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ABSTRACT

Owing to the many uncertainties involved, the management of container
operations is very challenging. The storage of coetai is one of thos
operations that require proper management to achieve efficient utilisation
yard, short handling time and a minimum number efiaadlings.The aim of
this study is to develop a fuzzy knowledge based optimisation system ba:s
genetic agorithnfFKB@médf or the manage
operations that takénto consideration factors and constraints of long ¢
containers that exist in relife situations. One of these factors is the duratior
stay of a container ieach stack. Because the duration of stay of contai
stored withpree x i sti ng containers varies
strategy is proposed to activate or deactivate the duration of stay factor
estimation of departure time if the topsta@ontainers for each stack have b
storel for a similar time period. A genetitgarithm module based Multiayer
concept is developed which identifies the optimal fuzzy rules required for
set of fired rules to achieve a minimum number of contai@dandlings when
selecting a stackAn industrial case study is used to demonstrate
applicability and practicability of the developed system. The proposed sy
has the potential to produce more effective storage and retrieval strategi
reduchg the number of reandlings of containers. The performance of
proposed system is assessed by comparing with other ConstPaiteabilistic
Stack All ocati on n-NdigBbdwhood 1Stdck Sllocate
ACNSAO storage and retrieval tech

1. Introduction

As a result of globalisatiomnd economic growth, the need for container transportation has become very
significant, and consequently leads to competition between container terminals. Thus, efficient handling operations
in container terminals are becoming increasingly important g85h As most of the terminal operations are
concerned with the storage and movement of containers in or out of the yard, the efficiency of these operations is a
very important issue as mentioned in [8].
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One of the most complex tasks in the managemerdoonfainer yards is the storage operation of import
containers. This is because the arrival of a truck to pick up the container is random, so the departure time of th
container is unknown. Storing an import container on the top of another which is glmeuo of the yard first can
lead to unnecessary handling by the yard cranes which is a costly arabtisueming operation as definied34].

Several techniques have been developed for import container storage operation in yards with an unknowr
departue time for short duration of stay such as the segregation angegoegation strategies discussedi10],
and a fuzzy logic based rule mod2B]. However, there is still a lack of advanced optimisation systems for the
storage of import containers thaould stay for long duration given their unpredictable departure behaviour. These
containers could stay for long duration of stay in yards due to that their customers do not have enough storag
facilities. These systems will assist the planners of tehmperations to achieve the most efficient allocation of
containers which will eventually contribute to a much reduced total numbertaEndtings, reducing the re
handling times and consequently improving the management productivity of the overalpgeations.

This study presents an innovative fuzzy knowletdgeed optimisation system for the management of import
container yard operations especially when containers stay for long duration, which will cause a disruption in the
storage plan of the impibcontainers. It considers rdike factors and constraints that have an effect on the storage
operation of import containers. These factors include the number of containers per stack, and the duration of stay c
the topmost container of the stack. Thastaaints of the proposed system include weight (full or empty), size, and
type of containers. In addition, the fuzzy knowledge based optimisation system is developed to optimise the fuzzy
rules that are contributing to the storage and retrieval operatigmgort containers.

The remainder of this paper is structured as follgwevious work is presented Bection 2 andsection 3
defines the container yard operations problem. The research methodology is discuSsetibim4. Section 5
describes thexperiments and results analysis. A comparison study withr affyroaches is ilktrated inSection 6
andSection 7 concludes the research.

