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HUMAN OR ELECTRONIC VESSEL
NAVIGATION

This paper explains some strategies for allocating tasks across the human and electronic line of conduct
of avessel . The paper tries to define what should master do, and what should be left to the system. The
allocation strategy has to be defined by the nature of the tasks to be performed by the system; the situa-
tional milieu in which the system will operate and the power of advanced analytical methods. The
Bayesian belief network has been used to quantify the proposed system. Using proposed conditional
probabilities the results define that the overload of the master is designed to 30% of the time in the worst
case, with normal load during 18.9% of the time.

INTRODUCTION

Today ship managers perform complex tasks. They must be well aware of external
situations - accidental threats, for example - as well as of the interngl stat.us of all
systems, and options for dealing with faulty equipment, in combination with com-
Mercial realities and international laws. The ship can be at sea fgr along Pe“f’d Z§
time, progressing to its destination port on around the clock basis. The operat(lion
environment for the people running ships can be pitching and rolling f?irﬁr{ag' !
8iven certain weather patterns. In fact onboard lifeis highly demandingan q i%é
General accident statistics for ships have shown little improvement isgﬁ_
.the teChnological advances in ship design. The human element thus remalfns e
1l factor in the maritime safety, and consequently integr ative app roachofev
ton of the human and technological hardware safety is required. by humaner-
20-90 % of shipboard accidents are stated to have been cat{se_tﬂy o
I0r. This ig Comforting for ship managers as it implies that thereis i eeb 2tter o
a 2t can be done to prevent most accidents. This is not true, becaus
§¥ment can prevent most accident. for extending automa-
fio Ormation engineering could provide thefmeansys rand predictive deci-
sion by making systems independently capable of diagr s ertain and changing
> 1S, Providing a coherent picture of ship environmentin unc ation systems on
fastates and operational requirements. Specialimpact of inform
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ship operation has to be focused on ship safety. It has to be stressed that informg
tion system does not aim to eliminate operator, but to improve his performancE 8

The electronic revolution has been an accomplice to a reduction in e o
levels so drastic that a medium-sized refer ship which, 25 years ago, might havg
had a crew of 50 or more, would now sail with less than 20. e

The major question exercising the minds of today’s ship designers anq oper.
ators is how best to achieve the goal of one-man bridge and how to find the e
mum way of combining into a coherent p.ackage a great number of systemg and
subsystems which, together, comprise a ship. It must be understood that basjc ele-
ments in any operating system are human operator, the technical system, the
man/machine interface and operational procedures.

A system can be fully automated or based on manual operation, but most of
them will be a combination of the two. Itis important that the technical system ang
the shipboard personnel can meet equivalent functional requirements and, if nec.
essary, replace each other. These ensure that the system configuration has the same
degree of reliability whatever the distribution of manual and automatic perfor-
mance may be.

This paper tries, using Bayesian network approach, to investigate what are
the probabilities that the electronic system could completely supersede the human
on board.

THE BAYESIAN APPROACH

A belief network (also known as a Bayesian network or probabilistic causal net-
work) captures believed relations (which may be uncertain, stochastic, or impre-
cise) between a set of variables, which are relevant to some problem. They might
be relevantbecause we will be able to observe them, because we need to know their
value to take some action or report some result, or because they are intermediate or
internal variables that help us express the relationships between the rests of the
variables.

A Bayesian network is a graphical model for probabilistic relationships
among a set of variables. Over the last decade, the Bayesian network has become a
popular representation for encoding uncertain expert knowledge in expert sys-
tems. Bayesian network is a graphical model for probabilistic relationships among
a set of variables.

