powered 

integrated surveillance model. Radar detection data, AIS information, and UAV visual outputs 

are combined through a sensor fusion framework designed to generate a comprehensive maritime 

operational picture. Deep learning-based computer vision algorithms are trained and tested for 

vessel recognition, while machine learning approaches are applied for movement analysis, 

tracking prediction, and anomaly detection. The developed model is subsequently evaluated 

using selected maritime scenarios to determine its ability to automatically identify, track, and 

classify vessels under different operational conditions. 

The final stage involves system validation and performance analysis. The results 

generated by the AI-powered surveillance system are compared with reference datasets and 

expert assessments to determine the effectiveness of the proposed framework. Quantitative 

analysis is conducted to evaluate detection and tracking performance, while qualitative analysis 

is performed to examine operational suitability and potential implementation within Koarmada I 

surveillance operations. The findings from this procedure provide empirical evidence regarding 

the feasibility of integrating artificial intelligence with radar, AIS, and UAV computer vision 

technologies to enhance automated maritime surveillance capabilities. 

Instruments, and Data Collection Techniques 

The research instruments consist of technological, computational, and evaluation tools 

designed to support data collection, system development, and performance measurement. The 

primary technological instruments include shore-based radar systems, AIS receivers or historical 

AIS datasets, and UAV platforms equipped with high-resolution imaging sensors. These 

instruments provide complementary maritime observation capabilities, allowing the research 

system to collect, integrate, and analyze multiple forms of vessel-related information. Radar 

instruments contribute spatial detection data, AIS instruments provide vessel identity and 

navigation records, while UAV sensors generate visual information required for computer 

vision-based analysis. 

The artificial intelligence processing instruments include data fusion algorithms, machine 

learning models, and deep learning architectures designed for maritime object detection and 

vessel tracking. Computer vision models are implemented to identify and classify vessels from 

UAV imagery, while artificial intelligence-based fusion mechanisms are applied to correlate 

radar, AIS, and visual data into a unified operational picture. The computational environment 

includes data processing platforms, database management systems, and analytical software 

supporting model training, validation, and performance evaluation. 

The evaluation instruments include performance measurement indicators and expert 

assessment protocols. Quantitative indicators are used to measure system accuracy, precision, 

recall, tracking consistency, false detection rates, and processing efficiency. Qualitative 

evaluation instruments consist of structured interview guidelines and assessment questionnaires 

developed to obtain expert perspectives regarding system usability, operational effectiveness, 

and implementation challenges. The combination of technical measurements and expert 

evaluations ensures that the research findings reflect both computational performance and 

operational applicability. 

Data Analysis Technique 

The quantitative data analysis technique centers on computational performance 

evaluation and comparative statistical metrics. The AI model's outputs generated through deep 

learning computer vision algorithms and machine learning data fusion mechanisms are compared 

against verified baseline reference datasets. Quantitative indicators such as detection accuracy, 
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precision, recall, tracking consistency, false-positive detection rates, and processing latency are 

calculated to evaluate the system's technical effectiveness. 

The structural analysis technique focuses on evaluating the multi-sensor data fusion and 

trajectory estimation processes. System performance is analyzed across different integration 

stages, assessing how effectively shore-based radar spatial data, AIS navigational attributes, and 

UAV visual detection feeds are synchronized and normalized. This analysis demonstrates the 

incremental performance improvement achieved by the integrated AI-driven framework 

compared to conventional single-sensor surveillance methods. 

The qualitative data analysis technique processes expert assessments gathered through 

structured questionnaires and interviews. Content and thematic analysis methods are applied to 

synthesize feedback from naval and technology specialists regarding operational suitability, 

decision-support quality, and deployment feasibility within Koarmada I. Combining quantitative 

computational metrics with qualitative expert evaluation ensures a comprehensive assessment of 

both technical accuracy and real-world operational relevance. 

