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Abstract. Resilience-centric Smart, Green, Networked EU Inland Waterways 

(ReNEW) is a Horizons Europe project that aims to address IWT systems' 

dynamicity, heterogeneity, and complexity as well as to develop strategies for 

making IWT systems smarter, greener, more sustainable, and climate-resilient. A 

Digital Twin (DT) is a powerful tool for modelling the complexity and 

interdependencies of complex systems, such as IWT systems. Data in digital 

twins can be represented by knowledge graphs (KG), which efficiently store 

information in a structured way and capture the complexity of the real world. 

Ontology-based knowledge graphs capture all entities within IWT systems 

hierarchically, allowing humans and machines to easily interpret and analyse the 

data. This paper introduces the concept of creating a probabilistic digital twin 

using Bayesian networks to account for uncertainty and forecast how the IWT 

system will respond to predicted and unexpected events. A Bayesian Network is 

a probabilistic graphical representation that combines expert belief alongside 

sensor data to model the relationship between the system’s entities. As the 

evidence changes, the model is updated to provide more accurate results. Risk 

and safety analyses are then performed to assess the reliability of IWT 

infrastructure. 

Keywords: Bayesian Networks, Digital Twins, Inland Waterways Transport, 

Knowledge Graph, Ontology, Resilience, Sustainability, ReNEW. 

1 Introduction  

Climate change has already caused a substantial impact on IWT infrastructure [1], and 

it is anticipated that this trend will continue and worsen [2]. People, businesses, and 

local and regional economies may be negatively affected by disruptions of IWT [3-7]. 

Climate-neutral and climate-resilient solutions must be planned, assessed, and 

implemented for IWT to function effectively [8]. 

https://www.google.com/maps/place/data=!4m2!3m1!1s0x47e678bbf9d7d623:0x3b67888109bd724d?sa=X&ved=1t:8290&ictx=111
https://www.google.com/maps/place/data=!4m2!3m1!1s0x47e678bbf9d7d623:0x3b67888109bd724d?sa=X&ved=1t:8290&ictx=111
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IWT systems can be made more resilient by taking into account the complexity of 

their components and the interdependencies among them. It is becoming increasingly 

evident that digitalization is enabling sustainable transportation solutions, which have 

the potential to enhance resilience and provide economic, environmental, and societal 

benefits. The use of digital twins (DTs) for the modelling of complex systems, such as 

IWT systems, can be extremely useful, especially when predicting their reactions to 

events that are either predicted or unpredicted [10]. Through DTs, processes and 

operations can be optimized in real-time, resulting in better results than standard 

methodologies [11]. A digital twin model can be created using either physics or 

statistics. 

A Bayesian Network (BN) is employed in this paper to generate a probabilistic twin 

to present the interdependencies between the IWT infrastructure components in a 

mathematical manner. The Bayesian network approach is used in DT modelling to 

address uncertainty introduced by unknown or missing data as well as uncertainty 

imposed on the model itself. The BN model has the advantage of being able to be 

updated as new (field) records are made available, resulting in more accurate results 

[12-13]. 

2 Resilience-centric Smart, Green, Networked EU Inland 

Waterways 

2.1 Project introduction 

Resilience-centric Smart, Green, Networked EU Inland Waterways (ReNEW) project, 

which includes 24 participants from 11 countries in the European Union, aims to assist 

inland waterway transportation system in transitioning to a more sustainable and 

climate-resilient sector. As part of the project, previous results will be leveraged, 

collaborations will be formed, and the following outputs will be developed: 

• Decision support framework for IWT resilience and sustainability that 

integrates innovative models of network interdependencies, probabilistic 

risk analysis, and resilience quantification, identifying short- and long-term 

initiatives enhancing resilience. 

• Innovations in infrastructure resilience and sustainability built on autonomy 

and green energy solutions. 

• IWT data space and generic digital twin for primarily sharing infrastructure 

monitoring, transport management, and emergency systems and climate 

solutions. 

• Living Labs addressing specifically inland waterway resilience and 

focusing on integrated IW and hinterland infrastructure. 

 

2.2 Methodology for EU resilient and sustainable IWT infrastructure system 

ReNEW aims at developing the methodological framework for strategy planning for 

resilient and sustainable green IWT infrastructure. In addition, it will develop a toolbox 

of tools and solutions to analyse the interdependencies and safety risks of infrastructure, 
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the reconfiguration of transport services, and the impact of natural and human-caused 

disasters on the ecological environment. Lastly, it will identify a baseline building 

block, model and tool required to guide, monitor, and evaluate Living Labs' (LLs) 

interventions. 