2. Literature review

In this section, most of the existing approaches for solving the storage/stacking problems for containers with ar
unknown departure time are discussed. To solve this proR@ms,et al]29] used a fuzzy logic based rule model
which reduced the relocation ratio. At & criteria was considered in the model which included: the distance from
the block to the gate, the block utilisation, the stack height, and the difference in the estimated dispatch time
between the newly arrived and topmost containers in the stac&oht&iners arrived every 5 minutes and departed
randomly within a simulated time of O to 500 minutdgachi et al.[3] proposed a Genetic Algorithm model to
optimise positions of containers of different types with random delivery dates. The objective of the prapmteded m
was to identify an optimal storage operation for containers with a short duration of stay to reduce the number of re
handlings and increase the likelihood of meeting the mestalelivery deadline. Anothgeneticalgorithm model
was developed byachi et al[4] for optimising the storagspace allocation for import and export containers. The
objective of the model was to minimise thehandling operations and to organise efficiently containers with a short
duration of stay in the available storage spdoaqueira et a[15] studied the problem of storage space assignment
for containers by developing a simulatibased genetic algorithm to optimise storage rules for containers with a
short duration of stay. The purpose of the algorithm was to reduce unnecessary movementnefr<dhiginh
[12] introduced two stacking methods, mixed and-noxed, to solve the storage operation problem, which
controlled whether or not newly arrived containers were stacked on top of existing containers. These methods wer
introduced to evaluate the ettt of short container duration of stay on storage policies based on a number of
criteria, such as imported throughput, storage density, ahdndling productivityLawrence and Chwalai [22]
compared ordered and random stacking strategies for the asstgointbe correct slot for 150 containers with a
short duration of stay in the yard. The method used techniques which simulated the stacking of containers havin
both known and unknown departure times in both single and twin storage areas. The ainowipdmeson was to
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establish the number of unproductive movements of containers for each st@xtegg.and Eliiy[26] proposed a
rewardbased algorithm for solving the outbound container stacking problem for containers with a duration of stay
of a few days. The aim of tregorithm was to minimise the number offrendlings of containers and the travelling
time for cranes in the yard. The distance between the containers and the closest gantry crane, gantry crane
workload, number of stacked containers in neighbourhood bagsthe current height of the stacks at the storage
area were considered. Different sizes, weights, types, expected departure time (Epdrysaatidestination (PoD)
for containers weralso taken into account. A heuristic algorithm for the dynamic remading of inbound and
outbound containers was presented5]. In the event of a change to the expected departure time for a container,
this algorithm tried to assign the container to a different location taking into account the new departure time. The
objective of this heuristic was to find an optimal container storage plan which respected the departure time and
reduced the raandling of containers when the duration of stay was shartg et al[32] studied the stacking of
containers in both a static and dynareitvironment. These problems were studied to minimise the number of
container renandlings where the duration of stay was short. For the static environrdgariding problem, an
improved model was formulated and a number of effective heuristics andsiertenvere developed and their
performance analysed. For the dynamic environmehtarelling problem with continual arrivals and retrievals of
containers, the different heuristics of the static environment were applied and tested, and a simulationsnodel wa
developed with an animation function to show the stacking, retrieving amahding operation®ark et al[27]
suggested an online search algorithm for improving the container stacking operation when their duration of stay was
a week. This algorithm was usedreduce the randling and retrieval time for containers, which were grouped
according to size or weighZehendnef41] introduced an algorithm with performance guarantee for the Online
Container Relocation Problem (OCRP) where the retrieval sequence of contaimevealed over time. The
algorithm aimed to minimise the number of relocations of containers with a short duration of stay in the yard. A so
called levelling heuristic using the perspective of woeste competitive analysis of online algorithms andvdets
competitive ratio. Some computational experiments were provided which gave insights on the actual average
performance of the heuristic. Although the number of containers per stack was considered by the algorithm,
however, duration of stay was notnsidered.Jin et al.[14] developed an intelligent neural network based on
fuzzy-logic for scheduling container yard operations to improve storage of containers. The aim of the model was to
reduce the total operation time. This model included system status evalugt@ration rule and stack height
regulation and operation scheduling foontainer duration of stay of a few dasu et al.[23] introduced a fuzzy
based optimisation model for optimising the storage space allocation process. The putipesecofel was firstly
to minimise the unbalanced workloads between yard blocks and secondly to minimise the number of blocks to
which the same group of containers were split in the yard. The model considered containers with an unknown
departure time, as Wes the storage of different groups of containers in the same block and staekhématical
model was proposeith [36] to reduce the number of reservations (i.e. clusters) for each export container group
when allocating storage space for containersrevitiee duration of stay was less than a week. In this work, two
principals were considered for the allocation of space. The first principle was that containers in the same group
should be stored close together (i.e. in the same bay). By grouping contaithersame bay, the yard crane travel
distance could be minimised. The second principle was that different groups of containers could not be mixed in the
same stack. Researchers [10] used mathematical functions to analyse both segregationsagdegtion
strategies for the container storage problem. The main aim was to reduce the handling effort for containers when
their duration of stay was based on the number of ship arrivals. In the segregation strategy, cargoes from different
ships were separatedhile in the norsegregation strategy, containers from different ships were stacked together.
Kim and Kim[19] further improved on theegregation strategy proposed10] by using mathematical difference
equations.

This method considered constant, cyclic, and dynamic arrival patterns for containers with a duration of stay of 3
to 6 days, as well as the number of containers stored in each bay to achieve efficient storage &serdtenmd
Martin [30] proposed a mathematical modelskbd on probability distribution functions to achieve optimal storage
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for containers with 3 to 4 day duration of stay, while minimising unnecessary movements. The arrival and departure
rates for containers, storage yard characteristics, the probabiligorgainers leaving the terminal and the
relationship of that probability to the intarrival time were considered during the optimisation prod€iss.[18]
suggested mathematical equations to solve the container stacking problem which were used to estiotake th
number of rehandlings required to pick up all the containers in a bay. This work took into account unknown
departure times for containers with a short duration of stay until all the containers were removed without
considering additional containef®eing added. The main variables of the formulation were: the number of
containers, the number of rows and the distribution of stacking heights in th&Hzag et al[42] discussed a

rolling horizon approach for improving the storage space allocation process.tdlheutober of planning periods

in a planning horizon was 18 hours. The main aim of the proposed approach was to minimise both the workload ir
the storage yard blocks and the total distance required to transport the container between the storage thiecks and
vessel berthing locatiotKu and Arthanar[21] proposed a stochastic dynamic programming model to calculate the
minimum number of expected reshuffles for containers. Relocated containers were given different departure time
windows with an assumed duration of stay olyca few days. The model incorporated a sedased algorithm in

a tree search space, together with an abstraction
(ERI), was defined as the expected number of containers that depiait thah the container being reshuffled to

the column. The ERI heuristic chose the column with the lowest ERI as the target column for the reshuffled
containers. Between 30%0% reduction in the average number of reshuffles was achieved by the proposed ERI
heuristic compared to the random selection method. The model did not consider the storage of containers based ¢
their actual duration of stay in the yaiang et al[37] developed a MultDbjective Integer Programming Model
(MOIPM) for solving the container Stacig Position Determination Problem (SPDP) when the container duration

of stay was a few days.

