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Abstract

:

Data are becoming the most important factor in the development of the socio-economy, and data can be reevaluated as the owner’s valuable asset, which can increase the owner’s value. Therefore, each company is fiercely competing to secure data. Even in the marine field, maritime data are being produced exponentially, but it is difficult to expect more value creation because data are only stored rather than being used. This study used the analytic hierarchy process (AHP) methodology to select a suitable valuation model necessary to discover new values for maritime data. As a result of AHP analysis of 33 experts based on the stratified factors extracted from previous studies and expert opinions, the market approach (A2) was found to be the most suitable model. In addition, the most important factors to consider when selecting a valuation model were in the order of the characteristics of the maritime data (M1), the features of the maritime data market (M2), and the features of the maritime data valuation model (M3). The potential impact of this implementation could contribute to the establishment of an intelligent technology market by estimating the value of data and developing a platform for maritime data trading, allowing for more efficient data sharing and utilization by maritime autonomous surface ships (MASSs).
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1. Introduction


1.1. Background


With the dissemination of new technologies and various digital devices based on the Fourth Industrial Revolution, the production of related data is expected to exponentially increase by more than 90-times, from approximately 2 zettabytes in 2010 to 181 zettabytes by 2025 [1]. In the maritime industry, the shipbuilding and shipping markets are expected to expand from the traditional technology market, which includes ship management, communication, security, and eco-friendly propulsion systems based on maritime domain data, to the service market, which includes port cargo handling and smart logistics systems, owing to the development of maritime autonomous surface ship (MASS) technology. Therefore, in the future, the data used in the maritime domain are expected to be recognized as tangible values similar to the value of petroleum in the 21st century [2]. Particularly, maritime data produced via the operation of ships have the characteristics of big data and are essential for the commercial operation of autonomous ships. The data from autonomous ships are important resources for the decision-making processes of various stakeholders in the maritime, shipping, and shipbuilding sectors. Thus, they are expected to create considerable economic and environmental ripple effects [3].



Recently, maritime data have been used to evaluate the following key functions in activating autonomous ships and the smart-port industry.



First, maritime data play an important role in creating new industries as the digital transformation of the maritime domain expands. New industries based on the utilization of maritime data include sensors related to maritime data, IT manufacturing industries related to smart devices, low-orbit satellites for maritime data transmission, communication industries including LTE-M, cloud storage for accumulating maritime data, and cybersecurity.



Second, maritime data enable decision making based on scientific and objective data (eliminates intuition and promotes better decision making) by supporting smart decision making through big-data-based prediction algorithms. This is then applied to difficulties in shipping management owing to unpredictable internal and external variables. For example, the Maritime and Port Authority (MPA) of Singapore signed a memorandum of understanding with IBM, i.e., the MPA-IBM Project SAFER, to obtain sense-making analytics for maritime event recognition [4]. This project aimed to develop a platform that could predict vessel arrival times and estimate traffic congestion at the port using fusion analytics, thereby improving productivity and marine safety. The data assist in predicting equipment failures well in advance and keeping their machinery updated. The Hamburg Port in Germany uses a cloud-based analytics tool called Smart Port Logistics, which helps regulate vessel operations on a mobile application with real-time data [5].



Therefore, the competitiveness of a company depends on the ownership of data in the maritime domain as well as in general industries [6], and such data need to be re-evaluated as important corporate assets [7].



In the Republic of Korea, it is important to investigate the perceptions people have on maritime data, which are the core of the digital transformation of the maritime domain. Therefore, this study conducted interviews and surveys with experts in the field. It was determined that large amounts of data are created and accumulated in the maritime sector. However, there are reservations about additionally creating added value and the cost to be incurred in the future due to continued data accumulation.



While it is still unclear whether shipping companies recognize and determine maritime data as assets in financial accounting, it can be said that shipping companies have not attempted to accurately evaluate maritime data actively accumulated for digital transformation [8]. As indicated by Muschalle et al., there are insufficient valuation models in the shipping market because most shipping companies remain at a management level, where the vast amount of maritime data they produce is simply accumulated [9]. Therefore, in the future, active corporate strategies are required to reflect maritime data in the values of shipping companies as assets by recognizing the importance of utilizing maritime data and evaluating the data as profit assets instead of liabilities or costs [10].



Markets, market prices, and market players are required to trade tangible and intangible commodities. Therefore, similar organizations and groups are also required to trade maritime data. If maritime data are commercialized, and a stable connection is formed between consumers and suppliers by calculating the price according to a standard unit, a trading system for maritime data can be established. A key question for maritime data trading is related to assessing the appropriate value of maritime data. Therefore, it is necessary for academia to preemptively prepare theories and grounds to support valuation [11].




