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Navigational Risk of Inland Water Transportation: A Case Study in 

the Songhua River, China 

Guoqing Xia 1, Xinjian Wang 2∗, Yinwei Feng 3, Yuhao Cao 4, Zhichao Dai 5, Huanxin Wang 6, 

Zhengjiang Liu 7 

Abstract: Compared with ocean transportation, Inland Waterway Transportation (IWT) 

has issues such as low configuration standard of navigation equipment, insufficient 

crew knowledge and skills, and relatively more complex hydrographic environment of 

inland waterways. To recognize and quantify the risk of IWT, this study proposes a 

novel risk assessment method. Firstly, the text mining by Python is applied to recognize 

the risk influential factors (RIFs) from Marine Accident Investigation Reports (MAIRs), 

and a risk evaluation hierarchy system is established. Secondly, a risk assessment model 

which integrated Failure Mode and Effects Analysis (FMEA), Belief Rule-based 

Bayesian Network (BRBN) and Evidential Reasoning (ER) is proposed to quantify the 

risk level of influential factors. Finally, a case study in the Songhua River is carried out 

to verify the feasibility and practicality of the established risk evaluation index system 

and research methods. The targeted preventive measures are proposed to improve the 

safety of IWT. This study shows that "Misobservation" and "Poor safety awareness" 

are the most important human factors affecting the safety of IWT, while the 
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organizational factors have relatively low risk priority. It is suggested that the 

stakeholders should strengthen the assessment of crew members and improve their 

ability to recognize hazards. 
 
Key words: Maritime safety; Inland water transportation; Hazard identification; Risk 

assessment; Text mining; Bayesian network; Evidential reasoning 
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Introduction 

As the global pandemic is brought under control, the shipping industry is entering 

a new phase of development, presenting new opportunities for growth and advancement 

(Hu et al., 2020). It is reported that, at the end of 2021, China has obtained over 125, 

000 vessels with a net deadweight of about 285 million tons, representing an increase 

of 5.1% over last year (Ministry of Transport of China, 2022). As the shipping industry 

continues to expand, there is a rising demand for increased traffic volume and ship 

activity, which, in turn, heightens concerns regarding water transportation safety and 

the associated risks of ship accidents (Cao et al., 2023b; Wang et al., 2021a). Marine 

accidents can result in significant economic losses, as well as cause severe 

environmental pollution and immeasurable casualties (Wang et al., 2021b). Therefore, 

enhancing the prevention of water traffic accidents is not only a matter of national and 

people's livelihood, but also an important task of water traffic safety management. 

As a major power in international trade, China has developed a water 

transportation system that includes inland, coastal and ocean shipping over the past few 

decades (Zhang et al., 2022a). Specifically, IWT plays a crucial role in the national 

economy due to its advantages of high profitability, accessibility and speed (Yan et al., 

2019). By the end of 2021, the number of inland waterway ships has reached 113,600, 

accounting for 90 percent of the national water transport ships. Compared with ocean 

waters, the inland waterway channels are relatively narrower, especially in the waters 

with high density and complicated routes. Due to some historical reasons, the 

technology and management of IWT is still insufficient, making the inland waterway 

more prone to accidents (Sui et al., 2023). 

The typical RIFs affecting the safety of IWT can be summarized in the following 

four aspects: 1) The current and water level of inland rivers are generally affected by 

factors such as season, rainfall, and siltation of the river channel. If the ships are failed 

to adapt to the change situations of water current and water level in time during 

navigation, accidents such as grounding may occur (Maternova et al., 2022). 2) 

Compared with ocean waters, inland waterways are usually narrow and curved, with 
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limited navigational space. If ship operators are unskilled in ship maneuvering, the 

chances of collision with other ships or riverbanks are increased (Deng et al., 2022). 3) 

Navigational obstacles such as bridges, locks, and docks in inland waterways may exist, 

greatly increasing the complexity of the navigational environment (Wu et al., 2017a). 

4) Higher density of ships and frequent navigational traffic on inland waterways 

increase the probability of ship collisions and marine traffic jams (Zhang et al., 2013a). 

The above risks represent not only typical risk factors affecting ships on inland 

waterways, but also unique risk factors that differ from those of ocean navigation.  

The Songhua River, as one of the major shipping channels of IWT in China, faces 

a significant traffic safety challenge. For example, in the second quarter of 2021, 

Songhua River witnessed 4 maritime accidents, resulting in 14 distressed ships, 1 

sinking accident, 11 people in distress, and 9 fatalities. Therefore, it is necessary to 

conduct a comprehensive investigation into and mitigate the navigational risks 

associated with IWT in Songhua River. This includes improving the emergency 

response ability of vessels, enhancing the risk prevention and control system, and 

ensuring a stable development situation of IWT safety (Christensen et al., 2022). 

Risk assessment is an effective method to prevent accidents (Aydin et al., 2022; 

Cao et al., 2023b; Fan et al., 2020; Yu et al., 2020). In order to enhance the safety of 

IWT on Songhua River, this study firstly employs the text mining technology and 

expert judgment to identify RIFs. Then, a risk evaluation hierarchy system is 

established. Secondly, the RIFs are quantitatively analysed by using a combined 

method of FMEA, BRBN and ER. Finally, suggestions and effective measures for IWT 

safety in Songhua River are proposed.  

The remaining sections of this study are presented as follows. Section 2 provides 

a literature review of IWT, highlights the current research limitations and discusses the 

contributions of this study. Section 3 introduces the hazard identification methods of 

IWT. Section 4 proposes a risk assessment approach that combines FMEA, BRBN, and 

ER, along with methods for validating the model's dependability. Section 5 focuses on 

a case study of IWT in the Songhua River, where the RIFs are calculated, sensitivity 
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analysis is conducted, and the results are analysed and discussed. Finally, Section 6 

provides a summary of the study and its key findings.  

Literature review 

Hazard identification of IWT 

Identifying the RIFs of IWT is a prerequisite for its risk assessment (Callesen et 

al., 2021). For inland waterways, the commonly used hazard identification methods 

include Formal concept analysis (FCA) (Hashemi et al., 2004), Event Tree Analysis 

(ETA) (Xing et al., 2011), Causality diagrams (Maternova et al., 2022), and so on. For 

example, Hashemi et al. (2004) studied the marine accidents on the Mississippi River 

using FCA method and identified river level and traffic volume as important indicators 

of accident occurrence. Xing et al. (2011) developed an ETA-based wreck probability 

risk assessment model for shipwreck accidents in coastal and inland waterways, and 

identified risk factors for ship-wreck collisions including multiple environmental 

attributes. Maternova et al. (2022) conducted a systematic study of the Danube 

accidents using causality diagrams and risk matrices to clarify the reasons and effects. 

Most of the above methods identify hazards and RIFs by manual analysis of 

MAIRs, while the traditional methods of hazard identification are actually time 

consuming and laborious (Hellton et al., 2022). With the development of accident 

investigation technology, the International Maritime Organization and national 

maritime agencies continue to pay attention to expand the size of the data set of MAIRs 

(Yan et al., 2023). Specifically, as a novel technique for text mining has been widely 

applied in various fields, especially in the railroad industry (Hughes et al., 2018) and 

the construction industry (Feng and Chen, 2021). For the field of water transportation, 

Yan et al. (2023) developed a text mining-based marine accident analysis model which 

can provide a reliable tool for maritime safety studies. Shi et al. (2019) used the R 

language and text mining methods to conduct the RIFs of inland vessel collisions, 

providing a theory for the prevention of collisions. 