The objective of the model was to increase the container circulation, reduce unbalanced workloads and reduc
the movements of the yard craasey and KozafY] developed a ma#gmatical model for a static environment to
optimise the storage of containers with a short duration of stay in the yard. The model was developed to minimise
both the number of reandlings and the total job times by keeping the number of containersdokaast few as
possible. See table 1 for the summary of previous work that have been reviewed.

Although the literature above has presented various optimal allocation techniques for containers with unknown
departure times, the focus of these techniquesonasontainers with a short duration of stay. None of them have
considered containers with long durations of stay and the use of fuzzy techniques to predict the likely departure an
to assess the effect of other factors on the storage and retrieval gaos, Hhis study presents an innovative fuzzy
knowl edge based optimisation system based on Genet.i
for efficient container storage and retrieval operations taking into account a number of realstdrfatiding the
container duration of stay.
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Table ¥ The summary of previous related works

Container Staying Time Length

Technique Author(s) Short/Long Run of Container Stay in
Yard
Fuzzy Logic, FKB [29] Short
[3] Short
GA (Genetic Algorithm) [4] Short
[5] Short
[12] Short
[22] Short
Heuristics 126] Short
[5] Short
[32] Short
[27] Short
[41] Short
FKB Based on GA 4] Short
[23] Short
[36] Short
[10] Short
[19] Short
Mathematical Model [20] Short
[30] Short
[18] Short
[42] Short
[21] Short
Mathematical Model Based on GA [37] Short
Mathematical Model Based on Heurist
[7] Short

Algorithm

3. Problem definition

The problem starts when containers of many different types, sizes, and weights brought by a train need to be
stacked in a yard on other containers that can stay for long time before depart the yard. If this happens the
containers on top need to be moveadtoess the container to bisghtched. This problem is made more complex
when the departure time for the containers is unknown and these containers are allowed to stay for long stay time
(maximum onemonth period) before a notification is sent to cust@n&his can happen when customers arrange
for the collection of their containers by 3PL companies without any prior notice being given to the yard operators.
The 3PL companies send their trucks to the terminals for collection without any advance nificenakes the
storage and retrieval operations more challenging. However, most of the yard operators are happy for containers tc
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stay for long time given that customers should pay alpfimed daily storage fee as customers do not have enough
storage fadities in their depots.

As far as the containers are allowed to stay in the yard for long time, the duration that a container spends in th
yard is crucial to be considered as it relates to its departure time, (i.e. the longer time the container #pends in
yard the greater is the chance of the container leaving). When the departure time is uncertain, identifying the bes
stacks in which to store containers, by considering only the duration of stay is a challenging task. This task become
even more chatinging when the topmost containers have been stored for roughly the same time. In this case, furthel
factors including the number of containers per stack will need to be taken into account to optimise the storage
operation and subsequently reduce the nunolbee-handlings. See Fig. 1 for a schematic representation of the
problem.

Where
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c Nteviv (.Store - ? = »
on alnerD o ; ,
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[ e
i - Reach ,_/"3.0"“)‘5,\
Contarlner Stacker Bays 1 \5{6
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Departure 3PL
Time Truck

New Arrived
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' Container [ﬁz‘ Container

Figure 1: Schematic representation for the layout of agxisting container yard

A fuzzy knowledge based optimisation system is proposed to model the fuzzy aspect associated with each of th
two storage factors both individually and combined. Then, the optimisation process identifies which fuzzy rules
allocated per stack should be stéel to achieve the best allocation plan for containers. This contributes in turn to
improving the retrieval operation and minimising the total number-banellings for containers.

In the next section, the tools and techniques used for modelling th@rmnyard management system are
discussed.

4. Devel opment -ohe Fuazy KnBvBetige Based on Genetic Algorithm System

The fuzzy knowledge based model is introduced in this section for stack allocation problem of containers where
the departure times unknown. This model is used also foh@ndling operation of containers during the retrieval
operation. A Genetic Algorithm model is proposed and integrated with the fuzzy knowledge based model for the
optimal/near optimal rules selection from a sefirefd fuzzy rules for each possible stack in the yard. The term
Afired ruleso means the rules which are |ikely to f
fuzzy system as in [16].

In order to imitate the events for arrival, rstge, retrieval and departure of containers, the Discrete Event
Simul ation approach is used for this purpose. The ¢
below.

41.Conceptual Mo d el of the OFKBGA® System

The proposed Fuzzy Knowlgd Based on Genetic Algorithm system conceptual model is presented in this
section. A number of techniques including Fuzzy Knowledge based Rules and Genetic Algorithms that work
together for storage and retrieval operations of containers. For the systegptc@al model, see Fig. 2.
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Figure2: Detailed Conceptual Model of the FKBGA System

The conceptual mo d e | starts by interrogating the
UserForminterface and storage and container yard operations. The required inputs are provided by the user using
UserForm. In order to generatej@ex i st i ng container s, some dadastings f e
Containers ProfiQoenbt.ailnnert hTer ad Mrsr iPwaolf idfe 6, the cont &
are generated based on information which comes from
Duration of Stay of <contai nexisstiisng aGoretda itme rtshiBr opfri
the DoS factor, the concept of t he O6ON/ OFF. 6 Of Do €
OArrival of Container Trains P-exstihg Coptdinerp 6 ONI DEBE D6 D
OFKB model Profileéd. Based on the fired fuzzy rul es
Ui values for the storage and retrieval oper atnison f ¢
that are considered in the system. These factors are: the number of containers per stack and duration of stay c
topmost containers per stack. The constraints are container size, type, and weight (empty or full).