1.2. Aim of the Study


Maritime data essential for the commercial operation of autonomous ships are recognized as financial resources that can improve the efficiency of shipping companies, and they have already been traded as commodities at VesselsValue, Clarkson Research, IHS Markit, and Baltic Exchange within a limited range, according to the market economy system. Because maritime data are traded in the market as commodities, they can be considered assets of shipping companies. In particular, maritime data can be evaluated as intangible assets when used for research and development, capital investment, and management decision making. It is necessary to measure the value of data to improve corporate value. In fact, many global companies recognize various data as intangible assets, such as patents and business rights, and reflect these in accounting [12]. For example, AT&T, which is a telecommunications company in the United States, already included data assets of USD 2.7b in its account book in 2011, and approximately 20% of European countries evaluate data as corporate assets [13]. There is a lack of recognition of the value of corporate data assets in financial statements and insufficient efforts to measure the value of such data in South Korea. This is particularly relevant in the shipping industry, where there is a large amount of maritime data generated, such as sea conditions, port operation, and navigational traffic information. Despite the potential benefits of utilizing maritime data for safe and economical ship operation, fundraising, and enhancing the competitiveness of freight services, there is a lack of standardized platforms for the collection, storage, analysis, management, processing, and sale of such data for shipping companies. This presents an opportunity for innovation and investment in developing infrastructure and tools for effectively utilizing such data, which could create new opportunities for businesses and increase competitiveness in the industry.



In particular, no research has been conducted on objective valuation models, making it difficult to create additional values using data. Therefore, the value of this research is that methodologies were examined to assess the value of the data produced in the maritime domain using previous studies and selected the optimal valuation model using the AHP analysis. The main result is that the market approach (A2) is the optimal maritime data valuation model; there is no previous research regarding this issue. The market approach will enable the development of a platform for data trading and contribute to the completion of a maritime–data–economy virtuous cycle.



Therefore, this study was conducted based on the research process shown in Figure 1 to review previous studies on data valuation models and identify the optimal valuation model for businesses by considering the characteristics of maritime data. We also utilized the analytic hierarchy process (AHP) analysis method to identify crucial factors and establish priorities in the selection process for measuring the value of maritime data assets. Consequently, this study presents the factors that influence the asset valuation model with a view to preparing for the era of AI-driven shipping.



The remainder of this study is organized as follows. Section 2 presents a literature review of maritime data and the data valuation model. In Section 3 and Section 4, AHP is used to analyze the important factors in selecting priorities to identify the optimal valuation model to assess the value of maritime data. Section 5 provides concluding comments and insights for future research.





2. Literature Review


This section examines definitions and provides a literature review, involved in determining a valuation model for maritime data using the AHP method. The value of maritime data is strongly associated with the quality and accessibility, and it is important to maintain transparency and objectivity to ensure quality. Trading must be activated based on supply and demand, and stakeholders in the shipping industry prefer to secure sufficient information in terms of both quality and quantity of data.



2.1. Definition of Maritime Data


The United Nations Conference on Trade and Development (UNCTAD) definition of data covers all aspects of human life. Specifically, it defines human life as events, such as products and actions, coded through digitalization, that is, machine-readable information [14]. Simply put, maritime data comprise information on ships and other maritime vessels, particularly their movements around the globe [15]. From this perspective, maritime data can be defined as all data produced independently or through interactions with third parties and other objects during ship operations [16] and are different from big data.



For many companies, there are research cases related to data trading and data valuation, especially in the fields of public services [17], mobility [18], marketing [19], and healthcare [20]. Various research cases have been applied in these industries. However, the form, processing level, time point, quantity, and type of required data differ depending on the characteristics of each industry [21]. From the perspective of application to the commercial operation of autonomous ships, the value of maritime data will also be assessed differently, depending on the demand level of the participants in the shipping and maritime industries and related markets. Therefore, based on the maritime data defined in this study, the conceptual structure of maritime data trading, including production and purchasing, is shown in Figure 2 below.




2.2. Literature Review


This study aims to identify the most important factors involved in determining a valuation model for maritime data. Therefore, the AHP analysis method was used to derive priorities via pairwise comparisons between the elements that constitute the hierarchical structure of decision making. This study selected the AHP method because it can obtain the weight and importance of competing factors, which could be challenging to analyze quantitatively. In addition, recent studies analyzed the asset data value and established the evaluation index system using the AHP method.



In recent years, research has been actively conducted on information utilization and data collection because the importance of data utilization has increased across industries. In particular, Liang et al. [22] presented data as a type of commodity in a digital market, where both the data owners and consumers are able to connect and share the utility of data. Reed [23] explained that there is a growing tendency to assess the value of data as intangible assets using several cases. Hu et al. [7] showed that a data trading system evaluates data quality based on the evaluation results of the data users’ application revenue to the data provider, according to the evaluated data quality. Muschalle et al. [9] observed that vendors move the functionality of data warehouses to digital platforms that provide services for integrating and analyzing data from commercial data sources.