3 Methodology 

IWT systems can be modelled with the help of a Digital Twin (DT) in order to gain a 

more comprehensive understanding of the complexity of those systems and their 

interdependencies. Knowledge graphs can be used to represent data in digital twins as 

they effectively store information in a structured manner and capture the complexity of 

the real world. IWT systems can be interpreted and analysed more easily using 

ontology-based knowledge graphs, which organize all entities within the system 

hierarchically.  

 

3.1 Digital Twin 

Digital twins describes a physical system using a digital model that includes both 

recorded and up-to-date data about the system. The information exchange between the 

physical system and its digital model takes place is automated. A DT has a variety of 

applications such as classification, prediction, optimisation etc. A digital twin can be 

constructed for one or more elements (such as lock chambers), subsystems (such as 

locks), systems (such as an IWT infrastructure), or networks (such as an entire IWT 

network). 

Modelling digital twins can be based on a number of approaches, including physics, 

statistics, or a combination of the two. Statistical techniques such as Bayesian networks 

can be used to graphically model the variables of complex systems and their conditional 

dependencies. The use of Bayesian networks in digital twin modelling offers a good 

way of addressing both the uncertainty introduced by unknown or missing data as well 

as the uncertainty associated with the model itself. 

 

3.2 Ontology 

An ontology is a formal explicit specification of a shared conceptualization of a domain 

of interest [14]. With an ontology we can model a system through a set of 

concepts/things and the properties that are used to describe them. The Ontology is 

completed by defining the underlying relationships between the concepts. An ontology 

together with a set of individual instances of classes constitutes a knowledge base and 

offers services to facilitate interoperability across multiple and heterogeneous systems 

[15]. 

In modelling the IWT ontology, to the author’s knowledge there was no existing 

ontology for IWT systems. Hence, the ontology was conceptualized from scratch. In 

this process we also considered the elements of IWT network resource, and the data 

model presented in the EuRIS portal [16] (as of a bottom-up approach). The EuRIS 

portal provides all waterway and traffic related information of 13 European countries. 
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This data contains the data related to IWT network infrastructures such as waterways, 

terminals, bridges, and locks. 

Each of these entities, composed of a set of properties, for example a fairway section 

as an entity, has properties such as waterway-name (to which waterway it belongs), 

fairway reference code, fairway sequence number, coordinate as a line string (a set of 

coordinates that present the whole fairway section, its length, width and depth).  

Based on these elements, our IWT network ontology contains 124 classes, 42 

relations and 143 attributes. We used the Protégé application [17] for the 

conceptualization of this ontology. An overview of the ontology for the infrastructure 

is shown in Fig. 1.  

An ontology provides the foundation for formal semantics in a knowledge graph. It 

is possible to think of them as the data schema of the KG. In essence, they serve as the 

common language for KG creators and users to communicate the meaning of the data 

contained within. 
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Fig. 1. IWT Ontology: Infrastructure overview. 

3.3 Knowledge Graphs 

Knowledge graphs (KGs) are graphical representations of knowledge in the real world 

[18]. In a KG, the data is depicted as nodes or vertices. The relationships between data 

are described by edges. Data entities and their relationships represent the key 

components of a KG [19]. Data entities comprises (in relation to IWT networks) 

personnel, events, sensors, regulations, vessels, infrastructure, waterway, etc. Example 

of relationships in a KG include “process”, “part of”, “located in”, “is component of”, 

“type”, “similar to”, “country”, “width of”, “length of”, “depth of”, “height of”, 

“included in”, “depends on”, etc. A ReNEW IWT sample knowledge graph is shown 

in Fig. 2. 
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The core of the knowledge graph is the knowledge model, which consists of many 

interconnected descriptions of concepts, entities, relationships, and events. Having a 

formal semantic framework allows people and computers to process descriptions 

efficiently and clearly. Therefore, knowledge graphs can serve as the foundation for 

building Bayesian network models for probabilistic reasoning.  

In the context of the ReNEW project, the KG is extended to include IWT resilience 

indicators. The indicators proposed for the IWT capture both the performance metrics 

associated to single network infrastructure components, as well as the IWT system’s 

serviceability performance. To illustrate the differentiation between the two levels, 

navigability is assessed in the context of individual fairways, where the fairway is not 

navigable above or below some predefined water level and flow thresholds. At a IWT 

system level, corridor navigability is established, and the throughput potential of the 

network is assessed. 

 

Fig. 2. ReNEW IWT sample knowledge graph. 

3.4 Bayesian Networks 

A Bayesian Network is a probabilistic tool that helps to show the connections between 

data, ideas, information, and concepts within a given system. An example of a BN 

model is illustrated in Figure 3. A Bayesian network consists of nodes/vertices for 

representing objects, variables, or elements in a system, and edges for representing their 

relationships. A given vertex in the system exists in a particular number of states, which 

indicate its current status. Discrete conditional probabilities for each vertex are 

displayed in the conditional probability tables (CPTs). 
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Fig. 3. A notional Bayesian Network model. 