 

RESULTS AND DISCUSSION 

The implementation of the AI-powered integrated maritime surveillance system generated 

a comprehensive dataset consisting of multi-source maritime observation records collected from 

shore-based radar, Automatic Identification System (AIS), and UAV-based computer vision 

platforms. The dataset represented vessel monitoring activities within the operational 

environment of Koarmada I, including vessel detection points, identification information, 

movement trajectories, and visual classification outputs. The integrated dataset consisted of 

12,480 vessel observation records collected from maritime surveillance scenarios, including 

7,850 radar detection records, 3,920 AIS transmission records, and 710 UAV image-based 

detection records. The variation among data sources demonstrated the complementary 

characteristics of each surveillance technology, where radar provided extensive detection 

coverage, AIS contributed vessel identity information, and UAV imagery supported visual 

confirmation of detected targets. 

The statistical distribution of the integrated maritime surveillance dataset is presented in 

Table 1. The results indicate that radar-based detection contributed the largest proportion of 

maritime observation data due to its continuous monitoring capability, while UAV-based 

observations represented a smaller proportion because aerial surveillance operations were 

conducted within selected operational scenarios. The integration of these three data sources 

enabled the development of a more comprehensive maritime information environment compared 

with the utilization of individual surveillance technologies. 
 

Table 1. Distribution of Integrated Maritime Surveillance Data Sources 

Data Source 
Number of 

Records 

Percentage 

(%) 
Primary Information 

Shore-Based 

Radar 
7,850 62.90 

Vessel detection, position, distance, 

movement pattern 

AIS Data 
3,920 31.41 

Vessel identity, navigation status, 

trajectory information 

UAV Computer 

Vision 
710 5.69 

Visual detection, vessel classification, 

image-based verification 
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Total 12,480 100.00 
Integrated maritime surveillance 

dataset 

The characteristics of the dataset demonstrate that each surveillance component 

contributed different but interconnected information for automated vessel tracking. Radar 

observations provided consistent spatial coverage and enabled early detection of vessel activities, 

particularly in areas where AIS signals were unavailable or incomplete. AIS records enhanced 

the identification process by providing vessel-specific attributes, including Maritime Mobile 

Service Identity (MMSI), vessel category, heading direction, and operational status. UAV 

computer vision outputs strengthened the verification process by providing direct visual evidence 

of detected maritime objects. 

The integrated dataset revealed that combining heterogeneous maritime information 

significantly improved the completeness of vessel tracking compared with isolated surveillance 

approaches. Radar-only monitoring produced extensive detection capability but lacked sufficient 

identification information, whereas AIS-only monitoring was limited by dependence on vessel 

transmission compliance. UAV-based computer vision provided additional confirmation 

capabilities, particularly for unidentified or suspicious vessels. The combination of these datasets 

created a multi-layered surveillance mechanism capable of reducing information gaps in 

maritime domain awareness. 

The performance evaluation of the AI-powered surveillance model was conducted using 

several quantitative indicators, including detection accuracy, precision, recall, F1-score, and 

tracking consistency. The evaluation results demonstrated that the integrated model achieved 

higher performance compared with individual sensor-based approaches. The AI fusion 

framework successfully combined radar tracking information, AIS identification data, and UAV 

visual recognition results to improve automated vessel monitoring capabilities. 

 

Table 2. Performance Comparison between Individual and Integrated Surveillance Approaches 

Surveillance Approach 

Detection 

Accuracy 

(%) 

Precision 

(%) 
Recall (%) F1-Score (%) 

Shore-Based Radar Only 86.40 84.70 82.90 83.79 

AIS-Based Tracking Only 89.20 87.60 85.80 86.69 

UAV Computer Vision Only 91.50 90.10 88.70 89.39 

AI Integrated Surveillance 

Model 
96.80 95.90 96.20 96.05 

The results presented in Table 2 indicate that the AI integrated surveillance model achieved 

superior performance across all evaluation indicators. The detection accuracy increased to 

96.80%, demonstrating that the fusion of multiple data sources enhanced the capability of the 

system to identify vessel targets accurately. The improvement occurred because artificial 

intelligence algorithms were able to correlate spatial radar information, AIS-based identification, 

and visual confirmation from UAV imagery into a unified tracking process. 

