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Abstract
The recent rapid improvement of nautical equipment functionality allows one to better observe and predict the 
dangers related to seamanship. However, these new features come with added complexity, and large amounts 
of information can overwhelm vessel crews and fleet operation centers, and the current state-of-the-art tools 
cannot filter out only the most important data for a given time and location. This paper presents the concepts and 
the algorithms of a software suite that provides a user with problem-oriented advice about a particular risk en-
dangering a vessel and its crew. Based on the calculated navigational dangers and their predicted development, 
actionable guidance is proposed in an easy-to-understand human language. The quality of good seamanship is 
improved by a holistic approach to vessel installation, automated fleet operation center priority queuing, and 
the evaluation of crew performance during simulator training and daily operations. Both the software user in-
terface, as well as the insights provided by the algorithm, are discussed.

Introduction

Human error is a constant variable when it comes 
to sea navigation. By nature, humans make mistakes, 
and by investing efforts into self-development, mis-
takes can only be reduced but never entirely elim-
inated (Dekker, 2014). Human error is involved in 
nearly 80% of maritime-related accidents (Baker 
& McCafferty, 2005), and the vast number of sen-
sors and instruments available on a vessel’s bridge 
and inside fleet operation centers are believed to 
contribute to such errors. The operational applica-
tion of these tools introduces some problems: they 
are not designed as a comprehensive and centralized 
system, but rather as a distributed system divided 
into modules that do not directly interact with each 
other, since they are produced as separate products, 

by different manufacturers (Weintrit, 2013). This 
system feature can further lead to an information 
overflow for operators in challenging or unclear 
situations since each device is encapsulated within 
its own environment (for example, it may have its 
own user interface, such as an LCD screen) (Manley, 
2008).

As a result, the system provided to aid the user in 
the acquisition and processing of navigational data is 
not helpful but instead makes a given task even more 
difficult. In order to address such issues, a novel 
approach for maritime data processing and evaluation 
is presented in this paper, along with a description of 
the centralized ecosystem permitting its facile usage. 
To this end, the proposed system utilizes a fuzzy log-
ic based algorithm that takes into account more than 
forty static and dynamic input parameters that are 
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further processed via data fusion mechanisms. The 
main distinguishing feature of this method is that it 
utilizes so-called “linguistic” variables in addition to 
simple numerical variables (Zadeh, 1973). By using 
the available input parameters during a voyage, it is 
possible to provide a numerically-based expression 
of the current situation in terms of various hazards 
endangering the vessel and its crew.

System description

The proposed solution works as part of the vessel 
environment presented in Figure 1. Each ship-sup-
ported system consists of a data distribution module 
(later referred to as DDM) – basically a computer 
program serving as a node for gathering and merging 
various information (such as sensors placed along 
the vessel, weather, or crew data). The MRP (mar-
itime risk processor) is the node in which the com-
putation and data fusion is performed. The required 
input parameters are provided to the MRP via the 
DDM, which gathers data from all available sources.

Data distribution module

MRP MRI User

Vessel
data

Weather
data

. . .
Crew
data

Figure 1. System data acquisition and distribution through 
the data distribution module (DDM) – the block diagram

Apart from the information that is automatical-
ly obtained (such as vessel speed, wind direction, or 
power generated by the engine), there are parameters 
that must be provided by the user. An example of 
such data is the information on which crew mem-
bers are currently at the bridge. Another example is 
data that cannot be automatically gathered because 
a sensor is broken or missing. To satisfy the former, 
each crew member should register their presence on 
the watch, i.e. via biometric sensor installed at the 
bridge. For the latter, a GUI (graphical user inter-
face) is used to enter all of the missing parameters. 
This program, described in Figure 1 as an MRI 

(maritime risk indicator), can be executed locally 
on the DDM vessel or remotely in a fleet operation 
center. The application can be used to enter missing 
parameters, but it is mainly used to present the MRP 
outputs to the user in a human-readable way.