: To understand Bayesian networks and associated learning techniques, it is
important to understand the Bayesian approach to probability and statistics. In
this section, we provide an introduction to the Bayesian approach for those readers
familiar only with the classical view. The Bayesian probability of an eventxis a per-
son’s degree of belief in that event. Whereas a classical probability is a physical
property of the world (e.g., the probability that a coin will land heads), a Bayesian
pr_o.bgbxhty 1s a property of the person who assigns the probability. One common
criticism of the Bayesian definition of probability is that probabilities seem arbi-
trary. With regards to the first question, many researchers have suggested different
sets of belief. Properties that should be satisfied by degrees of belief It turns out that
each set of properties leads to the same rules: the rules of probability. Although
each set of properties is in itself compelling, the fact that different sets all lead t0 the
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¢ probability provides a particularly strong gy .
ﬂﬂ;fegsgxe beliefs. In general, the process of megsur%;g\ :gtefOr Using probabj;
to X0 referred to as a probability assessment. The tectygiq o % Peliefis com.

co tech
avejust described is one of many available temrﬁq‘?éz‘fﬁsgsﬁ?m&fm that
In the Man-

e : Operations Research, and P i
-mentScience, Upe: e g2 chologyliters i

oSt Cases, probabilities are used to make decisions, ang thet;g [:iNPr'\e&ldeSS'm
N0 ive o small variations in probabilities. SSRienot
s ABayesian belief network is used to model 3

domai_nc Boeq 3
n some manner. Elsewh_ere, the shorter terms beljef netW:rIllt?r?éngaum_ermW
work are used and also in the past, the term causa] probabilistic ne fxzii?snhneh
ave

. A Bayesian belief network is a direct i

bt uSrel(tis a ran}c,lom variable. Each node has ﬂfg sigchc Faph where each node
rep e ats and a conditional probabili oy he random variable it
represents and a condit probability table or in more genera] terms a condi-
fional probabxhty functlon..The. conchtlgx}al probability table of 5 node contains
probabilihes of the .node being in a specific state given the states of jts parents.

Bayesian belief netwgrks are gften used to model domains that are charac-
terized by inherent uncertainty. (This uncertainty can be due to imperfect under-
standing of the domain, incomplete knowledge of the state of the domain at the
time where a given task is to be performed, randomness in the mechanisms gov-
erning the behaviour of the domain, or a combination of these.)

Formally, a Bayesian belief network can be defined as follows:

A Bayesian belief network is a directed acyclic graph with the following
properties:

- Each node represents a random variable.

- Each node representing a variable S; with parent nodes representing vari-
ables S.1),5:) s---» Sy 18 assigned a conditional probability table).

The nodes represent random variables, and the edges represent probabilis-
tic dependences between variables. These dependences are quantified through a
set of conditional probability tables. Each variable is assigned a conditional proba-
bility table of the variable given its parents. For variables without parents, this is an
unconditional (also called a marginal) distribution.

Bayesian network (also known as directed graphical model) is specified nu-
merically by associating local conditional probabilities with each of the node.s.m an
acyclic directed graph. These conditional probabilities spec.ify the probability of
nodeS; given the values of its parents, i.e., P(S;| Sy ), where (i) represents the setof
indices of the parents of node S,and S, ; represents the corresponding set of parent
nodes Ty i ioi bilitv dstributi f the N'nodesin the graph,
I 0 obtain the joint probability distribution forall of the s
Le, P(S) =P(S,, S,,..., Sy), we take the product over the local node probabilities:

n 1
P(S)= H P(S| S,,) 1)

5 it bilities under this
Inference involves the calculation of Cc.)ndmonal‘ pmbahjcalmodelsisthi
SR alues 0

Problem of computi bt bability distribution over the v
puting a conditional proba t'y : alues of other
“meof the nodes (the “hidden’" or “unobserved' nodes), givern mee‘;ent the set of

nodes (the ”eviden " “ " Th leftlng H repr :
. ce" or “observed" nodes). Thus, to calcu-
fidden noges and letting E represent the set of evidence nodes, we wish to

late P(HIE):
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P(H, E)
P(HE)=——=~— 2
(HE) =5 @

General exact inference algorithms have been developed to perform thig cal-
culation (Jensen, 1996; Shachter, Andersen, & Szolovits, 1994; Shenoy, 1992). These
algorithms take systematic advantage of the conditional independencies Present in
the joint distribution as inferred from the pattern of missing edges in the graph,

THE MODEL

One way to categorize problems locates them within multidimensional spaces
such as the Herman’s situation cube.