In a previous study on big data, Mihet and Philippon [12] analyzed the expansion of big data and artificial intelligence technologies. They argued that these technologies are likely to affect the matching between firms and consumers. Regarding data platforms, Birch et al. [24] showed that Big Tech firms turn users and user engagements into assets through performative measurement, control, and valuation, instead of extending data ownership. In addition, Kim et al. [25] promoted the growth of a technology-transfer-based company and ran various technology-based financial support activities. They also proposed a new form of artificial intelligence, a deep learning-based data platform that enables technology holders to estimate the economic value of their own data.



The Organization for Economic Co-operation and Development (OECD) [26] explained that data portability could empower users to perform a more active role in the reuse of their data across digital platforms. They also examined how data portability can help increase interoperability and enhance competition and innovation by reducing switching costs and lock-in effects. Reed [23] explained why many companies exhibit growing trends toward the valuation of intangible assets between customers and prospect data, which is the engine of commercial relationships.



Langley [27] argued that digitization leads to efficient business models that revolve around adapting the value proposition to the insights gained from the continual analysis of data, thereby shifting the emphasis of product service systems towards the service end of the spectrum. Koltay [28] focused on the characteristics of collecting data quality and aimed to cover the most important aspects of addressing data quality, which would be unimaginable without considering big data.



While many studies have covered data trading in the maritime domain, this field has not developed value assessment and management, commercial utilization, policy, and regulation. It lacks basic research to determine the maritime industry’s optimal commercial asset valuation method. Thus, this study identifies a methodology for evaluating data produced in the maritime industries as an asset and selects and presents an optimal valuation model based on an expert group via AHP analysis. In the future era of the intelligent technology industry, such as active autonomous ships in the maritime market, accumulating and valuing data will be a more critical issue. This study on the valuation model of maritime data is expected to provide a clue to promoting the commercialization of autonomous ships.




2.3. Data Valuation Model


According to the 2019 OECD Digital Economy Papers [29], it is reasonable to view data as intangible assets based on the definition of intangible assets by the International Accounting Standard [24]. For a model to assess the value of intangible assets, it is necessary to consider legal rights and relationships, such as attributes, ownership, and intellectual property rights, depending on the purpose and use of the assets, and to assess value according to market principles.



The OECD proposed a market trading-based valuation method and a survey-based willingness-to-pay method for personal information [26]. In addition, the 2019 Data Sharing Handbook provided by the Singapore banking association proposed a market, cost, and income approach [30]. Slotin also suggested benefit monetization and impact-based approaches [31]. Among these methods, the methods proposed in [30] were selected for this study because maritime data, which are the target of this study, are related to the operation of ships, and the demand for these data is also limited to industries with specific interests. Based on these methods, the data valuation methods identified in previous studies were examined, and the AHP analysis method was used to derive the most suitable model for maritime data valuation.



First, the cost approach determines the value of the data by calculating the value of the cost invested in developing the asset of the assessment target. Alternatively, the approach estimates the cost required to develop a technology with the same economic profit or purchase a technology with the same value. For data asset valuation using this approach, the costs of duplicate or unused data are excluded. Accounting standards, such as direct and indirect costs, are applied to the remaining costs. These costs are classified into the user/producer connection and brokerage cost, data platform operation cost, device or sensor purchase and connection cost, data purchase/integration/processing cost, data transmission/security cost, and data collection/recording cost, depending on the data process steps, such as the collection, storage, processing, and utilization of data.



Second, the market approach determines the value of data via its price in the market or surveys and research by experts. In general, the market value is determined through an agreement between users and sellers, and the data trading cost is paid with cash, goods, or services. In the data market, the determined value can be considered as the price of data trading instead of a value. Because there are few data marketplaces, the auction method is applied, or a method for experimenting/investigating the willingness of a consumer to download or subscribe to trade data is used. The market approach is suitable for companies that directly collect, process, sell, and distribute data. When there is no trading case in the market, the Relief-from-Royalty method can be used [22].



Third, the income (benefit) approach assesses the current value by applying a discount rate to the monetary sales (profit) that are expected to occur within the economic life of data assets in a company. Additionally, this method assesses the value of all the data assets of a company [25]. The income approach is known to overestimate the asset value compared to the cost and market approaches.