A computation performed in the MRP block is 
presented to a user in the MRI block, via the DDM 
block, as presented in Figure 1. The user (either 
a local vessel crewmember or a remote fleet oper-
ation center operator) doesn’t interact with the cal-
culation program directly, but rather via dedicated, 
specialized interface.

Process goals

The end user output from the computation block 
consists of six specific nautical risk levels, expressed 
as a normalized number and readable description of 
the situation related to a certain risk. The six sup-
ported risks are:
1. COLL: the likelihood of a collision with another 

sea object (such as ships);
2. GROU: the likelihood of the vessel running to 

ground in shallow waters;
3. TRAC: the likelihood of the vessel going off its 

planned route (not reaching the destination in time 
or at all);

4. ENVI: the likelihood of the vessel being immobi-
lized or drawn because of environmental condi-
tions (such as waves or wind);

5. MANN: the likelihood of the vessel being immo-
bilized or drawn because of manning-related 
reasons (insufficient number of crewmembers or 
their lack of knowledge, experience, or training);

6. ECON: the likelihood of the vessel being immo-
bilized due to economic reasons (i.e. a vessel run-
ning out of fuel).
Figure 2 presents the MRI application running on 

an Android device.
The program is compatible with five operat-

ing system platforms (Windows, Linux, Mac OS, 
Android, and iOS/ iPadOS). The risk levels are 
shown for all mentioned indicators and can have val-
ues that range from 0.00 to 1.00, where 0.00 means 
there is no risk, and 1.00 represents the highest pos-
sible risk level.

The main user interface component is a hexagon 
(also referred to as the “Risk Spider”), which is vis-
ible in the bottom part in Figure 2. The longer the 
“arm” of a certain risk is, the higher its value. The 
same information is presented in a purely numerical 
form in the top part of Figure 2 under the “current 
risk indicators” section. When a risk level reaches 
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a predefined threshold, the internal hexagon shape 
and the corresponding indicator change colors (to 
yellow at the “warning” threshold and red at the 
“critical” threshold) in order to draw user attention 
more efficiently. The application also allows the 
user to view the description related to each risk after 
clicking its indicator (Figure 3). This text is an indi-
rect output from the MRP block and is automatically 
generated in real-time when the risk levels and MRP 
inputs change.

When the MRI application is used in a fleet oper-
ation center, the number of supported vessels can be 
greater than one. In this case, the communication 
link between the MRI and DDM shown in Figure 1 
is established remotely via the internet.

Figure 4 presents an additional user interface 
window available in the MRI in the “multivessel” 
mode. In this example, two remote vessels are being 
handled, and clicking on a vessel thumbnail brings 
the view from Figure 2 for that vessel.

To summarize, the system’s aim is to minimize 
the visual overhead (for the crew and fleet operat-
ing center operators) required to maintain good sea-
manship, i.e. having a safe voyage. This is done by 

Figure 2. The MRI application running on a Pixel 2 XL 
Android 9.0 smartphone

Figure 3. A popup window showing the current risk descrip-
tion after its indicator was clicked or tapped by the user (in 
this example, the ECON indicator)

Figure 4. The MRI application running within Windows 
operating system in a fleet operation center, showing two dif-
ferent vessels “thumbnails” with the most important infor-
mation in them (vessel ID and the highest risk)
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reducing the number of handled parameters from 
several dozen to six basic risk values.

Theory of operation

In order to estimate the output value of a single 
risk, neither an algebraic attempt nor a classical 
closed-loop control approach (such as a PID control-
ler) is sufficient. For the former, this is due to the fact 
that there are no clear and proportional correlations 
between the input and output values, thus, no single 
equation can be given. The latter suffers from the 
same shortcomings as the former, as well a number 
of input parameters that is so great that the number 
of series/parallel connected controllers would be too 
high, making the process very difficult to compile in 
practice (Åström & Hägglund, 2006; Bolton, 2015).