Risk assessment of IWT 
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Evaluating the risk of ship accidents is a key point of maritime safety studies 

(Zhang et al., 2021). For risk assessment of IWT, most of the quantitative analysis is 

carried out from the probability aspect, where BN is one of the most commonly applied 

risk assessment method (Lan et al., 2023; Zhang et al., 2022b). BN is commonly used 

to analyse inland waterway vessel collision consequences and risks (Zhang et al., 

2013b), decision support solutions for stranded vessels (Wu et al., 2017b), and the risk 

of inland waterway congestion (Zhang et al., 2014). For example, Zhang et al. (2013b) 

used a combination of Formal Safety Assessment and BN to assess the risk of vessels 

sailing on the Yangtze River from both qualitative and quantitative perspectives. The 

results showed that vessel type was the parameter that had the greatest impact on the 

accident consequences. Yan et al. (2019) constructed a BN to assess the navigational 

hazards of unmanned vessels in inland waterways. Through this study, the navigational 

risks and the influential factors of unmanned vessels were identified and quantified. Wu 

et al. (2021) proposed an emergency decision model for single-ship collisions in the 

Yangtze River based on BN. It was found that distressed vessels running aground in 

the nearby shallow water was the best choice in marine accident emergency response. 

The construction of BN requires input of prior probabilities, which are usually 

hard to obtain during the risk assessment process (Aydin et al., 2021). Moreover, BN 

is unable to deal with situations where assessment information is incomplete (like 

missing data or the infeasibility of the expert knowledge) (Yang and Xu, 2002; Yang 

et al., 2008). To address this issue, the ER algorithm can be applied. The ER method is 

an evidential reasoning algorithm which is developed by the multi-attribute assessment 

framework and the evidence combination rules of D-S theory (Yang and Xu, 2002). 

The algorithm can handle uncertain subjective data, aggregating attributes of multi-

level structures to produce more reliable results (Zhang et al., 2013b). For example, 

Zhang et al. (2016) proposed a risk assessment method that combines ER algorithm 

with fuzzy theory techniques. The method was applied to the study of inland river 

shipping system. By transforming quantitative indexes into qualitative indexes, the 

method enabled a multi-level risk assessment process, progressing from lower-level 

evaluations to higher-level assessments. Chang et al. (2021) integrated ER and Rule-
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based Bayesian networks (RBN) to evaluate the risk magnitudes of major risks 

associated with maritime autonomous surface ships (MASS). The results of this study 

provided valuable insights into the primary hazards and made notable contributions to 

enhance the general safety of MASS. 

Research gap and contribution 

An extensive literature analysis clearly shows that there is few research on the risk 

assessment of IWT, and most existed studies are on the "Yangtze River". By 

comparison, the traffic situation is more complicated in the Songhua River, which is 

located in northern China. For example, the Songhua River enters the freezing period 

in November every year and the thawing period is in March of the following year. 

During the two periods, especially the thawing period, there will be ice flowing on the 

river surface, which will cause certain impact to the moored ships and the risk of hull 

damage. Therefore, the previous studies may not necessarily applicable to the Songhua 

River. Based on the above, this study proposes a risk evaluation method for IWT using 

a combination of text mining techniques, FMEA, BRBN, and ER to identify and 

evaluate the RIFs of IWT on the Songhua River, and then proposes targeted risk 

prevention and control measures. The main research contributions of this study are as 

follows: 

(1) The text mining method was applied to the process of inland water risk 

identification for the first time, and a risk identification method applicable to different 

waters was developed, which saves workload compared to identifying risk factors 

through literature review. 

(2) A hybrid risk modelling and evaluation method is proposed in this study which 

combines FMEA, BRBN and ER to achieve reasoning from risk parameters to risk 

status under uncertainty. 

(3) The proposed risk assessment method is used to carry out a case study, evaluate 

the RIFs of Songhua River in Harbin section under uncertain conditions.  

Hazard identification of IWT 
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To effectively extract the RIFs of IWT, based on Python text mining and expert 

judgment, the navigation risk of IWT is taken as the evaluation objective, and the grade 

evaluation structure of IWT is constructed. Secondly, the weights of RIFs are 

determined by Analytic Hierarchy Process (AHP). Finally, a risk assessment 

framework for IWT is established, as shown in Fig. 1. 

 
 

Text mining based on Python 

Python is a programming language oriented towards concise syntax. Python can 

be tightly integrated with other high-level languages due to the rich library features. 

The main applications of Python are image processing, data mining and analysis, 

natural language processing, etc. Python is widely applied to text mining because of its 

efficient and precise scientific computing and natural language processing capabilities 

(Shi et al., 2019). 

In this study, 341 MAIRs in 10 jurisdictions of Harbin Maritime Safety 

Administration (Harbin MSA) are selected as the original data information for text 

mining. The confusion of historical information makes it difficult to analyse 

inconsistent data effectively. In order to establish a reasonable database, the data must 

be normalized. Therefore, this study normalizes the historical accident reports based on 

the latest accident statistics of the Ministry of Transportation, China. In the process of 
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accident data processing, there are 65 MAIRs with unknown causes and 5 with 

ambiguous causes. The data of marine accidents with unknown causes and ambiguous 

causes are eliminated, and the final database of 271 marine accidents is obtained. 

Then, the data is formatted to complete the construction of the corpus by extracting 

the causes of accidents from MAIRs and combining them with specialized vocabulary 

in the fields of "water transportation engineering", "safety engineering", "shipping" and 

"meteorology". While building the corpus, the separation of words is a very crucial step. 

By introducing the Jieba function library, the analysis of text content can be achieved 

(Yan et al., 2023). The Jieba Chinese word splitting package in Python is used to load 

a custom professional word bank to merge the word list. The causes of the marine 

accidents are then processed through word segmentation. Subsequently, word 

frequency statistics, word cloud generation and keyword extraction are employed to 

investigate the causes of marine accidents, the above steps are shown in Fig. 2. 

 

 

In accident investigation reports, similar risk factors may differ depending on how 

they are recorded. Therefore, similar risk factors need to be combined. To improve the 

accuracy of Jieba for Chinese word separation and combination of similar risk factors, 

the causes of marine accidents are classified and added to a custom professional 

dictionary using a single line of text. Subsequently, the Jieba dictionary is upgraded and 

updated in UTF-8. Depending on the actual situation, the processing of the sub-words 
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is modified accordingly, and the words with similar semantics are combined. For 

example, "Improper lookout", "Inappropriate lookout", "did not maintain a proper 

lookout", "abnormal lookout" unified combined into "Inappropriate lookout". 

Subsequently, the high-frequency words in the database are obtained by means of word 

separation and word frequency statistics, and the results of the statistics are optimized 

by using stop word tables and custom word tables. Finally, the statistics of causal factors 

of marine accidents in Harbin section of Songhua River are shown in Table 1. 

Table 1 Statistical analysis of marine accident cause factors of IWT. 