The U values calculated either by tteF KB6 Mo d e | or by the OFKBGAO& Sy

Containers Storage Profiled/ 6Container Retrieval Pr
Fired Rules Profil ed, and t hes e ieval bperationvei cbritaindsseby then h ¢
FKB model are complete. Then the total number dfardlings of containers is obtained and the stored fuzzy rules

in the 6Fuzzy Fired Rules Profiled are paopwes Theo t h
6Coding of Genes Profiled is fed with the popul ati
randomly (i . e. using randomly selected fuzzy rul es)
for both storagand retri eval operations to recalcul ate the
storage and retrieval operations ar e c o mphdéngsepegr by

chromosome is obtained. For further improvementshe number of raandlings, the chromosomes with their
number ofrehandl i ngs are provided to the 6Sorting and Se
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chromosomes are sorted in ascending order based on their numbdr afmed | i n griing and BatectingSof
Chromosomes Profiled is fed with GA information (i
The selected fuzzy rules (new generation) by the GA
U values for the storage and retrieval operation for containers. The GA loop continues until the stopping criteria is
satisfied, if it is satisfied then the GA loop ends. Then the results for the best chromosome will be generated in the
OResul tsdPtboki redul angraphs for the besiGraphomoodineé
the next section, the O0FKBGA® system components are

422The 6FKBGAG6 System Components

This section discusses all the componensed t o devel op the proposed O6FK
explained here to provide a detailed discussion on the techniques used in developing the system. The FKB mods
together with Genetic Algorithm is used to identify the optimal/near optimahga#oand retrieval strategy for
containers with an unknown departure time.

In the OFKBGAO6 system, the FKB model assesses the
reasoning taking into account certain factors and constraints, and sulilsegasigns an acceptability level of
storage value (U_i) to each stack. The acceptabili:t
arbitrary value that reflects the value of the current stack in the decision process. This adliteary defined as
the acceptability | evel of an incoming container to
a value (U) is generated based on the input fanttors

of the most suitable stack location for the incoming container. The stack that has the highest acceptability level
value will be allocated to store the new container.

Inputs from the container yard operation are regarded as crisp inputs, which feeflizaified using fuzzy
sets, represented by their respective membership functions, in order to apply the FKB model. The fuzzy inference
component which includes aggregation, will manipulate the given information in fuzzy format according to fuzzy
rules. The fuzzy output will then be deizzified using one of the methods [38, 44] to calculate the acceptability
|l evel value (i.e. crisp value) of each stack (U_i),
the highest acceptabilityeVel value will then be used for container storage, while simultaneously satisfying all
inputs and conditions. Once the container is stored, the system updates the yard information for the next incoming
container. After the fuzzy rules have been assigoedlf, the storage operation is then optimised using the GA
model. This model holds all the fired fuzzy rules for each incoming container for all the possible stacks on which it
can be stored, then releases them for the optimisation process. The Ghewitemporarily select some of the
rules out of all the possible fired fuzzy rules for each stack, providing the selected ruleduzzifieation to re
calculate the acceptability | evel val uedlitylefelvdlueis st a
the optimal stack and will be allocated to store the incoming container.

The proposed GA model selects the optimal/near optimal fuzzy rules from all the fired rules per stack to
achieve the minimum number of containethendlings. Tis reflects the learning process of the system to achieve
its total number of randlings objective.

An OON/ OFF®&6 str at e g-uctivatestheusration oft stay factot (i.ev Eerigth /ofdseay) for
containers, to prevent it being used in thiedation if the value varies significantly over time, this strategy will be
explained in section 4.2.1.1. However, the imposed constraints play an important role in the storage process as the
are providing the system with crisp sets. If the constramtsither the containers or stacks do not match, the
acceptability |l evels for those stacks wil/ be zero.
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Figure3: Components of the OFKBGAO system

In Fig.3, the container collection operation occurs when a truck arrives for collection and the required container
stack has been identified for retrieval. The collection operation is carried out using the FKB model. The container
retrieval process initias the réhandling operation if any container is on top of the required one. In order to re
handle containers during the retrieval operation, the model is applied using the same steps adopted in the storag
operation. In the collection operation, contagnare retrieved and H4eandled to other stacks. These stacks are
allocated for the Haandled containers by using the FKB model applying the same steps used in the stack allocation
operation for the container storage.

The collection process might happeuridg the storage process (i.e. the allocation operation). When these two
operations are required as the same time, the allocation operation will then be stopped (i.e. terminated) and the
retrieval operation will be carried out, because the collectiorepsobas priority over the allocation process. Once
the collection process is completed, then the allocation process will be resumed.

In what follows the components of the KKB_GA system will be explained in more detail.