The inferential analysis was conducted to determine whether the integration of radar, AIS, 

and UAV computer vision technologies produced statistically significant improvements in vessel 

tracking performance. A comparative statistical test was applied between conventional 
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surveillance methods and the proposed AI-integrated approach. The analysis demonstrated a 

statistically significant difference between individual sensor-based monitoring systems and the 

integrated AI surveillance framework, indicating that multi-source data fusion contributed 

substantially to improving automated maritime tracking performance. 

The statistical comparison produced a significance value of p < 0.001, confirming that the 

improvement achieved by the integrated surveillance model was statistically meaningful. The 

effect size analysis also indicated a strong practical impact of AI-based sensor fusion on maritime 

surveillance effectiveness. These findings suggest that artificial intelligence integration does not 

merely provide incremental improvement but creates a substantial enhancement in operational 

monitoring capability by increasing detection reliability and reducing tracking uncertainty. 

The relationship analysis examined the interaction between radar detection capability, AIS 

information availability, UAV visual recognition performance, and overall vessel tracking 

accuracy. The findings indicated that radar and AIS data demonstrated a complementary 

relationship, where radar improved spatial awareness while AIS strengthened vessel 

identification. UAV computer vision showed a significant relationship with target confirmation 

accuracy because visual information reduced ambiguity among radar-detected objects and 

unidentified maritime targets. 

 

 

Figure 1. Enhanced Maritime Surveillance Through Data Fusion & AI 

The correlation analysis revealed that increased data integration was associated with 

improved tracking performance. The fusion of radar, AIS, and UAV-generated information 

produced a stronger relationship with automated vessel classification and trajectory prediction 

compared with individual data sources. The results demonstrate that the effectiveness of 

maritime surveillance depends not only on sensor quality but also on the capability of artificial 

intelligence systems to establish meaningful relationships among different information streams. 

The case study analysis focused on a maritime surveillance scenario within the operational 

context of Koarmada I involving vessel monitoring activities characterized by complex traffic 

conditions and incomplete information availability. The selected scenario involved multiple 

vessel movements, including cooperative vessels transmitting AIS signals and unidentified 
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vessels detected through radar and UAV observation. The AI-powered surveillance system was 

tested to evaluate its capability in tracking vessel trajectories, identifying vessel characteristics, 

and detecting potential anomalies. 

The case study dataset consisted of 150 vessel movement scenarios, including 110 

cooperative vessels and 40 non-cooperative vessels. The integrated AI system successfully 

tracked 145 out of 150 vessel movements, representing a tracking success rate of 96.67%. Five 

tracking failures occurred due to environmental interference, limited UAV visibility, and 

insufficient AIS information. The results demonstrated that the integrated approach provided 

stronger surveillance capability, particularly in situations where individual monitoring systems 

encountered operational limitations. 

The case study findings illustrate how the integration of multiple surveillance technologies 

improves maritime operational awareness. Cooperative vessels were primarily identified through 

AIS information, while radar and UAV systems provided additional verification to ensure 

tracking continuity. Non-cooperative vessels presented greater challenges because AIS 

information was unavailable; however, radar detection combined with UAV-based visual 

recognition enabled the AI system to maintain reliable tracking and classification. 

The successful identification of unidentified maritime targets indicates the practical value 

of AI-based sensor fusion in naval surveillance operations. The system demonstrated the ability 

to transform fragmented sensor information into meaningful operational intelligence by 

automatically correlating vessel position, movement patterns, and visual characteristics. These 

findings highlight the potential application of AI-powered surveillance systems in supporting 

maritime security missions and improving response capabilities within Koarmada I operational 

areas. 
 

 

Figure 2. I-Driven Maritime Monitoring 

The results confirm that AI-powered integration of shore-based radar, AIS, and UAV 

computer vision provides a more effective approach for automated vessel tracking compared 

with conventional single-sensor surveillance methods. The combination of complementary data 

sources enables improved detection accuracy, stronger identification capability, and more 

reliable monitoring of complex maritime environments. The findings support the development 
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of intelligent maritime surveillance architectures that emphasize automation, data fusion, and 

real-time operational awareness. 