NO. Features Frequency 
1 Improper handling of ship 178 
2 Lack of knowledge, experience and training 141 
3 Insufficient promotion of safety culture 118 
4 Violation operation 102 
5 Weak safety awareness 77 
6 Poor vigilance 75 
7 Inappropriate lookout 55 
8 Inadequate supervision 54 
9 Delay in action 34 

10 Distraction 34 
11 Careless 31 
12 Poor ship condition 27 
13 Insufficient information processing capacity 25 
14 Poor handling skills 23 
15 Poor communication skills 23 
16 Under-manning 19 
17 Ship overload 17 
18 Strong winds 17 
19 Poor visibility 13 
20 Poor channel environment 13 
21 Incorrect signal and light type 13 
22 Inaccurate route plans 12 
23 Failure to proceed at a safe speed 12 
24 Inaccurate positioning 10 
25 Failure of navigation aid 5 
26 Decision-making failure 4 
27 Large tidal range 3 
28 Incorrect manipulation of signals 4 
29 Failure to follow the rules 2 
30 Communication errors 3 
31 Psychentonia 1 
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Determine evaluation indexes 

Research has shown that the accident causes of inland waterway are complicated, 

mainly resulting from the coupling of human factors, ship factors, environmental 

factors and management factors (Cao et al., 2023a). Therefore, it is not scientific to 

determine the risk only by the frequency of the causal factors. Accounting for the 

complexity and diversity of navigational risks of IWT, this study uses a combination of 

objective analysis and subjective judgment to investigate the safety of IWT. Based on 

Table 1, the Delphi method is used to organize experts to analyse the RIFs of IWT. 

Experts in the field are invited to score the feasibility of the indexes in Table 1 in the 

form of a Likert scale from 1 (highly feasible) to 5 (highly unfeasible). The indexes 

with an average score higher than 3 are retained and used to establish an index hierarchy 

system. In this study, 21 experts from Harbin MSA, managers of shipping companies 

and researchers from Harbin Navigation School are invited to complete the 

questionnaire. Among them, 4 experts are from administrative department, 11 are from 

law enforcement department, 4 are from shipping company and 2 are from research 

institution. The details are shown in Appendix A. Considering other studies (Huang et 

al., 2021; Wang et al., 2023; Yan et al., 2019), it is confirmed that the selected RIFs are 

reasonable and appropriate for the study. 

With all the RIFs identified, this study divides these factors into two levels. Level 

I includes four aspects, which are "human factors", "organization factors", "ship 

factors" and "environmental factors". Level II includes 13 sub-indexes such as 

"Inappropriate lookout" and "Insufficient communication". This hierarchy system 

contributes to the clarification of the hierarchical relationship between different 

influential factors and provides a basis for the quantitative evaluation of RIFs. The 

detailed information is shown in Table 2. 

Table 2 The risk assessment index hierarchy system of IWT. 

Level I Level II 

Human factors-(E1) 
Inappropriate lookout -(e1) 
Insufficient communication-(e2) 
Poor handling skills-(e3) 
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Weak safety awareness-(e4) 

Organization factors-(E2) 

Inadequate training system-(e5) 
Inadequate company safety culture-(e6) 
Under-manning-(e7) 
Inadequate supervision-(e8) 

Ship factors-(E3) 
Poor ship condition-(e9) 
Ship overloaded -(e10) 

Environment factors-(E4) 
Poor channel environment-(e11) 
Bad weather-(e12) 
Poor visibility-(e13) 

 

Determine Index weight based on AHP 

AHP is a method for measuring the relative significance of different objectives 

through the experience of decision makers, which is generally used in multi-option or 

multi-objective decision making process (Arslan and Turan, 2009). It provides a simple 

decision-making method for solving complex multi-option or multi-objective decision 

issues by mathematizing the decision-making process with less quantitative 

information based on the established hierarchy of influencing factors (Cui et al., 

Forthcoming). In this study, the risk indexes of different levels of IWT are compared, 

and the comparison matrix is constructed accordingly, and the weight of RIFs is 

determined through calculating the relative weights of each element. The evaluation 

index weights are shown in Table 3, and the specific process is shown in Appendix B. 

Table 3 Relative weight of the RIFs. 

Level I Level II Local weight 

Human factors-(E1) 

Inappropriate lookout -(e1) 0.39 
Insufficient communication-(e2) 0.21 
Poor handling skills-(e3) 0.18 
Weak safety awareness-(e4) 0.22 

Organization factors-(E2) 

Inadequate training system-(e5) 0.31 

Inadequate company safety culture-(e6) 0.22 
Under-manning-(e7) 0.30 
Inadequate supervision-(e8) 0.17 

Ship factors-(E3) 
Poor ship condition-(e9) 0.62 
Ship overloaded -(e10) 0.38 

Environment factors-(E4) 
Poor channel environment-(e11) 0.41 
Bad weather-(e12) 0.33 
Poor visibility-(e13) 0.26 

 

Risk Assessment of IWT 

For the purpose of comprehensive and scientific analysis of RIFs of IWT, this 
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study proposes a risk assessment method that integrates FMEA, BRBN and ER, as 

shown in Fig. 3, to rank the RIFs of IWT. BRBN method enables the organic 

combination of belief rule base and BN. By building an effective rule base, BRBN can 

complete the inference from risk parameters to risk status in the form of conditional 

probabilities. ER can aggregate data on risk status under uncertainty and address the 

issues such as missing and omission of meaningful information caused by traditional 

data aggregation methods. Finally, the concept of utility value U is proposed to translate 

the confidence distribution of risk status into a value expression form to obtain the 

ranking of the overall hazardous degree of RIFs. 

 

 

FMEA and BRBN 

FMEA is a comprehensive analysis method that aims to analyse various failure 

modes and their effects. The method is mainly used in the reliability engineering to 

obtain the impact of failures on the system from the bottom up (Shafiee and Animah, 

2022; Wang et al., 2023). In this study, three risk parameters are defined as L (likelihood 

of occurrence), C (severity of consequences), and P (undetected risk probability). To 

reach a high level of parameter discriminability, five levels of evaluation are established 

for each risk parameter, corresponding to the fuzzy linguistic variables shown in Table 

3 of the work (Wang et al., 2023), and the definitions of each linguistic rating can be 

found in Table 5 of work (Chang et al., 2021). 



14 

Table 5 The inference results of RIFs. 

Level I Level II Brief degree of risk status 
R1 R2 R3 R4 R5 

Human factors 
(E1) 

Inappropriate lookout -(e1) 0.10 0.14 0.27 0.28 0.21 
Insufficient communication-(e2) 0.14 0.24 0.23 0.24 0.15 
Poor handling skills-(e3) 0.16 0.24 0.26 0.21 0.13 
Weak safety awareness-(e4) 0.14 0.18 0.25 0.27 0.16 

Organization 
factors (E2) 

Inadequate training system-(e5) 0.16 0.23 0.24 0.23 0.14 
Inadequate company safety culture-(e6) 0.17 0.22 0.25 0.20 0.16 
Under-manning-(e7) 0.19 0.22 0.22 0.20 0.17 
Inadequate supervision-(e8) 0.23 0.25 0.23 0.17 0.12 

Ship factors 
(E3) 

Poor ship condition-(e9) 0.13 0.18 0.28 0.25 0.16 
Ship overloaded -(e10) 0.16 0.17 0.31 0.19 0.17 

Environment 
factors (E4) 

Poor channel environment-(e11) 0.15 0.24 0.29 0.17 0.15 
Bad weather-(e12) 0.13 0.20 0.26 0.22 0.19 
Poor visibility-(e13) 0.13 0.21 0.24 0.22 0.20 

 

The risk parameter L refers to the likelihood of occurrence of RIFs. It serves as the 

primary risk parameter in the evaluation process and is an intuitive expression of the 

occurred probability of a risk event. The severity of consequences C shows the hazards 

and losses caused by the occurrence of RIFs, which may result in threats to human lives, 

property damage, environmental damage, and adverse international impacts. The 

probability of failure to check the risk P is an observed characteristic that prevents the 

occurrence of risk events and is an important index for risk management (Wan et al., 

2019). 
Since the FMEA approach fails to analyse risk attributes other than L, C and P as 

well as the relative significance, Yu et al. (2021b) proposed a fuzzy rule Bayesian 

network method for the reasoning from input variables to output variables. The kth 

IF -THEN  rule kR in the classical rule base can be represented by Eq. (1). 