To this end, the MRP computation block utilizes 
a fuzzy logic control scheme since it is better suited 
for systems with multiple inputs that are not directly 
derived from each other (Ibrahim, 2004).

As stated in the process goals section, the aim is 
to give the user subjective, short, and readable infor-
mation about the current situation. Since the fuzzy 
logic approach is designed to mimic how a human 
makes decisions and understands data (Wang, 1994), 
there is a second reason why this method was utilized 
in the algorithm. As an example, the estimation of 
the tracking risk level value will be presented. Fig-
ure 5 shows the top-level calculation block diagram. 
Many independent input parameters are fused in the 
processing module to produce a single risk value. 
Some of them are static (i.e. the vessel’s breadth or 

length), and some change in real-time (i.e. vessel 
speed or draft). The watchman vigilance factor is an 
internal, unitless coefficient expressing (in a simpli-
fied way) the level of knowledge and experience of 
the person on watch. The navigation mode is an enu-
merator that indicates the type of waters (environ-
ment) in which the vessel is cruising. The possible 
types are:
• voyage in an open sea,
• voyage near the coast,
• voyage in the traffic separation lane,
• approaching another sea object,
• the ship is at anchor,
• voyage in a fairway (channel).

The vessel stopping distance characteristics is 
a static two-dimensional vector array. It expresses 
the required distance to stop the vessel at a given 
speed (the stopping distance [m] in a function of 
the vessel’s speed [m/s]). It is prepared beforehand 
and is provided for the algorithm as a static data set. 
In order to interpolate the required stopping distance 
at the current vessel speed, a Lagrange polynomi-
als-based method is utilized. It is suitable since the 
given set of velocity points does not consist of any 
identical value data, and the characteristics are non-
linear (Fortuna, Macukow & Wąsowski, 2015).

For example, if we assume that the stopping 
distance must be calculated for a ship velocity of 
17.5 kts, the given input data is:
X – the current velocity,
x1, x2, x3,…,xn – the velocity characteristics vector,
y1, y2, y3,…,yn – the stopping distance characteris-

tics vector,
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The interpolation polynomial in the Lagrange 
form is presented in Equation (1), which is a linear 
combination of Lagrange base polynomials (Equa-
tion (2)). The simplified form of Equation (1) is then 
presented in Equation (3):
 L = l1·y1 + l2·y2 + l3·y3 + … + ln·yn (3)

Processing module

A B C D E F G H I J K L M N O

Tracking

Risk Level

Figure 5. Top-level tracking risk level estimator block dia-
gram. The input parameters are: A) track error [m], B) ship 
breadth [m], C) overwater speed [kts], D) ship length [m], 
E) maneuver radius under the keel, F) radar antenna dis-
tance [m], G) vessel rear draft [m], H) vessel front draft [m], 
I) total vessel draft [m], J) keel clearance limit [m], K) water 
depth along the fairway, L) water depth under the keel [m], 
M) watchman vigilance factor, N) navigation mode, O) vessel 
stopping distance characteristics
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Figure 6 presents the calculated stopping dis-
tance for a given velocity of 17.5 kts (the data point 
values shown in Figure 6 x and y were not explic-
itly mentioned in order to not obfuscate the pre-
sented equations). The calculated stopping distance 
becomes a direct input for an internal process mod-
ule (Figure 7).

The calculations inside sub-process module 2 
will be explained (Figure 7) since they are not com-
plicated and do not require much space to explain. 
First, the ratio of the utilized space under the keel to 
the available space is calculated using Equation (4) 
(an analogous equation is also applied in the GROU 
risk procedure calculations).
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where:
L – current water depth under the keel,
I – the total/maximum vessel draft (front or rear 

draft; whichever is greater),
J – the keel clearance limit.