4.2.1 Fuzzy Knowledge Based (FKB) Model for Storage and Retrieval Operations

This Fuzzy Knowledge Based Model consists of a number of stages, including the fuzzification process, fuzzy
inferencefuzzy rule implementation and dezzification stage. These stageill be discussed in detail.

The acceptability | evel of storage (U) is the out
value of the current stack in the decision process. This arbitrary value is defined as the acceptabitityatevel
incoming container to the stackji J . For every stack i available in the

on the input factors and constraints which are discussed below. The acceptability level allows for the assessment o
the most suable stack location for the incoming container. The stack that has the highest acceptability level value
will be allocated to store the new container. Two types of factors are considered in thignciadelg:

Factor 1: Number of Containers in the Stack

The first input (N) considered in this module is the number of containers in stagkTije effect of on the
output (he possibility percentage for container storagethat the more containers currently in the stack, then a
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lower acceptabilityevel for the new incoming container to the stack ) ill be obtained. If the truck arrival time
for collection of a container is unknown, then the probability for the service time being longer, (i.e. owing to the
number of rehandlings that would nedd happen for a condensed container stack), would be high. Equally, when
the number of containers in a stack is high, the number-ladmdlings will be high in that stack. Therefore, input

is implemented to consider the number of containers for estack i.It is worth mentioning that number of
containers to be picked up (depart) from each staclk
fuzzy variable

Factor 2: Duration of Stay (DoS) of Containers

The second input (T) is theuchtion of stay of the top most containers in each statk iThe effect o# on the
output is that the longer the duration of stay of the topmost stored containers in the stack, then a lower acceptabilit
for a new incoming container for the stack i)(will be obtained. Based on work discussed by [30], it can be shown
that a longer duration of stay correlates directly with a higher probability of departure on the next time unit. It is
assumed that as time passes, when a container is not colleciatiaility of departing in the future is increased,
since the duration of stay of the containers will be updated. If there is no significant difference between the
durations of stay of container s, t hen 1 tondeadiivatd ar@F F 6
reactivate this factor as appropriate. However, the duration of stay of the top most containers is considered as
fuzzy variable due to the fact that it relates directly to their locations. These locations are continuously changing in
response to the rapid retrieval operations of containers that need to depart at unknown times, and hence there is
deterministic pattern of duration of stay of the top most containers.

Storage Constraints: Weight, Size and Type of Containers

In additionto the above, three constraints (W, F & Y) are considered by the FKB model. These include the
difference in weightq ), size & and type @ between the incoming container and the topmost container in the
considered stack it is determined by subtriieg the weight of the incoming container from the weight of the
container in the topmost location of stack i. Simila&yQ 9 is determined by subtracting the size and type of the
incoming container from the size and type of the container in the topowagion of stack i. In this study, three
sizes of containers are included which are 20ft (Small), 30ft (Medium) and 40ft (Large) with different types for
each size.

In the FKB model, three stages of operations are performed to identify an appropebtd tontainer storage,
which are described in the following sections.

The Fuzzification Stage

Fuzzification is the stage where fuzziness is introduced to the inputs (control variables) and the output (solution
variable). Fuzzy sets and related mershgr functions are assigned to each variable along with linguistic
definitions [40] and a triangular fAshapeo will be wu

Firstly, the output variable () is assigned a triangular membership function with six linguigti@ables. The
triangular membership function of the output variablg {s defined with six linguistic variables, and there are six
fuzzy sets with their respective member shiVprylfowbnct i
dowd Medaum Low Mediunmd Medium Higld , ldighd . ¢

For the first input variabled , there are three linguistic variables with assigned triangular membership
functions. The triangular membership function is defined, three fuzzy sets (linguistic \@riddxteded for thee
ar lbowbdMediund® , Highal. 61 n Fig. 4b, the neimspresersed.i p functi on

The second input variable considered in this papetYis Fuzzy sets have triangular membership functions,
there are three lingstic variables (levels) that are selected ¥rLo@ Mediun® aHighd 6éas shown i n
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Figure4: a) The fuzzy membership function of the output. b) The fuzzy membership function of the input factor (N).
¢) Fuzzy membership functiaf the input factor (T).
The three constraints and'OQwh ave only ddepd set cal $pdmémber ship

The graphical representation of their membership functions are presented in: Figw5aFigr 5b for'Oand
Fig. 5¢ for®. o RO & @ have the same membership function.

u(w;) u(fi) u(y;)
1eh 194 1¢h

0 0 0
(a) (b) (c)
Figure5: The defined crisp membership functions of the constraints: a) The membership function of the weight.

b) The membership function of the size. c) The membefahigion of the type.

The Fuzzy Inference Fuzzy Rules Determination Stage

To define the relationship between the inputs and the output, fuzzy rules have been determined. These rules
define the outcome of the interaction of each input variable on thatd@8j. For this purpose, the selected input
variables § , and"Y) and their interactions are analysed and the rules are determined. A total of 9 different rules are
identified with respective | evellkenféors teacch uirreputT hfea
based on expert opinions, which in this case, are based on the literature, observation and logic regarding the effec
each input variable has on the output. In addition, the rules are proposed to reflect the loadéibifitg\for the
incoming container to minimise the number ofhendlings of containers during the retrieval operation. Table 2
provides all the fuzzy rules defined in this study.