The study demonstrates that artificial intelligence serves as a critical component in 

transforming maritime surveillance systems from passive monitoring platforms into adaptive 

decision-support mechanisms. The integration model developed in this research provides an 

important foundation for future naval information systems by enhancing maritime domain 

awareness, improving surveillance efficiency, and supporting strategic operational decision-

making in Koarmada I environments. 

The findings of this research demonstrate that the AI-powered integrated maritime 

surveillance system combining shore-based radar, AIS, and UAV computer vision significantly 

improves automated vessel tracking performance within the operational context of Koarmada I. 

The integration framework achieved higher detection accuracy, tracking reliability, and vessel 

classification capability compared with conventional single-sensor surveillance approaches. The 

results indicate that the combination of heterogeneous maritime data sources enables artificial 

intelligence algorithms to overcome the limitations of individual surveillance technologies by 

generating a more comprehensive and accurate maritime operational picture. 

The improvement in surveillance performance was primarily achieved through the ability 

of the AI-based framework to process and correlate different types of maritime information. 

Shore-based radar contributed continuous spatial detection capability, AIS provided vessel 

identification and navigational information, and UAV computer vision enhanced visual 

confirmation of detected targets. The fusion of these three components allowed the system to 

maintain tracking continuity even when one data source provided incomplete or uncertain 

information, demonstrating the value of multi-sensor integration for complex maritime 

environments. 

The quantitative results showed that the integrated AI surveillance model obtained superior 

performance indicators, including higher detection accuracy, precision, recall, and F1-score 

compared with radar-only, AIS-only, and UAV-only approaches. The inferential analysis further 

confirmed that the performance improvement was statistically significant, indicating that the 

contribution of artificial intelligence-based sensor fusion was not merely a result of data 

accumulation but reflected a meaningful enhancement in maritime surveillance capability. 

The case study within the Koarmada I operational environment further strengthened the 

research findings by demonstrating the practical applicability of the proposed framework. The 

system successfully monitored cooperative and non-cooperative vessels through automated data 

correlation and visual verification mechanisms. These findings indicate that AI-powered 

integrated surveillance has considerable potential to support maritime domain awareness, 

particularly in operational areas requiring continuous monitoring, rapid information processing, 

and reliable decision support. 

The findings of this study are consistent with previous research emphasizing the 

importance of artificial intelligence and sensor fusion technologies in improving maritime 

surveillance capabilities. Earlier studies have demonstrated that radar-based systems provide 

effective long-range detection, while AIS-based approaches offer valuable vessel identification 
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information. Research on UAV computer vision has also shown that deep learning algorithms 

can achieve high accuracy in maritime object detection and classification. The current study 

extends these contributions by demonstrating how these technologies can be combined into a 

unified operational surveillance framework. 

Previous maritime surveillance studies have frequently examined radar, AIS, or UAV 

technologies independently, focusing on improving the performance of individual systems. The 

present research differs by positioning artificial intelligence as an integration mechanism rather 

than merely an analytical tool applied to a single dataset. The proposed framework emphasizes 

the interaction between multiple surveillance sources, enabling the system to validate 

information across different platforms and reduce uncertainty associated with incomplete 

maritime observations. 

The findings also correspond with studies on intelligent transportation systems and defense 

information architectures, where data fusion has been identified as an important factor in 

improving situational awareness. However, many existing studies have focused primarily on 

commercial maritime applications, such as vessel traffic management, port monitoring, and 

navigation optimization. The current research provides a different perspective by applying AI-

based integration within a naval operational context, where surveillance requirements involve 

strategic monitoring, unidentified target detection, and rapid response capabilities. 

The differences between this study and previous research are particularly evident in the 

operational orientation of the developed framework. Many previous models evaluate algorithmic 

performance under controlled datasets, whereas this research emphasizes applicability within a 

realistic maritime defense environment. The integration of radar, AIS, and UAV computer vision 

within the Koarmada I operational framework contributes a more practical approach for 

developing maritime surveillance systems that address both technological and operational 

challenges. 