2.4. Factors for Maritime Data Valuation


According to a report from UNCTAD, data differ from general goods or services in terms of value, and it is necessary to understand their intrinsic characteristics [14]. In fact, data have unlimited characteristics that can be used by anyone because they are intangible, non-rival, and do not deplete over time (except by becoming out of date or lost), owing to their multidimensional nature. However, their value or characteristics may vary depending on accessibility. Such accessibility may limit the value of data because the data may be limited by technical and legal measures. In addition, data classification from various perspectives is required, owing to the various forms and types of data that are available according to the needs of the market [30].



According to the Infocomm Media Development Authority (IMDA) and the Personal Data Protection Commission (PDPC), the key value drivers of data include completeness, consistency, accuracy, timeliness, exclusivity, usage restriction, liability and risks, interoperability, and accessibility [29]. Raw data can have value owing to these key value drivers. Because monetization is performed while data are processed according to the needs of the market, the value of the processing should also be considered.



In addition, the value of maritime data is strongly associated with their quality, which requires considerable objectivity. These characteristics significantly affect the usability of data. Therefore, it is important to maintain the transparency and objectivity of the data to ensure quality [27,32].



Trading must be activated in terms of supply and demand for the formation and activation of the maritime data market. Specifically, consumers will be willing to purchase maritime data based on motives, such as new product/service development, optimal investment, and operational efficiency improvement. However, suppliers will supply maritime data to the market based on motives, such as profit creation, cost reduction, and social contribution [30]. If there are sufficient market players with such motives, the market can be stably maintained. Moreover, stakeholders in the shipping industry make decisions based on a variety of data, and they prefer to secure sufficient information in terms of both the quality and quantity of data [33]. Therefore, the quality of data is important, but varied and quantitatively sufficient data need to be available.



The factors considered for the valuation of maritime data analyzed in Section 2.2, Section 2.3 and Section 2.4 were derived and classified according to their characteristics, as shown in Table 1. In this study, the factors extracted from previous studies were verified with expert advice. These experts consisted of government officials, industry experts, and academic experts, and they verified the extracted factors and helped stratify these factors. As mentioned in the previous section and literature review, three hierarchies are identified as important factors: the characteristics of maritime data, features of the maritime data market, and features of maritime data valuation. In addition, three alternatives that are applicable to maritime data valuation are presented: the cost approach, market income, and income approach.





3. Theory and Method


The section describes the AHP (analytic hierarchy process) methodology that is used to select the optimal maritime data valuation model. AHP is a Multi-Criteria Decision-Making (MCDM) method used to choose the best alternative by considering multiple factors [36]. This methodology is considered to be the most appropriate research method to address this problem, as it provides a reasonable judgment on multiple criteria based on expert judgment, without the need to set the weights of factors. The AHP method, developed by Professor Thomas Saaty of the University of Pennsylvania in the early 1970s, is a decision-making methodology for capturing the knowledge, experience, and intuition of the assessor through judgment using the pairwise comparison [37]. The AHP provides a structured approach to decision making, which helps decision makers to identify the most important criteria and alternatives. It has flexibility that can handle both quantitative and qualitative criteria. This allows decision makers to consider a wide range of factors when making decisions. The AHP ensures consistency in decision making by allowing decision makers to compare criteria and alternatives against each other. This helps to eliminate inconsistencies and biases in the decision-making process. In addition, the AHP provides a transparent decision-making process by allowing decision makers to explain their choices and rationale. This helps to build trust among stakeholders and ensures that decisions are made based on objective criteria. The AHP is a user-friendly method that is easy to understand and use. This makes it accessible to a wide range of decision makers, even those without specialized knowledge or training in decision science [38,39]. The AHP is widely used in various fields, including environment [40,41], finance [42], healthcare [43], and engineering [44,45]. The AHP is a powerful method that can help decision makers to solve complex problems by breaking them down into smaller components, prioritizing the criteria, and selecting the best alternative.



3.1. Theory


This study focuses on the selection of models to evaluate maritime data. Therefore, it is necessary to select the optimal valuation model by comprehensively considering the characteristics of maritime data, the features of the maritime data market, and the features of the maritime data valuation model, which have been addressed in previous studies. In this study, AHP is used among the MCDM methods to select the optimal alternative considering multiple factors. The AHP analysis applied in this study is a representative decision-making method that uses the MCDM as a scientific methodology. It is necessary to compare factors in the same hierarchy in pairs and express the degree of preference. In addition, the factors to be compared must be homogeneous to derive a result based on a predetermined scale within a limited range [32]. Figure 3 illustrates the AHP procedure.



First, the problem is defined. This process clarifies the final decision and factors that need to be considered to achieve the final goal. This process is performed using systematic literature research, brainstorming, and the Delphi method.