 1 2  : ,                
k

k k k
k M kR f A A A Then DI ∧ ∧  (1) 

where kR   is the risk status at the condition k, )( 1, , ,2k
i kA i M=    indicates the thi  

input condition in the thk  rule; kM  is the number of input conditions in the thk  rule; 

( )k kD D D∈   indicates the output result of the thk   rule; { }jD = D j = 1,2 N， ， ，  

indicates the set consisting of evaluation results, " "∧   indicates the logical "with" 

relationship. 

IF-THEN rules are mainly divided into two parts: input conditions and output 
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results. Generally, such rules need to tackle the knowledge experience of experts and 

give inferred results (Yu et al., 2021a). However, this rule expression cannot reflect the 

detailed differences of input conditions in the result. In view of this, a new expression 

of knowledge for rule bases has been proposed by introducing the concept of degree of 

belief to solve the uncertainty problem in the process of system research (Alyami et al., 

2014). On the basis of Eq. (1), a belief rule can be obtained by transforming the rule, 

considering all possible outcomes with the belief degree. Compared with the rule base 

in the traditional sense, the confidence distribution of its output results represents the 

comprehensive judgment of the expert on various possible situations (Wang et al., 2023; 

Yang et al., 2009), as shown in Eq. (2). 

 
{ }
{ }1 2

:

     ( , ), ( , ), , ( , )

       

        
k

k k k
k 1 2 M

1,k 2,k N N,k

R IF A A A

THEN D D Dβ β β

∧ ∧


 (2) 

where ( ) 1, ,j,k j Nβ =   denotes the belief of jD  in kR  as the output results when the 

input satisfies premise A. N  is the number of results. When 
1

1N
j,kj

β
=

=∑ , the belief 

rule information is complete; otherwise, the information is absent. 

Based on the establishment of a belief rule base for risk factors, this study 

completes the inference of risk status through Bayesian networks. The method is 

applicable to nonlinear conditional expressions, where the original belief rules need to 

be expressed through the conditional probability form, when the rule statements are 

able to be transformed into Eq. (3). 

 1 2( | , ) ( , , , ), ,k k k
n M 1,k 2,k N,kp R A A A β β β=   (3) 

Eq. (3) can be paraphrased as follows: "when the risk parameter is 1 2, , ,k k k
MA A A , 

the probability of the risk status nR (n = 1,2, ,N)  of the risk factor is ( , , , )1,k 2,k N,kβ β β  at 

different evaluation levels, respectively". Where, the "∣" symbol indicates the 

conditional probability. 

The existing belief rules are converted into a BN consisting of one child node from 

the output results and M parent nodes from the input conditions. In this case, the risk 

inference based on the belief rule base is reduced to the calculating the edge 

probabilities of the sub-nodes. The prior probability of each parent node is determined 

by the evaluation information of the risk parameters. On this basis, an edge probability 

of the sub-node, which is risk status of the RIFs, can be obtained based on Eq. (4). 
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 1 1
, , ( | , ) ( ) ( ) , ( ), , ,J K

n i j k i j kj k
p R A B C p A p B p C

= =
×∑ ∑    (4) 

where, , , ,A B C  represents the premise parameters (such as L, C, and P); , , ,I J K  

represents the number of reference values for each premise attribute; ( )ip A  represents 

the probability that premise parameter A   takes the thi   reference value; ( )np R   is the 

probability that the risk status (such as R) takes the thn  reference value. 

Evidential Reasoning Algorithm 
ER method has been continuously improved and developed, and is widely used in 

risk analysis of complex systems, especially for assessment grade sets based on Likert 

scales (Wang et al., 2023; Yu et al., 2021b). In this study, the method is used to 

implement the aggregation operation for risk status belief. Assuming that the risk status 

set of factor A is AR , the status set of factor B is BR , and the output set of risk status 

obtained by aggregation operation for both is ABR . All the above three sets contain five 

levels, which are represented as Eq. (5): 

 { }1 2 3 4 5
1 2 3 4 5( , ), ( , ), ( , ), ( , ), ( , )N N N N N NR R R R R Rβ β β β β=  (5) 

where, β  is the belief distribution of different levels in the risk status; ( )N A,B,AB= . 

In the process of risk evaluation, the normalized weights of factors A and B are 

noted as Aω   and Bω  . According to the definition of AR   and BR  , the weighted belief 

parameters  ( , )m
nM n A B=  is shown in Eq. (6). 

 m m
n n nM ω β=  (6) 

where, m  is the number of levels in the risk status set =(1,2,3,4,5)m . 

( , )nH n A B=   is the parameter of other RIFs, ( , )nH n A B=


  is the information 

incompleteness parameter of AR  and BR , these two partial parameters can be obtained 

from Eqs. (7) and (8). 

 1n nH ω= −  (7) 

 5

1
(1 )m

n n nm
H ω β

=
= −∑


 (8) 

The belief degree not assigned to m
nM  can be obtained from Eq. (9). 

 n nnH H H= +


 (9) 
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K  is the normalization coefficient, which can be obtained from Eq. (10).  

 

1

5 5

1 1
1 s t

A B
s t

t s

K M M

−

= =
≠

 
 = −  
 

∑∑  (10) 

where, s
AM  is the weighted belief parameter of risk influential factor A, (1, 2,3, 4,5s = ）; 

t
BM  is the weighted belief parameter of risk influential factor B, (1, 2,3, 4,5t = ）. 

The new belief distribution mβ  is obtained by aggregating risk factors A and B 

through the original data as shown in Eq. (11). 

 
( )

1 ( )

m m m m
m A B A B B A

A B

K M M M H M H
K H H

β + +
=

−
 (11) 

The calculation procedure for aggregating two pieces of evidence is given above. 

Considering that the ER algorithm conforms to the law of exchange and the law of 

combination, the evidence can be aggregated in any order when aggregating multiple 

risk status belief distribution data, remaining the same results (Huang et al., 2021; 

Loughney et al., 2021). 