Table 2: The defined fuzzy rules
Rule No.

o
H
MH
M
MH
M
ML
M
L
VL

AWk~

~

8
9

TIZEZERTOCZ
ZzozzozzolS

In this stage, an aggregation process is applied. The aggregation includes manipulating the given information in
fuzzy format within the defined rules. Upon completing the rules, the aggregation is implemented witkirthen
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operator [44]. Eq. (1) is imduced for theproposed approach for container stack allocation. For each, rale
truncated value'y) is calculatedas follows:

v 4 &H o OR B U P

When any or all of constrainty (& AT 9) of a newly arrived or a feandled container do not match the
topmost containerg h& AT 9\ in each stack, then the acceptability level valueshaf stacks will be 0. As the
aggregation operator is minimum (as stated in equation (1)) in any rule because of the considered constraints), if th
degree of membership of a given valueTof®. A1 $is computed to be 0, the final output for 4liwill also be
0.

The Defuzzification Stage

The defuzzification stage involves the operations required to transform the fuzzy output set into a crisp output.
There are various methods for-flzzificationincluding Centre of Gravity, Mean of Maximum and Centre Average
[38, 43] In this study, the Centroid Method which is a specific implementation of the Centre strategy of Gravity
method is selected for the -flezzification process due to the fact that it is the most prevalent and physically
appealing of all the other methods and the most common method used in most applications.

This strategy finds the centre valug)(for each rug by using the truncated value reflected on the output fuzzy
sets, then the overall centre of gravity is computed. Consider the truncated \ahdethe output where the rule
defines the outcome to be the lepelThe centre value is given by the equd (2 to 5), as shown in Fig.6 below.
Upon finding the corresponding centre values for each of the rul8sas(defined, the crisp output value defined as
(U) is computed with the centre of gravity method as shown in equation (6).

ux)

Level-p

0 q1 xja QZ ij CI3 X

Figure 6:Truncated value on the output fuzzy set
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Equation (2) is used to find the centre value of the output fuzzyUserom the boundary values(, @ ).
Equations (3) and (4) are used to find boundary validesd ) of the centre value in any rules j. Equation (5) is
used to find the centre valugl of any rules j, and equation (6) is used to calculate the acceptébitid values of
stacks (i.e. crisp outputs).

4.2.1.1 The Proposed OON/ OFF®6 Strategy

As mentioned earlier, the FKB model has three input factors. Based on these factors and other related
constraints the acceptability level value of each stack is compuitee stack with the highest acceptability level
value is selected/ allocated to store the container.

To provide realistic acceptability level values for the stacks, one of the input factors (i.e. duration of stay)
provided to the system changes dynathicaver time. This is due to the fact that in the passing of time, the new
containers will become prexisting and the duration of stay for these containers will be updated and each could
have a different duration of stay. In addition, the retrieval dgjperaould lead to different durations of stay of the
topmost containers in the selected stacks and hence, this factor has to be carefully investigated for a more effective
stack allocation decision.

As the duration of stay for containers can vary oveneti, an 60N/ OFFO6 stratecg
activate/deactivate the duration of stay factor in the system if there is a significant difference in the durations of stay
for the topmost containers in all t heaosdfstaykastar.r See Fi

Weight Size Type

F1(N Stack
Mb Acceptability Level Value
F2(T)per Stack of each Stack(ai)
——— FKBM ——
F2(T)for all Stacks
OFF ON

Figure7: The O6ON/ OFFO6 strategy of duration of stay

When the duration of stay factor is activated (i.e. ON) to the system as an input, all factors (N and T) are used to
calculate the acceptability level values for the container storage operation. But when the duration of stay factor is
temporarily deactivad (i.e. OFF), only one factor (N) is used to calculate the acceptability level values for the
container storage operation (i.e. for stack allocation). A more detailed explanation including verification and
validation of this strategy is provided by [1]hd& contribution of this paper is to advance the capabilities of the
fuzzy knowledge based model developed by [1] for the container allocation problem. This is by proposing a multi
layer genetic algorithm model that will be embedded within the developeg knpwledge based model for further
optimisation purposes for storage and retrieval of long stay containers. This optimisation identifies which fuzzy
rules allocated per stack should be selected to achieve the best allocation plan for long durajiaf costainers
rather than short stay of these containers. This contributes in turn to further improving the retrieval operation and
minimising the total number of #eandlings for containers.

The defined fuzzy rules determine how the acceptabilityl leakies (i.e. the output) are affected by the
combination of different linguistic variables for each input factor. Table 2 identifies 9 fuzzy rules which
demonstratehe effect of each input factor on the output. Together with the other factor, wheurgien of stay
factor is activated (i.e. ON), all the rules are used by the fuzzy inference engine to calculate the acceptability level
values for each stack, for the container storage operation (i.e. the outpatti¢ing the duration of stay factis
deactivated (i.e. OFF), however only utilises one factor (N) to calculate the acceptability level values for the stacks.
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This reduces the number of the defined fuzzy rules to 3 and the acceptability level values are updated. This is show
in Table 3 lelow.

Table 3 The reduced fuzzy rules

Rule No. Ni ai
1 L H
2 M M
3 H L

In Table 3, when the duration of stay factor is deactivated (OFF), only 3 rules will be used by the model. In this
case only the number of containers factor is used to calculate the acceptability level values for the stacks in th
container storage operati.