A Bayesian network is based on Bayes's Theorem, as shown in Equation 1. The Bayes' 

theorem defines prior probability as the probability of a variable being in a particular 

condition state at any given moment. A conditional probability describes the probability 

that a variable will be in a certain state given the state of its parents (e.g., vertices V1 

and V2 in Fig. 3 are the parents of vertex V3). It is necessary to consider both the prior 

probability and the conditional probability, as well as the statistical principles that 

define their interdependency, in order to estimate the likelihood that a variable will be 

in a particular state. 

 𝑃(𝐴|𝐵) =  
𝑃(𝐵|𝐴)×𝑃(𝐴)

𝑃(𝐵)
 (1) 

where: 

P(A|B) represents the posterior (or conditional) probability. 

P(A) represents the prior (or marginal) probability. 

P(B|A) represents the likelihood. 

P(B) represents the normalizing factor, calculated in Equation 2 based on the Total 

Probability Theorem: 

 

 P(B) = P(B|A) × P(A) + P(B|Ā) × P(Ā) (2) 
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There are many applications of BNs, including risk, safety, and reliability evaluations, 

diagnostics, reasoning, causal inferences, decision-making under uncertainty, anomaly 

detection, automated insight, and prediction [20-21]. Modelling a BN involves the 

following steps. To begin with, it is necessary to identify/recognize/detect the hazards 

or events that can constitute a threat, as well as their characteristics (i.e., occurrence, 

intensity, etc). This is followed by evaluating the potential impact of hazards on critical 

and non-critical components (nodes) of a system. Finally, the likelihood of the network 

components being in various states after the hazard is measured without altering any 

individual nodes. 

To illustrate an example of how BNs can be used to assess risk, Fig. 4 depicts the 

breakdown of IWT networks into systems (infrastructure, vessels, ports, etc.), 

subsystems (locks, bridges, etc.), and elements (lock chambers, gates, etc.). The 

components' current state is evaluated using a variety of data sources and expert 

opinions. Each damage state is assigned a set of metrics, which will be used to create 

CPTs. Finally, the BN model for risk assessment can then be developed. Figure 5 

illustrates a notional BN model for assessing risk. 

 

 

Fig. 4. IWT network breakdown. 

 

Fig. 5. A notional Bayesian Network model for risk assessment. 
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Bayesian networks have many applications in a wide range of fields. Bayesian networks 

offer numerous benefits but also some drawbacks [22]. One of the most important 

advantages of a BN is that it can give a visual representation of the system. They assist 

in making decisions when working with vast amounts of data. A BN is efficient and 

intuitive. BNs enable the incorporation of uncertainty into the model and the model's 

updating in response to new data. A BN can be used to model multiple 

interdependencies and help identify key components of a network. Practical 

restrictions, however, apply to the kind of distribution and statistical dependence that 

can be employed. BNs require a lot of computing power for systems that have a large 

number of stochastic states and variables. 

 

3.5 Living Labs 

Real-world scenarios will be used to test the concepts presented in this work. Data about 

the IWT network will be stored in KG and then used to build BN models for each 

individual living lab. Bayesian networks will be used to model cause-and-effect models 

to determine how events related to climate change affect the City Logistics Hub's 

operations. To determine the navigability of the Douro River in the event of extreme 

weather, Bayesian networks will be used to model what-if scenarios. Lastly, with the 

aid of Bayesian networks, predictive models will be created that will enable the 

planning of mitigation strategies to encourage modal shifting. 

4 Conclusions 

Environmental factors such as climate change have a significant impact on inland 

waterway transportation networks. The effectiveness of the IWT depends on smart, 

green, and sustainable solutions. The digitalization of sustainable transportation is 

associated with several benefits, including enhancing resilience, as well as benefits to 

local economies, the environment, and society as a whole. KGs (knowledge graphs) 

can be used in digital twins in order to store and represent data in a structured manner 

that captures the complexity of the real world. All entities within IWT systems can be 

represented hierarchically through ontology-based knowledge graphs, thereby 

facilitating intuitive interpretation and analysis by humans and machines. The paper 

proposes using Bayesian networks to simulate the probabilistic digital twin of complex 

inland waterways transportation networks. As the name implies, digital twins are digital 

representations of real-world objects. There is a great deal of complexity and 

uncertainty associated with IWT applications, which entails the use of statistical 

models, such as Bayesian networks. The probabilistic twin model can also be updated 

as new data becomes available, generating more accurate estimates over time. 
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