The findings of this research represent an important indication that maritime surveillance 

is transitioning from conventional monitoring approaches toward intelligent, adaptive, and 

automated information systems. The successful integration of multiple surveillance technologies 

demonstrates that future maritime security operations will increasingly depend on the ability to 

transform large volumes of heterogeneous data into meaningful operational intelligence. The 

results reflect a broader transformation in defense technology, where artificial intelligence 

becomes a critical component in enhancing human decision-making rather than replacing 

operational judgment. 

The improved tracking capability achieved through AI integration indicates that maritime 

awareness is no longer determined solely by the availability of advanced sensors but also by the 

effectiveness of information processing mechanisms. The research findings suggest that the 

strategic value of surveillance technologies depends on how effectively different information 

sources can be combined, interpreted, and transformed into actionable knowledge. This 

perspective highlights the importance of developing integrated information architectures within 

modern naval operations. 
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The results also indicate that artificial intelligence can serve as a bridge between 

technological advancement and operational requirements. The ability of the system to detect, 

classify, and track vessels through combined sensor inputs demonstrates that AI-based 

approaches can address challenges associated with maritime complexity, including uncertain 

vessel behavior, incomplete identification information, and large surveillance areas. The findings 

therefore represent evidence of the growing relevance of intelligent systems in strengthening 

maritime operational capabilities. 

The research outcomes provide an indication that future naval surveillance strategies 

should prioritize interoperability among different technological platforms. The effectiveness of 

the proposed system suggests that isolated technological development may no longer be 

sufficient for addressing contemporary maritime challenges. The integration of sensing, 

communication, and artificial intelligence capabilities represents a significant direction for 

improving maritime security and operational readiness. 

The implications of this research extend to technological development, naval operational 

management, and maritime security policy. The demonstrated effectiveness of AI-powered 

integrated surveillance suggests that naval organizations can improve maritime domain 

awareness by adopting intelligent systems capable of processing multi-source information in real 

time. The proposed framework provides a foundation for developing future surveillance 

infrastructures that support faster detection, more accurate identification, and more effective 

operational responses. 

The research findings have practical implications for Koarmada I operations by offering 

an approach to optimize existing surveillance resources. The integration of radar, AIS, and UAV 

systems does not require replacing existing technologies but enhances their value through 

artificial intelligence-based coordination. This approach enables more efficient utilization of 

surveillance assets while reducing dependence on manual interpretation of fragmented 

information. 

The study also contributes theoretical implications for the fields of artificial intelligence, 

maritime security, and defense information systems. The findings demonstrate the relevance of 

sensor fusion concepts in maritime environments and provide evidence that AI-based integration 

can improve the reliability of operational information. The research expands understanding of 

how intelligent systems can be designed to support complex decision-making processes in 

defense-related contexts. 

The broader implication of this research concerns the future development of autonomous 

maritime surveillance capabilities. The successful implementation of AI-based tracking 

mechanisms provides opportunities for developing advanced systems capable of predictive 

analysis, anomaly detection, and autonomous monitoring. Such developments may contribute to 

more resilient maritime security frameworks by enabling continuous and data-driven 

surveillance operations. 

The research findings occurred because each surveillance technology contributed 

complementary information that reduced the limitations of other systems. Radar provided 

continuous detection capability but lacked detailed identification information, AIS offered 
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reliable vessel data but depended on transmission availability, and UAV computer vision 

provided visual confirmation but operated within limited observation conditions. Artificial 

intelligence enabled these different information sources to be combined effectively, producing a 

more complete understanding of maritime activities. 

The effectiveness of the AI integration model can also be explained by the capability of 

machine learning algorithms to identify patterns across complex datasets. Maritime 

environments generate highly dynamic information involving vessel movement, environmental 

changes, and unpredictable behaviors. Artificial intelligence algorithms are capable of analyzing 

these patterns more efficiently than traditional manual approaches, allowing the system to 

identify relationships among different data sources and improve tracking accuracy. 

The statistical improvement observed in this research was influenced by the 

complementary nature of sensor fusion. The integrated model reduced false detections by 

validating radar observations through AIS information and UAV visual evidence. The 

improvement in classification performance occurred because the AI system combined numerical, 

spatial, and visual characteristics rather than relying on a single type of information. This 

multidimensional analysis increased the reliability of automated vessel tracking. 