Utility ranking 
In order to translate the belief distribution of risk status into a quantitative 

expression, the concept of utility value U is required to be introduced. In this study, 

each risk parameter (L, C, P) is provided with five evaluation levels, so the risk status 

R is also divided into five levels, set as R1 to R5, and the priority levels of risk utility 

values are assigned as Eq. (12): 

 

3
1 1 1 1

3
2 2 2 2

3
3 3 3 3

3
4 4 4 4

3
5 5 5 5

( ) ( ) ( ) ( ) 1 1
( ) ( ) ( ) ( ) 2 8
( ) ( ) ( ) ( ) 3 27
( ) ( ) ( ) ( ) 4 64
( ) ( ) ( ) ( ) 5 125

U R RS L RS C RS P
U R RS L RS C RS P
U R RS L RS C RS P
U R RS L RS C RS P
U R RS L RS C RS P

= × × = =

= × × = =

= × × = =

= × × = =

= × × = =

    (12) 

where, RS is the quantitative assignment score for different levels of risk parameters. 

Finally, the risk priority index (RPI) is calculated to achieve a precise ranking of 

risk factor priorities, as shown in Eq. (13), where a higher RPI value of a risk influential 

factor means a higher overall risk level. 

 5

1
( ) ( )h hh

RPI p R U R
=

= ×∑  (13) 
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Validation 
The reliability of the risk assessment model applied in this study is verified through 

sensitivity analysis. The way to test its sensitivity is by examining how the RPI values 

of the risk influencing factors respond to changes in the premise attributes. If the 

analysis results satisfy the following three axioms, then the risk assessment model 

proposed in this study can be proved to be reasonable and valid. (Alyami et al., 2019; 

Loughney et al., 2021; Wang et al., 2023). 

Axiom 1: The RPI of RIFs increases/decreases with small increase/decrease in the 

belief degree. 

Axiom 2: If the premise attribute of RIFs is given the same varying range, the 

variation of RPI is proportional with the weight of the premise attribute. 

Axiom 3: For the impact level of the RPI, varying combination of prerequisite 

attributes is greater than any subset of that combination. 

Case study 

Characteristics of water transportation in Songhua River 

The Songhua River is one of the seven major shipping channels in China, located 

in the northern part of northeast China. It has a total length over 1900 km and an area 

of 556,800 square kilometres. The main channel of this river is a Chinese Class III 

channel with a width of 70m and a depth of 1.7m. The channel has a minimum bend 

radius of 500m and can pass 1000t class vessels. The inland river vessels in the river 

are mainly divided into cargo ships and passenger ships. Cargo ships are mainly barges, 

which are suitable for bulk cargo transportation. Passenger ships are used for river-to-

river ferries and water tours. According to statistics of Harbin MSA, the annual average 

passenger traffic on the water in the Songhua River will reach 1.42 million people, the 

annual average cargo volume will reach 4.93 million tons during 2017 to 2021 (Huang 

et al., 2023). 

Calculate the risk values of level II indexes  
In this study, the method of subjective belief assignment is used to carry out the 

collection of risk evaluation information. Subjective belief is an expert's subjective 

judgment about the confidence that a risk parameter belongs to a specific linguistic 

variable, which directly reflects the expert's knowledge and experience. During the 
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questionnaire survey, experts give their opinions on scoring the 13 RIFs of Level II in 

the hierarchy system from those three parameters. For instance, an expert's evaluation 

data for a parameter L (likelihood of occurrence) of a risk influential factor is 

( ) ( ) ( ) ( ) ( ){ }1 2 3 4 5, , , ,p L p L p L p L p L  , where ( )5

1
1hh

p L
=

≤∑  . The evaluation 

represents the occurrence probability. "Very low" is ( )1p L , "Low" is ( )2p L , "Average" 

is ( )3p L , "High" is ( )4p L , "Very high" is ( )5p L . The same evaluation scale is used for 

parameters C and P. 

In view of the similar expertise and industry experience of the investigated expert 

groups, in order to reflect the generality, the same weight is given to them in the process 

of comprehensive expert evaluation data, which means that the confidence distribution 

merging is completed in the form of arithmetic mean calculation. Finally, the evaluation 

results of RIFs (L, C, and P) in level II are obtained, and the evaluation results of 

"Environmental factors (E4)" are shown in Table 4. 

Table 4 Evaluation results of RIFs in E4. 

Indexes in the level II Parameter Brief degree 

Poor channel environment-(e11) 
L (0.16, 0.25, 0.31, 0.16, 0.12) 
C (0.12, 0.23, 0.26, 0.22, 0.17) 
P (0.17, 0.25, 0.30, 0.14, 0.14) 

Bad weather (e12) 
L (0.13, 0.21, 0.26, 0.25, 0.14) 
C (0.10, 0.17, 0.24, 0.24, 0.25) 
P (0.17, 0.21, 0.27, 0.16, 0.20) 

Poor visibility (e13) 
L (0.13, 0.26, 0.24, 0.22, 0.15) 
C (0.10, 0.16, 0.24, 0.23, 0.27) 
P (0.17, 0.23, 0.23, 0.19, 0.18) 

 

Using the rules established in Eqs. (1) and (2), a belief rule base is established to 

convert experts' beliefs regarding specific RIFs, following the approach described in 

the study of Chang et al. (2021). The establishment of the belief rule base requires the 

input of the relative weights of risk parameters L, C and P. For the sake of generality, 

this study sets the weights of the risk parameters to the same value, which is 1/3 for L, 

C, and P. Subsequently, the IF-THEN rule is utilized to deduce the conditional 

probability table for RIFs of Level II.  
Calculating the risk status of the factors in Level II by using Eq. (4), taking the 

index "e11" in Table 4 as an example, the risk status can be obtained as 

( )11 0.15,  0.24,  0.29,  0.17,  .15( ) 0R e = . Similarly, the risk status of all RIFs in Level II can 
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be calculated, as shown in Table 5. 

Aggregate the risk values based on ER 
After calculating the risk values of RIFs of Level II, the aggregation of risk data 

is accomplished using the ER method by combining the weights among the indexes 

given in Table 3. The risk status of the Level II risk factor is used as input and the risk 

status of the corresponding Level I risk influential factor is used as output of the method. 

The risk status of "E1" can be calculated by Eqs. (5)-(11) as: 

( )1 0.1347,  0.1744,  0.2985,  0.2327,  0.( ) 1597R E =  

The value calculation process is explained in detail in Appendix C. According to 

the same method, the risk status of each risk influential factor of Level I is finally 

obtained by aggregating risk status from Level II to Level I, as shown in Table 6. 

Table 6 Risk status of RIFs in level I. 

RIFs R1 R2 R3 R4 R5 
Human factors-(E1) 0.1326 0.1987 0.2578 0.2549 0.1560 
Organization factors-(E2) 0.1858 0.2356 0.2385 0.1994 0.1407 
Ship factors-(E3) 0.1347 0.1744 0.2985 0.2327 0.1597 
Environment factors-(E4) 0.1320 0.2212 0.2702 0.2027 0.1739 

 

Calculation and analysis of the RPI 

In order to compare the risk rank of Level I and Level II, the belief distribution of 

the risk status is converted into clear values by using the utility function for risk ranking. 

Taking the risk influential factor "Inappropriate lookout" for example, the RPI of the 

factor can be obtained by utilizing Eq. (13) and the risk values in Table 6, as shown 

below. 