Second, hierarchical models are created for decision making. Homogeneous sets are clustered and stratified for each factor. The purpose of problem solving is presented at the top of the stratification, with multiple criteria for selecting alternatives in the middle and alternatives at the bottom. This process is the most important step in the AHP methodology, and the decision-making problem acts as an interrelated determinant for the analyst [46]. Although constructing hierarchies is the first and most important step of AHP, a theoretical structure for stratifying the decision-making problem is constructed by selecting hierarchies and factors, defining concepts, and establishing questions.



Third, factors at the same level in the hierarchical structure are compared in pairs using a nine-point scale in the form of matrix A. Here, the main diagonal elements are 1, and for the off-diagonal elements     a   j i   =   1     a   i j     ,   ∀ i , j = 1 , 2 , ⋯ , n  , where i and j denote the hierarchical factors at the same level, and the element aij is the value on a nine-point scale, indicating a preference that the i-th factor is better than the j-th factor.


  A = [   a   i j   ] =        a   11       a   12     ⋯     a   1 n         a   21       a   22     ⋯     a   2 n       ⋮   ⋮   ⋯   ⋮       a   n 1       a   n 2     ⋯     a   n n         



(1)







In this study, pairwise comparisons are performed using a nine-point scale based on the result that “humans can compare 7 ± 2 objects simultaneously without confusion” from Miller’s psychological experiment conducted in 1956 [47]. Various methods may be used to obtain measurements with a nine-point scale, including linear, square, square-root, geometric, and inverse linear values. Decision makers may use various methods for each problem; however, linear values according to the “Saaty scale” are the most preferred, as shown in Table 2 [48]. For example, if     a   13   = 7  , this value indicates that a respondent thinks the first factor is more important than the third factor in the same hierarchy.



Fourth, logical consistency is examined for each response to the AHP questionnaire. To verify the response reliability, the consistency index (CI, shown in Equation (2)) and consistency ratio (CR), which is a measure of how consistent the pairwise comparisons made by AHP questionnaire respondents are, are obtained. If the CR is less than 0.1, the pairwise comparison is judged to have reasonable consistency. The λ is the eigenvalue of the pairwise comparison matrix. From the   n × n   matrix, n values of λ can be obtained. In AHP, the max value of λ (    λ   m a x    ) among them is selected and is used to determine the degree of consistency in pairwise comparisons. CR can be measured from the CI and random index (RI), as shown in Equation (3) below [49]. In addition, as shown in Table 3, RI is calculated by averaging the CI of the matrix. The inverse matrix is created by randomly setting the numbers from 1 to 9. For this matrix, the CI is referred to as the average random index. In general, if the CR value is 0.1 or less, the response is considered to be logically consistent [50].


  Consistency   index   ( CI ) =   (   λ   m a x   − n )   n − 1    



(2)






  Consistency   ratio   ( CR ) =   C I   R I   × 100 %  



(3)







Table 3 shows the RI when n changes from 1 to 10. As a rule of thumb, if the CR obtained in Equation (3) is within 10%, the pairwise comparison matrix is corrected for consistency.



Fifth, the relative weights of the factors are calculated hierarchically. To estimate the weight vector     u  →    in matrix   A  , the determinant    ∣ A − λ I   ∣  = 0   is calculated from the   A   u  →  = λ   u  →    relationship. The maximum eigenvalue (    λ   m a x    ) of matrix A is found, and the elements of its corresponding eigenvector are used as the weights, which indicate the importance of the criterion. In this instance,     u  →    is referred to as the principal eigenvector of matrix   A   and is expressed as in Equation (4). The comprehensive rankings of multiple alternatives are derived using this weight     u  →   .


  A   u  →  =   λ   m a x     u  →   



(4)







Based on the five structured procedures mentioned above, this study selected the AHP as the core methodology in this study. It is necessary to consider various factors when choosing a maritime data valuation model, determine priorities among various factors considering their importance, and present a conclusion as an alternative based on the final calculated value. Thus, the weights of determinants through the AHP method can be provided, and reasonable judgment on multiple criteria is possible. Therefore, this study considered the AHP model to be the most appropriate research method to address this problem because the weights and priorities of multiple criteria are quantitatively derived automatically if pairwise comparisons between factors are performed in a sequence based on expert judgment, without the need to set the weights of the determinants using guesswork or some other more subjective means [51].