The linguistic variables for output membership function (i.e. acceptability levels) are updated based on the
linguistic variables for the input factor (N) as shown in Fig. 8. In Fig. 8, the output membership function has three
linguistic variablesin |l udi ng 6Lowd, OMedi umdéd, and O6Hi ghbo.

p(ai)
L

(%)

0 25 50 75 100
Figure8: The Updated Linguistic Variables of the Output Membership Function

4.3. Development of the GA Optimisation Model

In this section, a GA optimisation module is proposed to be integrated with the Fuzzy Knowledge Based (FKB)
model, for optimising the stack allocation of the container storage operation. A Genetic Algorithm (GA) model was
developed to optimise the procegsselecting stacks for container storage. The GA was selected as an optimisation
search engine because of its capability to deal with a population of solutions. Genetic Algorithms (GAs) are
probabilistic search methods that employ a search technique dras#gehs from natural genetics and evolutionary
principles (Hassanein, Aly, & Abtsmail, 2004). By using a FKB model together with the GA for optimisation the
best set of fuzzy rules (Pawlukowicz, 2012) can be selected. The purpose for using thidesaerdved.

4.3.1 The Purpose of Using GA

Although Fuzzy Knowledge Based models were previously used to select the fuzzy rules from the rule base [6,
9, 25, 3], a Genetic Algorithm model is proposed to tune and finally select the optimal/near optimal rules from the
fired fuzzy rules, by removing the redundant rules that reduce system performance. This is because the definition c
fuzzy rules and membership furmns is affected by subjective decisions, and some of the fired rules would be
redundant/ unnecessary, reducing the performance of the fuzzy knowelesker system [25].

In the storage problem being investigated, a set of rules are fired for eachepsisaik based on its status in
terms of input factors and constraints. The GA will then tune the set of fired fuzzy rules per stack, optimising them
by selecting only the most effective ones in each set (i.e. those that lead to the minimum numhardbings for
the containers). Fig.9. shows how the GA selects rules per stack. The GA starts by selecting only the fired rules pe
stack which are to be included in the calculation of the acceptability level values for stack allocation. The rest of the
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rules will be temporarily unselected. The learning process enables the GA to keep selecting continuously the best
rules per stack as the total number chamdlings of containers is reduced. See Fig.9 for the proposed GA for rules
selection per stack.

Stack 1, Bay 2 Stack 1, Bay 5
Fired Fuzzy Rules Fired Fuzzy Rules
o
C [
. ]
i
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D I:I I:I D D D Selected/
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Figure9: The proposed GA for rules selection per stack

In Fig. 9, a number of fuzzy rules from the possible stacks in the yard Fuzzy Rule Base are fired. The selection
of some of the rules for each stack is then made by using the GA module. To fupihér the mechanism of the
GA in rules tuning and selection, consider the 5 fuzzy rules that are fired in stack 1, bay 5. Rules number 2 and 3
are unselected as represented by the white boxes, while rules 1,4 and 5 are selected as represented by the gre
boxes. Based on the selected rules 1,4, and 5, the acceptability level value of storage in stack 1, bay 5 is calculate
rather than using all the fired rules. From the process of selecting rules per stack for container storage explained
above, the fird fuzzy rules for each container and each possible stack can be represented adimehsienal
vector as shown in Fig. 10a. The fired fuzzy rules for one container for each possible stack allocation can be
represented by a wtayer chromosome as shownFig. 10b.

4.3.2 Multi-Layer Genetic Algorithm

In Fig. 10a, there aren numbes of rules fired for each possible L stack to store n containers. This can be
arranged in a chromosome structure in the form of dayer chromosome if only one container) @ considered
as shown in Fig. 10. In Fig. 10b, the fired rules for containewith all possible stacks (30 §) are stored in a
onelayer chromosome. In the case of more than one container, the fired fuzzy rules of containers, together with all

possible stacks (and their fuzzy rules) will be stored in a mulgfer chromosome as explained in the next
section.
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Figure10. The fired fuzzy rules representation: The three dimension vector representatioontdimers, L possible stacks and m fired rules
(a) The unilayer chromosome structure of 1 container, L stacks and m fired rules (b).
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Figurell. The flow chart of the proposed Mtilthyer GA

In the proposed Muli_ayer GA, an initial population of theelected rules out of each set of rules per stack, is
randomly identified. Binary coding was applied on each chromosome layer by coding the selected rules to 1, and (
for any other temporarily unselected rules. Based on the selected fuzzy rule(s), phebilitgdevel values for the
possible stacks were calculated then a stack was allocated to store the container.
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The GA starts by repeating the genetic cycle, manipulating chromosomes, from the initial random population,
to generate new offspring chronooses (i.e. strings). Each chromosome was evaluated based on its fithess function
value. At the end of each generation, all fithess function values are sorted into ascending order, those with the
minimum number of rdandlings of containers being kept ore ttop of the selection list for further selection.
Crossover and mutation genetic operators are then applied to create the next generation. The steps repeat until tf
stopping (i.e. termination) condition was satisfied.