( ) ( )
5

1
1

( )

             0.10 1 0.14 8 0.27 27 0.28 64 0.21 125
             52.68

h h
h

RPI e p R U R
=

= ×

= × + × + × + × + ×
=

∑
 

In this way, the risk utility values for Level I and Level II can be calculated. The 

risk values for Level I are summarized in Fig. 4 and the risk values for Level II are 

summarized in Fig. 5. As shown in Fig. 4, the overall risk values of Level I RIFs are 

"Human factors (E1)", "Ship factors (E3)", "Environmental factors (E4)" and 

"Organization factors (E2)" in descending order. As shown in Fig. 5, the top five RIFs 
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for Level II are "Inappropriate lookout (e1)", "Poor visibility (e13)", "Bad weather (e12)", 

"Weak safety awareness (e4)" and "Poor ship condition (e9)". 

 

 

 

 

Validation 

Sensitivity analysis of BRBN 

The BRBN model proposed in this study is validated based on the three axioms in 

Section 4.4. 
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Axiom 1: Take the risk factor "e6" as an example: On the basis of original model, 

the subjective probability is reassigned to other levels with the largest increase in RPI 

value. When the subjective probability of the risk parameter L1 decreases by 0.1 and L5 

increases by 0.1, the risk status of this risk influential factor turns out to be: 

( ) ( )6 0.03,0.18,0.28,0.25,0.16R e = . The RPI value increases from 41.19 to 45.39. The 

test procedure for parameters C and P is the same. This analysis is applied to determine 

the effect of changes in the subjective probability distribution between any of the three 

risk parameters on the RPI values. The test results for all RIFs in Level II are in 

accordance with axiom 1. Meanwhile, there are no outliers in the magnitude of changes 

in RPI values, indicating that the BRBN method used in this study has a strong logic 

and consistency. 

Axiom 2: For each risk parameter, a subjective probability of 0.02 is reassigned 

each time with the largest increase in RPI value, and the change in RPI value is 

examined in the process of increasing the subjective probability in the interval [0, 0.1]. 

Taking the risk influential factor "e6" for example, the calculation results are shown in 

Fig. 6. The comparison shows that since the belief rule base was developed giving the 

same weight to L, C and P (all 1/3), which means that the three risk parameters have 

the same degree of influence on the RPI values. Therefore, the test result is in 

accordance with axiom 2, which indicates that the BRBN method used in this case has 

good robustness. 
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Axiom 3: The combination of three risk parameters ( )1 2 3

3 3 3C C C+ +  is divided into 

three categories, and the number of risk parameters to be reassigned with subjective 

probabilities is 1, 2 and 3. The first category only considers the change of the probability 

value of a single risk parameter. The second category considers the combination of the 

change of the probability value of two risk parameters. The third category considers the 

case when the probability values of all three risk parameters change. Taking the risk 

factor "e6" for example, each risk parameter redistributes the subjective probability of 

0.1 among the different levels. The probabilities are assigned with the largest increase 

in RPI values, and the results of the correlated changes in RPI values are shown in 

Table 7. 

Table 7 The influence of various risk parameter combinations on RPI. 

Combination L C P RPI variation 
1 O   3.71 
2  O  3.72 
3   O 3.72 
4 O O  7.43 
5 O  O 7.43 
6  O O 7.43 
7 O O O 12.4 

Note: “O” represents the choice of different combinations of risk parameters 
 

By comparing the data in Table 7, it is possible to determine the effect of the 

combination of probabilistic changes. Taking combination 4 for example, the variation 
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value of RPI value is 7.43. The subsets of this combination are labelled as combination 

1 and combination 2. The corresponding changes in RPI value for both subsets are 3.71 

and 3.72, respectively. Both values are lower than 7.43, thus confirming compliance 

with axiom 3. Similarly, through the comparative analysis between other RIFs of Level 

II or other combination methods, the test results are all consistent with Axiom 3, 

indicating that the BRBN method used in this study has sufficient reliability and 

rationality. 

Sensitivity analysis of ER 
On the basis of the previous validation idea, a sensitivity analysis is performed on 

the ER algorithm to complete the risk status aggregation operation. The sensitivity 

analysis in this section is conducted using the Level I risk influential factor "E4" as an 

example. 

Axiom 1: The Level II risk factors for E4 are "Poor channel environment (e11)", 

"Bad weather (e12)" and "Poor visibility (e13)". Redistributing the 0.1 belief degree to 

the different levels of R(e11) in the way that worsens the risk status the most, the RPI 

value of "e11" increases by 5.81 when the R1 belief degree decreases by 0.1 and the R5 

belief degree increases by 0.1. Similarly, the risk status aggregation process for the other 

risk factors of Level I is tested and analysed, and all results are consistent with axiom 

1, indicating that the ER aggregation algorithm used in this study is logically sound and 

the output results are highly sensitive. 

Axiom 2: In the reassignment process, a belief degree of 0.1 is allocated to each 

indicator of Level I. The RPI value of Level II is then recalculated by increasing it in 

the direction of the maximum increment with a step of 0.02. As shown in Fig. 7, the 

belief degree changes of the indexes of Level I have a significant difference in the 

magnitude of the effect on RPI values. The magnitude of the effect is strongly 

associated to the weight of the indexes of Level II in Table 3. Table 8 gives the specific 

RPI change values of different indexes with their corresponding weights. It remains 

consistent with that introduced in Axiom 2. 
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Table 8 The change in RPI and its proportion. 

 0.02 0.04 0.06 0.08 0.1 
e11 1.168 (44.6%) 2.324 (44.5%) 3.492 (44.5%) 4.645 (44.6%) 5.814 (44.5%) 
e12 0.835 (31.9%) 1.679 (32.1%) 2.519 (32.1%) 3.323 (31.9%) 4.196 (32.1%) 
e13 0.612 (23.4%) 1.220 (23.3%) 1.837 (23.4%) 2.445 (23.4%) 3.058 (23.4%) 

 

Axiom 3: Taking the risk influential factor of Level I "Ship factors" as an example, 

the corresponding RIFs of Level II are "Poor channel environment (e11)", "Bad weather 

(e12)"and "Poor visibility (e13)". The possible combinations of risk factor belief changes 

( )1 2 3
3 3 3C C C+ +  are divided into three categories. For each risk status, the belief degree 

of 0.1 is redistributed among the different levels with the maximum increase of the RPI 

value for each risk parameter. The specific RPI value changes are shown in Table 9. 

Table 9 The influence of various RIFs combinations on RPI. 

Combination e11 e12 e13 RPI variation 
1 O   5.81 
2  O  4.19 
3   O 3.05 
4 O O  10.04 
5 O  O 8.89 
6  O O 7.23 
7 O O O 13.12 

Note: “O” represents the choice of different combinations of risk parameters 
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In Table 9, the subset of combination 4 includes combination 1 and combination 

2. The change in RPI values corresponding to combination 1 and combination 2 are 

5.81 and 4.19, respectively, both smaller than the change in RPI value corresponding to 

combination 4 of 10.04. Taking combination 7 for example, the variation value of 

combination 7 is 13.12, which is larger than the change values of all subsets under this 

combination. The change value of combination 7 is larger than the change values of 

combinations 1-6, which is in accordance with axiom 3. It shows that the ER 

aggregation operation developed in this study is reasonable and effective, and the 

method has good feasibility and practicality. 

Discussion and implications 

The study shows that the top three RIFs in the Level I are "Human factors (E1)", 

"Ship factors (E3)" and "Environment factors (E4)", and the risk influential factor 

"Organization factors (E2)" has relatively less negative impact than the top three RIFs. 