3.2. Data Collection and Method


When preparing the AHP questionnaire for the selection of a maritime data valuation model, in-depth interviews were conducted with the personnel in charge and experts in the fields of information, data, IT, and education in the maritime domain. Additionally, related international cases and studies were examined. The survey was conducted from January to February 2022 through visits and e-mail correspondence with experts and personnel in charge with a high understanding of maritime data based on sufficient experience in related industries, such as the shipping and shipbuilding industries, software industry, academia and research institutes, and marine public agencies. Among the 40 distributed questionnaires, 35 were recovered and analyzed using Expert Choice 2000 and Microsoft Excel™. Then, 33 valid questionnaires, excluding 2 that had a low CR value, were analyzed through pairwise comparisons. Figure 4 shows the demographic characteristics of the AHP survey respondents. In the case of AHP research, low amounts of survey response data are not required for analysis, and analysis can be applied even in the presence of only one response [52]. Considering this, the 33 questionnaire responses used in this study are large in number compared to the responses used in other studies. In addition, the responses can be considered reliable because the survey was conducted with experts in each field [53].




3.3. AHP Research Model


To design the AHP model, three main criteria, namely, the characteristics of maritime data, features of the maritime data market, and features of the maritime data valuation model, were constructed, and three sub-criteria were constructed for each main criterion. Consequently, a research model was designed with three main criteria and nine sub-criteria, as shown in Figure 5.





4. Empirical Analysis


This section describes the AHP method to prioritize criteria for selecting a maritime data valuation model. The results show that the cost of data was the most important factor, followed by accessibility to data and maturity of the data market. The market approach was found to be the most appropriate model based on the analysis.



4.1. Main Criteria


The priorities from the AHP method were derived from selecting a maritime data valuation model. The characteristics of maritime data (M1) exhibited the highest importance (0.447), which was followed by the features of the maritime data market (M2) (0.338), and features of the maritime data valuation model (M3) (0.215), among the main criteria, as shown in Figure 6.




4.2. Sub-Criteria


Figure 7 shows the importance level of the sub-criteria of the characteristics of maritime data (M1), which exhibited the highest importance among the main criteria. The cost of data (C1) had the highest importance, with a value of 0.429, followed by the accessibility to data (C2) with 0.300 and the diversity of data (C3) with 0.271. This indicates that the cost factor is the most important criterion in the characteristics of maritime data to consider when selecting a maritime data valuation model.



Figure 8 shows the importance level of the sub-criteria of the maritime data market (M2), which is the second factor in the main criteria. The maturity of the data market (D3) exhibited the highest importance, with a value of 0.376, which was followed by the diversity of data market players (D1), with a value of 0.313, and the transparency of the data market (D2), with a value of 0.311. Thus, the maturity of the data market is the most important feature of the maritime data market when selecting a valuation model.



Figure 9 shows the importance level of the sub-criteria of the maritime data valuation model (M2), which is the last factor in the main criteria. The objective of the data (E1) was the most important, with a value of 0.529, followed by the stability of the valuation model (E3), with a value of 0.324, and the universality of the valuation model (E2), with a value of 0.147.



Based on the AHP survey analysis results, the relative importance of each factor by the hierarchy is summarized in Table 4. Among the main criteria, the most important factors in selecting a maritime data valuation model are the characteristics of maritime data (M1), followed by the features of the maritime data market (M2) and the features of the maritime data valuation model (M3). This indicates that the characteristics of the data and the features of the market are considered more important than the features of the model when selecting a maritime data valuation model. Considering the weights of the sub-criteria, the cost of data (C1) ranked first in terms of importance, followed by accessibility (C2) and maturity of the data market (D3).




4.3. Selection of Alternative


Figure 10, Figure 11 and Figure 12 show the results of evaluating the priorities for the three alternatives based on the factors of the sub-criteria from C1 to E3. The market approach (A2) is the highest priority for each sub-criteria, such as the costs for data (C1), the accessibility to data (C2), and the diversity of data (C3), as shown in Figure 10. With similar results, the market approach (A2) was evaluated as the highest-priority alternative in the diversity of data market players (D1), the transparency of the data market (D2), and the maturity of the data market (D3), as shown in Figure 11. Similarly, in the objectivity of data (E1), the universality of the valuation model (E2), and the stability of the valuation model (E3), the market approach was evaluated as the highest alternative, as shown in Figure 12. The market approach indicated values 2- to 3-times higher than the cost and income approaches.



The importance scores of each alternative were comprehensively calculated for each factor of the main criteria and sub-criteria, and the optimal alternative was selected, as shown in Table 5. Based on the AHP analysis results, the market approach (A2) was selected as the most appropriate maritime data valuation model. The market approach was selected as a model suitable for evaluating the value of maritime data. Demand for maritime data is initially expected to occur for public purposes. They are expected to be used as data to support the government’s marine safety and environmental policy, and, academically, the government and research institutes can conduct R&D policy for MASS based on maritime data; commercially, maritime data are expected to be required to improve accident rates and for use as evidence of various accidents based on data on ship safety from new product development in the insurance field. Therefore, in order to promote supply, valuation based on market demand is considered appropriate, and based on this, it is believed that various new derivative industries such as the establishment of a maritime data exchange can be fostered by expanding to platform transactions.