The operational context of Koarmada I also influenced the research outcomes. Maritime 

areas under naval responsibility involve complex traffic patterns, diverse vessel characteristics, 

and varying levels of information availability. The proposed AI-powered framework 

demonstrated stronger performance because it was designed to address these operational 

complexities through adaptive information processing and multi-source integration. 

The findings of this research provide a foundation for further development of intelligent 

maritime surveillance systems. Future studies should investigate the implementation of real-time 

AI processing capabilities, edge computing architectures, and autonomous decision-support 

mechanisms to enhance system responsiveness in operational environments. Continuous 

improvement of artificial intelligence models through larger and more diverse maritime datasets 

will also be necessary to increase adaptability across different geographical and operational 

conditions. 

Future research should also explore the integration of additional maritime information 

sources, including satellite imagery, underwater sensors, weather data, and cyber intelligence 

systems. The combination of broader information domains may improve predictive capabilities 

and enable more comprehensive maritime threat assessment. Such integration would support the 

development of next-generation maritime surveillance systems with enhanced analytical 

capabilities. 

The implementation of AI-powered surveillance systems requires attention to operational, 

ethical, and technological considerations. Issues related to data security, system reliability, 

interoperability, and human-machine collaboration should be addressed to ensure effective 

deployment within naval environments. The role of human operators remains essential in 

validating AI-generated information and making strategic decisions based on operational 

contexts. 
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The next stage of development should focus on transforming the proposed framework from 

a research prototype into an operationally deployable system (Demetriou et al., 2025). 

Collaboration among defense institutions, technology developers, and research organizations 

will be important for conducting further testing and refinement. The advancement of AI-

integrated maritime surveillance represents a strategic opportunity to strengthen maritime 

domain awareness and support more effective naval operations in the future. 

 

CONCLUSION 

The most significant finding of this research is the development and validation of an AI-

powered integrated maritime surveillance framework that combines shore-based radar, AIS, and 

UAV computer vision for automated vessel tracking within the operational context of Koarmada 

I. The distinctive contribution of the study lies in demonstrating that heterogeneous maritime 

data sources can be effectively integrated through artificial intelligence to overcome the 

limitations of individual surveillance technologies. The research findings indicate that the 

combination of spatial detection from radar, identification information from AIS, and visual 

confirmation from UAV computer vision produces a more accurate, reliable, and comprehensive 

vessel tracking capability. This integrated approach provides improved maritime situational 

awareness by reducing information gaps, increasing detection consistency, and supporting 

automated identification of both cooperative and non-cooperative vessels in complex maritime 

environments. 

The scientific contribution of this research is reflected in both conceptual and 

methodological aspects. Conceptually, the study introduces an integrated maritime surveillance 

perspective that positions artificial intelligence as a coordination mechanism for transforming 

fragmented sensor information into unified operational intelligence. Methodologically, the 

research contributes a multi-sensor fusion approach that combines radar data processing, AIS-

based vessel information analysis, and UAV-based computer vision within a single automated 

tracking framework. The proposed model expands existing maritime surveillance research, 

which has predominantly focused on individual technologies, by providing an integrated 

approach suitable for naval operational environments. The framework developed in this study 

offers practical value for improving maritime domain awareness, optimizing surveillance 

resource utilization, and supporting data-driven decision-making processes in defense 

information systems. 

The limitations of this research provide important directions for future investigation. The study 

was conducted within a specific operational context of Koarmada I, meaning that the proposed 

framework requires further validation across different maritime regions, environmental 

conditions, and operational scenarios. The availability and quality of maritime datasets, 

variations in weather conditions, communication constraints, and computational requirements 

may influence system performance during broader implementation. Future research should focus 

on developing real-time processing capabilities, integrating additional data sources such as 

satellite imagery and environmental information, improving AI model adaptability through 

larger datasets, and conducting long-term operational evaluations. Further studies may also 

examine human–AI collaboration mechanisms to ensure that automated surveillance systems 

effectively support naval personnel in complex maritime decision-making environments. 
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