Therefore, based on the above four aspects, this study selects the corresponding higher 

RIFs of Level II for in-depth analysis, and proposes safety measures to prevent the 

occurrence of marine accidents on the Songhua River. 

The first is "Human factors". Among the RIFs corresponding to "Human factors", 

"Inappropriate lookout (e1)" has the largest RPI and ranks highest among the other 

Level II risk factors. Due to the complicated channel condition of Songhua River, when 

the crew is inattentive and "Inappropriate lookout", the ship is prone to danger in the 

process of navigation. Therefore, in order to reduce the impact of "Inappropriate 

lookout" for IWT safety, the captain can arrange the crew on duty reasonably to ensure 

that the crew can get enough rest time and prevent fatigue. The local government should 

also encourage all ships to install AIS through financial incentives to ensure that rescue 

work can be carried out quickly in case of emergency situations. 

The RIFs of Level II corresponding to "Human factors": "Weak safety awareness 

(e4)", "Insufficient communication (e2)" and "Poor handling skills (e3)" objectively 

reflect the poor overall quality of inland river crew. The result is due to the 

underdeveloped economy of the Songhua River shipping and the poor working 

conditions of the crew, so most of the students graduated from the local shipping 
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schools go to work on the ocean vessels, and the foreign crew basically will not come 

to work locally. In addition, more than 70% of the crew in the Songhua River waters 

are over 50 years old, and the aging of the crew is serious, which increases the 

seriousness of these problems. Therefore, shipping enterprises should be fully aware of 

the importance of safety and should be alerted to possible dangers in time in their daily 

operation. At the same time, the maritime authority should also strengthen the practical 

assessment of crew and set up a standardized and rigorous selection and training 

mechanism. In terms of training, training sectors need focus on the practical teaching 

process of students, and strengthen the cultivation of the crew's practical ability. 

Resolutely do not allow the seafarer whose ability is not sufficient, the attitude is not 

correct engaged in water transportation. 

Secondly, among the RIFs of Level II corresponding to the "Ship factor", the RPI 

value of "Poor ship condition (e9)" is the highest, which indicates that the condition of 

vessels engaged in transportation along the Songhua River is poor. The shipping 

company should timely update the old ships, conduct systematic management of the 

existing ships and make detailed maintenance plan for the ships. The crew should report 

to the company in time if they find any problem on the equipment in their daily work, 

and if the situation is serious, they should suspend the operation in time. 

"Environmental factors" is an objective cause, and the RPI value ranks third. The 

RIFs of Level II corresponding to "Environmental factors" are "Poor Visibility (e13)", 

"Bad weather (e12)" and "Poor channel environment (e11)". Due to the location of the 

Songhua River in northern China, there are freezing and thawing phenomena in this 

water, which seriously affects the safe navigation of ships. Therefore, maritime 

authority should strengthen information communication with emergency management 

departments, flood control office, meteorology office, water conservancy and other 

departments, pay close attention to the changes in water conditions, timely release of 

early warning information, scientific assessment of navigational conditions. When the 

appearance of dangerous environment, the authority should timely take measures to 

prohibit navigation and restrict navigation activities to ensure the safety of water 

transportation. 
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The final is the "Organization factors". To promote the marine safety of Songhua 

River, the main responsibility of shipping enterprises should be implemented. In the 

pursuit of profit, the shipping company must establish and improve the company's 

safety system, improve the crew training system, enhance the crew's sense of 

responsibility and mission, in order to keep all personnel always maintaining a sense of 

safety. Taking production and operation as the starting point, the safety work of 

shipping companies should strengthen the propaganda and education for crew members 

and improve their awareness of safety precautions through extensive organizational 

forms. The way of safety education also should be expanded, a sound safety 

management system should be built, to minimize the effects of RIFs of "insufficient 

crew" and "inadequate supervision" on IWT. 

This study contributes to the improvement of the safety level on the Songhua River, 

and its theoretical and practical significance is shown below. In the theoretical level, 

this study innovatively applies text mining based on Python to the process of 

establishing a hazard identification framework, establishes a hazard identification 

framework and risk assessment model for IWT, identifies the RIFs, provides a 

quantitative and comprehensive evaluation of risk for stakeholders, reveals the current 

problems of inland water transportation, and proposes effective measures to improve 

the safety of IWT. In the practical level, the ranking of risk utility values helps 

stakeholders to realize the risk values of different factors, providing valuable insights 

for the improvement of water safety. This study also provides targeted 

recommendations for the safety of IWT. Firstly, it is necessary to strengthen the 

practical assessment of the crew, improving the overall quality and safety awareness of 

the inland river crew. Secondly, the personnel on board need to carry out daily 

maintenance of the ship, preventing the ship's equipment from breaking down, ensuring 

safe navigation. Finally, relevant management agencies have to pay close attention to 

environmental changes, alert to possible dangers in time, building a perfect safety 

management system. 
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Conclusion 

Based on Python text mining of MAIRs, this study proposes a framework 

applicable to risk analysis of inland water accident, determines the risk indexes 

hierarchy system during ship navigation and develops a new integrated risk modelling 

and evaluation method. This method incorporates FMEA, BRBN and ER to infer risk 

status from risk parameters under uncertainty, perform aggregation operation of risk 

status, and comprehensively rank risk factors. The results of the study show that in 

Level I, human factors are the dominant RIFs affecting the safety of IWT. In Level II, 

the top five risk factors affecting the safety of IWT are "Inappropriate lookout", "Poor 

visibility", "Bad weather", "Weak safety awareness ", and "Poor ship condition ". The 

axiom-based validation analysis of the risk assessment model proposed in this study 

shows that the model is reliable and applicable. 

Based on the analysis results, this study proposes targeted recommendations to 

promote the safety of IWT. The proposed risk assessment model for IWT can help 

stakeholders understand the RIFs and possible losses from the accidents, which can be 

used for risk control and emergency response of shipping companies as well as 

maritime authority, and provide scientific guidance for the development of reasonable 

risk control measures. However, due to the limited number of accident reports collected 

in this study, the interactions between the influential factors are not investigated. In the 

future, methods such as the data-driven BN or N-K models can be used to study the 

coupling relationships of risk factors. 

Appendix A: List of experts 

As shown in Appendix A-Table 1. 

Appendix A-Table 1 Information about experts in the risk factor questionnaire. 