5. Conclusions


The importance of data is recognized in various domains of our society, and there are high expectations for the added value that can be created using data. However, research on the value of data is insufficient compared with the recognition of the importance of data. In particular, no such research has been conducted in the maritime domain. According to a survey by the Korea Ocean Business Corporation, the amount of data collected by shipping companies in South Korea is increasing by 40% annually. Vast amounts of various maritime data remain with companies as liabilities because of maintenance costs; therefore, active efforts are required to assess the value of data using valuation methods and recognize the data as assets of companies.



In this study, the optimal model for the valuation of maritime data was selected by considering the valuation factors identified in previous studies to quantify the importance of maritime data in terms of value, including keeping pace with the growth of autonomous ships. Under the AHP survey, the opinions of academic researchers and field experts in the maritime domain were collected and analyzed.



In the analysis of AHP, the market approach (A2) was selected as the most suitable valuation model to assess the value of maritime data. The main factors of the model selection were identified, and it was observed that priority must be given to the characteristics of maritime data (M1) over the features of the maritime data market (M2) and the features of the maritime data valuation model (M3). That is, the diversity (C3), accessibility (C2), and cost (C1) of the data are the most important factors that must be considered for data valuation.



Among the data valuation models, the most important factor of the cost approach (A1) is the cost (C1) invested in platform construction for the collection, storage, processing, and sale of data, and the value calculated based on the cost is recognized as the minimum data value. In the case of the income approach (A3), the added value that can be created with data is better reflected. Thus, the calculated value is considered the maximum data value. The market approach (A2) is based on the data value that is currently traded in the market. Thus, the calculated value is estimated to be between the maximum and minimum data values. Therefore, the market approach (A2) was selected as the optimal maritime data valuation model in this study because it can be considered to be the most reasonable method for estimating the value of data.



The demand for ocean and ship data can vary depending on the commercial services utilizing the data, but the scalability is limitless. For example, by collecting and analyzing ship navigation data, services can be developed to optimize ship routes, speed, and fuel consumption. This can reduce shipping costs and environmental impacts. Furthermore, by analyzing data collected from various sensors on ships, services can be developed to monitor the ship’s condition in real time and provide predictive maintenance. This can increase the ship’s safety and lifespan. Additionally, by analyzing ocean data collected through various sensors installed on ships, services for monitoring the marine environment can be provided. This can detect changes in the marine environment and be used to inform government or corporate policy making and decision making. In addition, ship safety can be evaluated by using ship operation and sensor data to develop ship insurance services. This can allow insurance companies to more accurately assess the risks associated with ship operation and ship operators to focus on improving safety. In particular, data collected through ship data trading can be useful for developing autonomous ships, which are vessels that can navigate and operate on their own using technologies such as AI and robotics. This requires ship operation data from various environments. As such, there is a demand for maritime data, and a value assessment is necessary for trading. Currently, there is no research on how to estimate the value of maritime data. Although some maritime data are being traded, the price is mainly determined through individual negotiations for each dataset.



In this study, the AHP methodology was used to assess the value of maritime data. To this end, expert opinions were collected, and the AHP methodology was used to select an evaluation model for maritime data for the future AI-embedded autonomous ships. This study found that the market approach (A2) is the optimal model for evaluating maritime data using the AHP method. This research is the first of its kind to explore the identification and assessment of the value of maritime data. The key findings have the potential to facilitate the development of data trading platforms and play a significant role in completing the maritime data economy cycle in preparation for the era of autonomous shipping. This advancement is timely, aligning perfectly with the preparatory phase for the era of autonomous shipping while steadfastly upholding the principles of environmental stewardship and a sustainable maritime industry. The biggest limitation of this study is that, since it is currently in the conceptualization stage, it can only be used as evidence for specific implementation plans. The value of maritime data can be evaluated through the market approach presented in this study, which is meaningful in that it provides consumers with an opportunity to improve the quality of services or capture new businesses as it becomes a form of new profit for suppliers, but the biggest limitation is that there are no ideas and specific measures to create and participate in and revitalize the trading market. In order to properly utilize the market value method, it is most important to match consumers and suppliers so that active transactions take place. Therefore, it is necessary to supplement this study by thoroughly conducting market research on the supply and demand of maritime data. In addition, due to the rapidly evolving development of technology, there is a possibility that there are unknown factors in data valuation at the present stage, so it is necessary to continuously observe, research, and develop them. Consequently, it is critical to persistently observe, research, and innovate within this context, ensuring readiness for and adaptability to the future landscape of AI-based maritime operations.
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Figure 1. Research process. 
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Figure 2. Conceptual structure of maritime data trading for autonomous ships. 
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Figure 3. AHP research procedure. 
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Figure 4. Area of profession (left) and career period of respondents (right). 
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Figure 5. AHP survey design. 
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Figure 6. Priority of goal: maritime data valuation model selection (CR:   0.000   〈 0.1  ). 
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Figure 7. Priority of M1: characteristics of maritime data (CR:   0.000   〈 0.1  ). 
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Figure 8. Priority of M2: features of maritime data market (CR:   0.003   〈 0.1  ). 
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Figure 9. Priority of M3: features of maritime data valuation model (CR:   0.002   〈 0.1  ). 
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Figure 10. Sub-criteria (C1–C3) priority of alternatives. 
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Figure 11. Sub-criteria (D1–D3) priority of alternatives. 
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Figure 12. Sub-criteria (E1–E3) priority of alternatives. 
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Table 1. Criteria and description of valuation factors.
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Criteria