Next, the fuzzy rules table based on expert knowl-
edge (Table 1) is utilized to obtain the inputs for the 
summing and averaging module. Similar methods 

based on fuzzy tables are used in sub-process mod-
ules 1 and 3. Their internals are omitted here due to 
space limitations. After obtaining all three outputs, 
they are merged in the summing and averaging mod-
ule. The first step inside this block is to find the dif-
ference quotient of the membership functions for the 
given fuzzy sets (Equation (5)). The standard (typi-
cal) to sub-module output compliments ratio (yn) is 
obtained and normalized with a predefined weight:
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where:
n – sub-process module index,
a – a typical output value for an acceptable risk 

within good seamanship boundaries,
bn – sub-process module of index n output value 

(see Table 1),
wn – preassigned weight coefficient.
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Figure 6. Exemplary stopping distance characteristics. 
A Lagrange polynomials method was used to find the stop-
ping distance for a vessel at speed of 17.5 kts (~9 m/s)
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Figure 7. The processing module (Figure 5) sub-block sche-
matics. The newly introduced P parameter represents the 
calculated stopping distance [m] (Equation (3))

Table 1. Sub-process 2 output fuzzy rules set

Ratio Output
≤ 1.2 0.95

> 1.2 && ≤ 1.25 0.9
> 1.25 && ≤ 1.3 0.85
> 1.3 && ≤ 1.35 0.8
> 1.35 && ≤ 1.4 0.75
> 1.4 && ≤ 1.5 0.7
> 1.5 && ≤ 1.6 0.6
> 1.6 && ≤ 1.7 0.5
> 1.7 && ≤ 1.8 0.4
> 1.8 && ≤ 1.9 0.2

> 1.9 0
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The final risk value is obtained via summing and 
averaging the outputs from the sub-modules (Equa-
tion (5)). This is an indication between “no risk at 
all” and “highest possible risk” (Equation (6)):
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where:
i – the risk index (from 0 to 5),
wi – risk-specific weight. For the tracking risk, it is 

the watchman vigilance factor.
The remaining risks (COLL, GROU, ENVI, 

MANN, ECON) are obtained via a similar method at 
the end. The difference is how the input parameters 
are fused into usable b values (Equation (5)).

An additional note must be made about the out-
put interpretation. Even though the given processes 
are fuzzy logic-based, this does not require the risk 
values to be thread because they were ambiguous, in 
a sense of their membership level. That is, a GROU 
output of 0.5 does not suggest that the vessel is 
already 50% grounded (assuming the level of being 
completely grounded was given). It suggests (in an 
intuitive sense) that there is a 50% probability of 
grounding soon under the given conditions. 

Probability theory and fuzzy logic theory tend 
to answer different questions: “whether” and 
“how much” (Kosko, 1990). However, probabil-
ity and fuzziness have common features, such as 
(Łukasiewicz, 2011; Heald, 2017):
• fuzzy logic is based on a Lukasiewicz’s probabi-

listic logic,
• membership functions and density functions are 

similar to each other, and their values range from 
0 to 1,

• unclear linguistic terms can be taken as probabi-
listic terms,

• fuzzy logic theory can be viewed as probability 
theory, but not vice versa.
Based on the described qualities, it is fair to 

interpret the algorithm outputs as risks based on the 
dictionary definition of “risk” (Merriam-Webster, 
2019).

Conclusions

The data distribution module ecosystem (Fig-
ure 1) provides a feasible way for a vessel’s crew 
and fleet operation center operators to monitor the 
various possible events endangering a ship. It is per-
formed by using a method that allows excess infor-
mation to be filtered out and the current situation to 

be narrowed down to six human-readable risk levels 
and their descriptions. The depicted algorithm can be 
used to simulate how an actual person would react to 
various danger indicators as if their data acquisition 
and processing capacities were significantly greater. 
The algorithm does not intend to replace a human 
operator, but rather to aid him in the bottleneck areas 
instead.

By the end of the year, there are plans to finish the 
simulations, as well as the “in the field” testing pro-
cedures. If successful, future plans are to develop an 
additional module based on neural network technol-
ogy which will provide risk trends for both the near 
and far future, based on historical input parameters 
and the behavior of human operators.
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