No. Workplace Job 
Years of 

work 
Work Areas 

1 Ship Division, Harbin MSA Level 1 Supervisor 4 Safety of IWT, Shipping 
management of IWT 

2 Command Center, Harbin 
MSA 

Level 1 Supervisor 4 Safety of IWT, Accident 
analysis 

3 Ship Division, Harbin MSA Level 3 Supervisor 6 Safety of IWT 
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4 Command Center, Harbin 
MSA 

Level 1 Supervisor 6 Safety of IWT, Accident 
analysis 

5 Maritime Division, Harbin 
MSA 

Enforcement 
Officer 

4 Safety of IWT 

6 Maritime Division, Harbin 
MSA 

Level 4 Supervisor 5 Safety of IWT 

7 Maritime Division, Harbin 
MSA 

Level 3 Supervisor 6 Safety of IWT, Shipping 
management of IWT 

8 Maritime Division, Harbin 
MSA 

Enforcement 
Officer 

4 Safety of IWT 

9 Maritime Division, Harbin 
MSA 

Level 3 Supervisor 5 Safety of IWT 

10 Maritime Division, Harbin 
MSA 

Level 3 Supervisor 5 Safety of IWT 

11 Maritime Division, Harbin 
MSA 

Level 4 Supervisor 4 Safety of IWT, Shipping 
management of IWT 

12 Maritime Division, Harbin 
MSA 

Enforcement 
Officer 

4 Safety of IWT 

13 Maritime Division, Harbin 
MSA 

Enforcement 
Officer 

3 Safety of IWT 

14 Maritime Division, Harbin 
MSA 

Level 1 Supervisor 6 Safety of IWT 

15 Maritime Division, Harbin 
MSA 

Enforcement 
Officer 

4 Safety of IWT, Shipping 
management of IWT 

16 XX Shipping Company Manager 6 Safety of IWT 
17 XX Ferry Transportation 

Co. 
Manager 4 Safety of IWT 

18 XX Water Passenger 
Transport Co. 

Manager 5 Safety of IWT, Shipping 
management of IWT 

19 XX Ferry Transportation 
Co. 

Manager 6 Safety of IWT 

20 XXX Shipping School Lecturer 4 Safety of IWT, Shipping 
management of IWT 

21 XXX Shipping School Lecturer 4 Safety of IWT, Shipping 
management of IWT 

 

Appendix B Illustration of the AHP 

For example, expert A scored the weights of "Poor channel environment", "Bad 

weather" and "Poor visibility" in Level II risk factors: Expert A makes a two-by-two 

comparison of risk factors, gives importance assignments using a 1-9 scale, and 

constructs a judgment matrix F based on evaluation data as follows. 



31 

1 6 6
1 1 16
1 1 16

F

 
 
 =
 
 
  

 

This results in the weights of "Poor channel environment", "Bad weather" and 

"Poor visibility". Normalizing the vectors, we can obtain  

( ) ( )1 2 3, , 0.749,0.126,0.126
T TW W W W= =  

The eigenvectors of the resulting judgment matrix, which are the weights of the 

three RIFs. Afterwards, by calculating the consistency index (R) of this matrix, the 

degree of inconsistency of the matrix is considered to be within an acceptable range (R 

< 0.01), so there are no logical errors in the use of this method. 

Appendix C Illustration of risk aggregation based on ER 

The risk status of "equipment maintenance is not timely" is RA and the risk status 

of "ship overload" is RB, RA and RB can be expressed as: 

( ) ( ) ( ) ( ) ( ){ }1 2 3 4 5,0.13 , ,0.18 , ,0.28 , ,0.25 , ,0.16AR R R R R R=  

( ) ( ) ( ) ( ) ( ){ }1 2 3 4 5,0.16 , ,0.17 , ,0.31 , ,0.19 , ,0.17BR R R R R R=  

The relative weights A, B calculated from Table 3. The weighted belief parameters 

can be obtained from Eq. (6) as follows. 
1 1 0.62 0.13 0.0806A A AM ω β= = × =  
2 2 0.62 0.18 0.1116A A AM ω β= = × =  
3 3 0.62 0.28 0.1736A A AM ω β= = × =  

4 4 0.62 0.25 0.155A A AM ω β= = × =  

5 5 0.62 0.16 0.0992A A AM ω β= = × =  

1 1 0.38 0.16 0.0608B B BM ω β= = × =  

2 2 0.38 0.17 0.0646B B BM ω β= = × =  

3 3 0.38 0.31 0.1178B B BM ω β= = × =  

4 4 0.38 0.19 0.0722B B BM ω β= = × =  
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5 5 0.38 0.17 0.0646B B BM ω β= = × =  

The unassigned beliefs AH  and BH  are calculated by Eqs. (7)-(9). 

1 1 0.62 0.38A AH ω= − = − =  

1 1 0.38 0.62B BH ω= − = − =  

5

1
1 0.62 (1 0.13 0.18 0.28 0.25 0.16) 0m

A A A
m

H ω β
=

 = − = × − − − − − = 
 

∑  

5

1
1 0.38 (1 0.16 0.17 0.31 0.19 0.17) 0m

B AB B
m

H ω β
=

 = − = × − − − − − = 
 

∑  

0.38 0 0.38A A AH H H= + = + =  

0.62 0 0.62B B BH H H= + = + =  

The normalization factor K is calculated by Eq. (10). 
1

5 5

1 1
1           s t

A B
s t

t s

K M M

−

= =
≠

 
 = −  
 

∑∑  

1 0.0806 0.0646 0.0806 0.1178 0.0806 0.0722 0.0806 0.0646
 0.1116 0.0608 0.1116 0.1178 0.1116 0.0722 0.1116 0.0646
 0.1736 0.0608 0.1736 0.0646 0.1736 0.0722 0.1736 0.0646
 0.1550 0.0608 0.1550 0.646

− × − × − × − ×
− × − × − × − ×

= − × − × − × − ×
− × − ×

1

0 0.1550 0.1178 0.1550 0.0646
 0.0992 0.0608 0.0992 0.0646 0.0992 0.1178 0.0992 0.0646

1.228

−
 
 
 
 
 

− × − × 
 − × − × − × − × 

=

 

The aggregated results of the two risk status beliefs can be derived from Eq. (11): 

( )1' 1 1 1 1

    1.228 (0.0806 0.0608 0.0806 0.62 0.060 0.38)
    0.0957

A B A B B AK M M M H M Hβ = + +

= × × + × + ×
=

 

( )2' 2 2 2 2

    1.228 (0.1116 0.0646 0.1116 0.62 0.0646 0.38)
    0.1240

A B A B B AK M M M H M Hβ = + +

= × × + × + ×
=

 

( )3' 3 3 3 3

    1.228 (0.1736 0.1178 0.1736 0.62 0.1178 0.38)
    0.2123

A B A B B AK M M M H M Hβ = + +

= × × + × + ×
=
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( )4' 4 4 4 4

    1.228 (0.155 0.0722 0.155 0.62 0.0722 0.38)
    0.1654

A B A B B AK M M M H M Hβ = + +

= × × + × + ×
=

 

( )5' 5 5 5 5

    1.228 (0.0992 0.0646 0.0992 0.62 0.0646 0.38)
    0.1135

A B A B B AK M M M H M Hβ = + +

= × × + × + ×
=

 

1
1 0.0957 0.1347

1 1 0.2893UH
ββ

′

′= = =
− −

 

2
2 0.1240 0.1744

1 1 0.2893UH
ββ

′

′= = =
− −

 

3
3 0.2123 02985

1 1 0.2893UH
ββ

′

′= = =
− −

 

4
4 0.1654 0.2327

1 1 0.2893UH
ββ

′

′= = =
− −

 

5
5 0.1135 0.1597

1 1 0.2893UH
ββ

′

′= = =
− −

 

5

1
1, 0n H

n
β β

=
= =∑ , It means that the data of the belief distribution of the two 

risk status are complete. In the case of 1
1L

nn
β

=
≠∑  , Hβ   is the residual value of the 

calculated belief. 

Therefore, the risk status of Level I risk factor "ship factor" can be expressed as 

follows: 

( ) ( ) ( ) ( ) ( ){ }1 2 3 4 5,0.1347 , ,0.1744 , ,0.2985 , ,0.2327 , ,0.1597ABR R R R R R=  
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