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This paper explains some strategies for allocating tasks across the human and electronic line ofconduct
ofa vessel. The paper tries to define what should master do, and what should be left to the system. The
location strategy has to be defined by the natureof 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 overloadof 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 wellaware of external
situations - accidental threats, for example- as well as of the internal status ofall
systems,and optionsfor dealing with faulty equipment,in combination with com-

mercial realities and international laws. The ship can beat sea for along period ši
time, Progressing to its destination port on aroundthe clock basis. TheM€nvironment for the people running ships can be pitching and rolling ambeEgiven certain weather patterns. In fact onboardlife ishighly demanding an I .General accident statistics for ships have shownhittle improvement Kagihetechnologicaladvancesin ship design. The human element thusmaainEcalfactorin the maritime safety,and consequently integrative approach ofev:

“on of the human and technological hardwaresafety is required.Pc:20-90.% of shipboardaccidentsarestated to have beenEre mecimae.This is comforting for ship managers as it implies that there 15 li igtter man-o oan be doneto prevent most accidents. This is nottrue, because
age,

m&ement can Prevent most accident. for extending automa-
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ship operation has to be focused on ship safety. It has to be stressed that;deno snem does not aim to eliminate operator, but to improve hisperona

Theelectronic revolution hasbeen an accomplice to a reductionin mann;,..
Jevels so drastic that a medium-sized refer ship which, 25 years ago, might Teo
had a crew of 50 or more, would now sail with less than 20. e

The majorquestion exercising the minds oftoday“s ship designers and oper-ators is how best to achieve the goal of one-man bridge and how to find the o na
mum way of combining into a coherent package a great numberof systems and
subsystems which, together, comprise a ship. It must be understood that basic ele-
ments in any operating system are human operator, the technical System, the
man/machine interface and operational procedures.

A system can befully automated or based on manual operation, but most of
them willbe a combination ofthe two. Itis important that the technical system and
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) betweena setof variables, which are relevant to some problem. They might
berelevantbecause we willbe able to observe them, because we need to know their
valueto take someaction 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, 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 modelfor probabilistic relationships among
a set of variables.

Ž

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 readersfamiliar onlywith the classical view. The Bayesian probability ofan eventx is a per-son's degree of belief in that event. Whereas a classical probability is a physical
Propertyof the world (e.g., the probability that a coin will land heads), a Bayesian
probability 1sa property of the person who assigns the probability. One common
criticism of the Bayesian definition of probability is that probabilities seem arbi-
trary. With regardsto the first question, many researchers have suggested different
sets of belief. Properties that should be satisfied by degrees ofbelief It turns out thateach set of properties leadsto the same rules: the rules of probability. Although
each setof properties isin itself compelling, the fact that differentsets all leadto the
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bability provides a particularly strong ar iPE beliefs. In general, the process of measuring:.danE probability
omeo referred to as a probability assessment. The technique for araoeLetis com.MNEeeinod none ot manysai.EME OT Assessment thatwehave Je“: Operations Research, and P discussed in the Mement Science, "pe :2na “Sychology litera eMan cases, probabilities are used to make decisions, and thesedooetelessin

are notsensitive to small variations in probabilities.
ABayesian beliefnetworkis used tomodela domain co

in some manner. Elsewhere, the shorter termsbelief netwo
work are used andalso in the past, the term causal proba
been used. A Bayesian belief networkis a directed acyelic
represents a random variable. Each node hasthestates o
represents anda conditional probability table or in mor
tional probability function. The conditional probability
probabilities of the node beingin a specific state given thestates of its parents

Bayesian belief networks are often used to model domains that are charac
terized by inherent uncertainty. (This uncertainty can be dueto imperfect under-
standing of the domain, incomplete knowledge of thestate 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 representinga variable S; with parent nodes representing vari-

ableS S,),91(2) »---» 9x) 1S 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
setof conditional probability tables. Each variable is assigned a conditional proba-
bility table of the variable givenits parents. For variables withoutparents, 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 nodesinan
acyclic directed graph. These conditional probabilities specify the probability of

nodeS,given the values ofits parents, i.e., P(S;|S,.,), where n(i) represents thesetof
indicesofthe parents of node Sand S, , represents the correspondingset ofpm
nodes To obtain the joint probability distribution forallof the N nodesin the grapi '
le, P(S) =P(S,, S,,..., Sp), we take the product over the local node probabilities:

rules of Pro

Ntaining uncertainty
Ik and Bayesian net-bilistic networks have

graph where each nodef the randomvariable it
€ general terms a condi-
table of a node contains

n 1nr II P(S, 50) 0
ia iliti der this

.. Inference involves the calculation of conditional probabilitiesSJomnt distribution. The problem of probabilistic inference in graphicalmIProblem of computing a conditional probability distribution over
1

; values of otherSome ofthe nodes (the “hidden" or “unobserved nodes), given naent the setofnodes (the “evidence" or "observed" nodes). Thus, letting H rep
ish to celeteje i idence nodes, we Wi

late PHI) and letting E represent theset of evi
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PoSE) o
General exact inference algorithms have been developed to perform this ca].

culation (Jensen, 1996; Shachter, Andersen, & Szolovits, 1994; Shenoy, 1992). iliraso
algorithms take systematic advantage of the conditional independencies Presentin
thejoint distribution as inferred from the pattern of missing edgesin the graph.

THE MODEL
One way to categorize problems locates them within multidimensional spacessuch as the Herman'ssituation 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
piEdinkaEE ovo tlireat Short decision time Anticipated

Mostlyall the situations on board are mutinied, and although it seems that
there is always sufficient time, thereare the situations where a person on board hasto operatein crisis real-time conditions. The Bayesian model using Herman'sdi-
mensions — threat, decision time and awareness has been introduced using com-
puter program HuginLite 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 systemcould be used on the vesselfor 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
mostprobable configuration. Ifa state ofa node belongs to the most probable con-figurationitis given the value 100. Allother statesare given the relative value oftheprobability of the most probable configuration they are found in compared to ine
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 humanintervention is needed in maximally in the 30% ofthe time.
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Anticipated

Low

Picture 3 Impactof the decision time.

Anticipated

Low

Picture 4 Impact of the threat

The impactof the decision time shown on Picture 3, shows significant in-crease of the human operation when changing the decision time from extended 1short. The probability for the master operation is 14% for the extended time, 20.4%for the medium and 34% for the short decision time.
Theimpactofthe threatshown 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 allocati

nd electronic components of a vessel computerZs tasks across the hum
The allocation strategy hasto be defined bye m using Hermanoonbe. :a by the system; thesituational milieu in whii

Nature of thetasks to be per-mei ower of advanced analytical method. ch the system will
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Sažetak
LJUDSKO ILI ELEKTRONIČKO UPRAVLJANJE BRODOM

snt neke strategije pri određivanju postupaka upravljanja brodom ljudskim il

MEe dređuje se postupak koji bi trebao izvoditi zapovjednik, te oni koji bi se trebaliI I se strateški postupak treba definirati na osnovi prirode posla definiranog

zene S) stiuaciji uporabom naprednih analitičkih metoda. Za kvantificirane predloženog
ištena je Bayesova mreža Vjerovanja. Korištenjem predloženih uvjetnih vjerojatnostirezultati pokazuji jedni čajEVA. da zapovjednik mora u 18,9%, odnosno, u najgorem slučaju, u 307 slučajeva