	
Description

	
Sources




	
Main

	
Sub






	
M1: Characteristics of Maritime Data

	
C1: Cost of Data

	
Construction and maintenance cost of maritime data

	
Coyle et al. (2020) [3],

PWC (2019) [11]

Langley (2022) [27]




	
C2: Accessibility to Data

	
Disclosure and security characteristics of maritime data

	
UNCTAD (2021) [14]

Coyle et al. (2020) [3]

PWC (2019) [11]

Langley (2022) [27]

OECD (2019) [29]




	
C3: Diversity of Data

	
Types and utilization diversity of maritime data

	
UNCTAD (2021) [14]

Coyle et al. (2020) [3]

PWC (2019) [11]

Langley (2022) [27]

IMDA and PDPC (2019) [30]

MTS market (2021) [33]




	
M2: Features of Maritime Data Market

	
D1: Diversity of Data Market Player

	
Diversity of demand for maritime data

	
PWC (2019) [11]

IMDA and PDPC (2019) [30]

MTS market (2021) [33]




	
D2: Transparency of Data Market

	
Transparency of maritime data market

	
PWC (2019) [11]

Morey et al. (2015) [34]




	
D3: Maturity of Data Market

	
Activation and maturity of maritime data market

	
PWC (2019) [11]




	
M3: Features of Maritime Data Valuation Model

	
E1: Objectivity of Data

	
Objectivity of data required by the model

	
PWC (2019) [11]

Mawer (2015) [35]




	
E2: Universality of Valuation Model

	
Universal availability at a level that allows the model to be used by market players

	
PWC (2019) [11]




	
E3: Stability of Valuation Model

	
Stability of the values derived from the model

	
PWC (2019) [11]

Koltay (2020) [28]




	
Alternatives

	
A1: Cost Approach

	
Valuation method based on the cost of maritime-data construction

	
PWC (2019) [11]




	
A2: Market Approach

	
Valuation method based on trading cases similar to maritime data trading

	
PWC (2019) [11]




	
A3: Income Approach

	
Valuation method based on expected profit that can be generated using maritime data

	
PWC (2019) [11]

Mawer (2015) [35]

Slotin (2018) [31]











 





Table 2. Scale value by Saaty scale.
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	Score Value
	Meaning





	1
	Equally important



	3
	A little more important



	5
	More important



	7
	Strongly important



	9
	Extremely important



	2, 4, 6, 8
	Intermediate values










 





Table 3. Random consistency index.
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	n
	1
	2
	3
	4
	5
	6
	7
	8
	9
	10





	RI
	0
	0
	0.58
	0.90
	1.12
	1.24
	1.32
	1.41
	1.45
	1.49










 





Table 4. Ranking of main and sub-criteria for valuation model selection.
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Main Criteria

	
Sub-Criteria




	
Main Factors

	
Weight

	
Ranking

	
Sub-Factors

	
Weight

	
Adjusted Weight

	
Ranking






	
M1

	
0.447

	
1

	
C1

	
0.429

	
0.192

	
1




	
C2

	
0.300

	
0.134

	
2




	
C3

	
0.271

	
0.121

	
4




	
M2

	
0.338

	
2

	
D1

	
0.313

	
0.106

	
6




	
D2

	
0.311

	
0.105

	
7




	
D3

	
0.376

	
0.127

	
3




	
M3

	
0.215

	
3

	
E1

	
0.529

	
0.114

	
5




	
E2

	
0.147

	
0.032

	
9




	
E3

	
0.324

	
0.070

	
8











 





Table 5. Ranking of alternatives.
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	Alternatives
	Weight
	Ranking





	A1: Cost Approach
	0.281
	2



	A2: Market Approach
	0.568
	1



	A3: Income Approach
	0.515
	3
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