This three dimensional space locates problems along three dimensions:
threat, decision time and awareness. Eight different situations are recognized:

Table 1. Situations from Herman's situation cube

A | Crisis High threat Short decision time Surprise
B Innovative High threat Extended decision time Surprise
C | Inertial Low threat Extended decision time Surprise
D | Circumstantial | Low threat Short decision time Surprise
E Reflexive High threat Short decision time Anticipated
F Deliberative High threat Extended decision time Anticipated
G | Mutinied Low threat Extended decision time Anticipated
P fadninistiative Low threat Short decision time Anticipated

Mostly all the situations on board are mutinied, and although it seems that
there is always sufficient time, there are the situations where a person on board has
to operate in crisis real-time conditions. The Bayesian model using Herman’s di-
mensions — threat, decision time and awareness has been introduced using com-
puter program Hugin Lite from Hugin Expert co. Denmark. The initial probabilities
could be seen from the Picture 1, representing the screen view of the program.

THE RESULTS

Initial results, based on presumed probabilities show that the electronic system
could be used on the vessel for 81.01 % of the time, and for 18.99 % of the time hu-
man surveillance and supervision is necessary.

The maximal normal propagation method can be used in Bayesian belief
networks containing only discrete chance nodes to find states belonging to the
most p.robable configuration. If a state of a node belongs to the most probable con-
figurationitis given the value 100. All other states are given the relative value of the
probability of the most probable configuration they are found in compared to the
most probable configuration. Using this method the results show that the elec-
tronic system could steer the vessel maximally in 100% of the time, and the human
Intervention is needed in maximally in the 30% of the time.
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Th? impact of the awareness is shown at Picture 2,and the dlffcfffn o

fesults arjsin : i
g from the probabilities variation from 100 % 0 7
:Wﬂ{eness (tesulting in OP%) and 100% for surprise) shows the 84.7% and 806 % of
€ usable for the electronic system.
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Picture 3 Impact of the decision time.

Anticipated

Picture 4 Impact of the threat

The impact of the decision time shown on Picture 3, shows significant in-
crease of the human operation when changing the decision time from extended to
short. The probability for the master operation is 14% for the extended time, 20.4%
for the medium and 34% for the short decision time.

The impact of the threat shown on Picture 4 shows that the human interven-

tion is needed from 2% for low threat, 24.6 % for medium threat up to 42.2% for
high threat.
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CONCLUSION

This paper explains some strategies for allocating ¢

d electrODiC cqmponents of a vessel computer Systexg uiil:s éll_Icross the.human
gbe. The allocation strategy has' tobe d?.i_‘ined by the nature ofgth:{ ;nisn Situation
formed by the systemn; the situational milieu in which the system will ooy be per-
the power of advanced analytical methods. Bayesian 1, Operate and

to quantify the proposed system, showing that thEh}ff networks have been
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SaZetak
LJUDSKO ILI ELEKTRONICKO UPRAVLJANJE BRODOM

U'radu se nastoje razjasniti neke strategije pri b g . Ackimili
i 4 je pri odredivanju postupaka upravljanja brodom ljudskim i1
leilzzg?l:;kézl n,z]z ;‘te"’TO dreduje se postupak koji bi trebao izpvodiz zapoz}:jedn]ik, ;e oni koji bi se trebali
sustavom u Zadaomf -;1] se strateski postupak treba definirati na osnovi prirode posla definiranog
i 10] Situaciji uporabom naprednih analitickih metoda. Za kvantificiranje predloZenog
ristena je Bayesova mreza vjerovanja. Koristenjem predlogenih wvjetnih vjerojatnosti

rezultati pokazuj; s e
upravlia tz"’Zroggyj;: da zapovjednik mora u 18,9% odnosno, u najgorem slucaju, u 30% slcajevt