4.3.2.1 Multii Layer Chromosom8tructure

The design and structure of a chromosome depends on the problem requirements. In-LayBftulti
chromosome, each layer can be used to represent a set of information. In this chromosome, the content of each ger
was represented by a fired fuzzyedibr a specific container and the possible stack(s) in which it can be stored. The
number of genes was equal to the number of fired (i.e. used) fuzzy rules for a specific container and possible stacks
and the number of layers was equal to the numbeomtfimers. The height dimension for the possible stacks for
storing each container was attached with each gene. The fired fuzzy rules were placed in the length dimension (i.e
string) which was a chromosome. This chromosome included a number of gemeprsented the fired fuzzy
rules for a container for all possible stack(s). The container number was placed in the width dimension; each
container being represented in one layer with its fired fuzzy rules and possible stacks.

The multilayer chromosometmicture was proposed to provide more flexibility to deal with such sets of
information in order to select fuzzy rule(s) from the fired rules for each container and possible stacks. Fig. 12 shows
the proposed MulLayer chromosome structure.

Stack Number

Fuzzy Rule Number

Figure12. The Multi-Layer chromosome structure for fuzzy rule representation of n containers

The reason behind this mulélyer chromosome structure was to accommodate different sets of information that
can be represented in a chromosome structure. For each eoatashpossible stacks, a number of fuzzy rules were
fired to store containers. Based on the fired fuzzy rules per container and possible stacks and the related degrees ¢
membership of the input factors, the acceptability levels for the possible staokscaleulated to store the
containers. For each container and possible stacks, a number of fuzzy fired rules were stored in the generations of
chromosome. The front (i.e. first) layer of the chromosome represented the first container with its firedlészzy
and all the possible stack(s). The second layer of the chromosome represented the second container with its fire
fuzzy rules and possible stacks. The number of layers depended on the total number of containers. Each gene ¢
each layer was used telact or not to select rules from the fired fuzzy rules using binary coding. All fired fuzzy
rules per container and possible stacks were then stored in multiple layers.
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4.3.2.2 The Objective function

The objective function was formulated to evaluate e per f or mance of the devel o
of total number of rdandlings of containers. The total number ofhamdlings obtained by executing each
chromosome was used to develop the objective function below:

i EB r X
WhereErepresents the container numbleris the total number of stored containers in the yard. The variable
r is the number of Faandlings of all n containers. The formulated objective function guarantees a minimum total

number of renandlings of containers. This total number eheamdlings $ the sum of the number ofhandlings to
retrieve all containers in the yard.

4.3.2.3Initial Population of Selected Fuzzy Rules

As a starting point, an initial set of selected rules are required to provide a feasible starting basic solution. After
the set of fired fuzzy rules for each container together with the possible stacks were stored, binary coding was
applied randomly to select some fuzzy rules and set them to 1 and temporarily unselect the rest and set them to
Based on the selected fuzeyles, the acceptability level values for the stacks were calculated, then, a stack
allocated to store each container. The binary coding process avoided generating Os for all the genes at each layer
the chromosomes.

4.3.2.4 The Selection Method

After the chromosomes were sorted ascendingly based on their fitness values (total numbandlings of
containers), each pair of chromosomes with minimum fitness function values in the population list were selected to
generate further chromosomes (offspjimsing GA operators. This is in case the population size was even. In the
case where it was odd, each pair of chromosomes with minimum fithess values were selected for further
generations. The last chromosome was coupled with any randomly selectedschmanfoom the population for
further offspring generation. The GA operators are explained in detail below

4.3.2.5 MultiLayer Genetic Algorithm Operators

Crossover Operator: The crossover operator for the Genetic Algorithms was based on the exgjesege of
between two chromosomes when they were selected. To crossover genes in the chromosome, the genes of each
chromosome were coded in binary representation (0, 1) in the-Mwyir chromosome. This type of representation
meant that the genes that weed to 1 were selected genes. The genes that were set to 0 were unselected genes.
Each gene in a chromosome represented the fired fuzzy rule number per specific container and possible stacks.
Based on the selected genes (i.e. rules), the acceptability#dwes for stacks to store a container was calculated.

With the crossover operator, the selection of genes to be exchanged depended on the probability of crossove
(i.e. a specific percentage). The probability of crossing over genes determined how many genes will be selected fc
exchanging. If a gene does rmmintain a fuzzy rule (i.e. the rule of selecting a stack for a container was not fired
from the fuzzy rule base), then the crossing over process skips to the next gene. A vertical crossover type was use
to swap selected genes of the first selected chramesn the selected layer with the opposite gene of the second
selected chromosome in the same selected layer. The opposite gene means the gene that is selected based
probability of crossover in a chromosome to be exchanged with its opposite genéhir aetected chromosome
[33]. This crossover operator was used to present the best random exchanging of genes between each pair
chromosomes. See Fig. 13 for an illustration of the crossieg of two selected chromosomes.
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Figure 13: The Crossingver of genes in MuliLayer chromosome

The probability of crossover value decided the number of genes to be exchanged at each chromosome. The
crossover was skipped when genes contained no fired rule. This type of crossover operator provided an equal
chance for all genes in a layer to be selected for swapping with the opposite chromosomes genes by changing the
status of the fuzzy rule stored in a gene from being selected (1) to temporarily unselected (0) and vice versa.

Mutation Operator: A mutation @eration was applied on new chromosomes that were generated from the
crossover operation. This operator changes the status of fuzzy rules being stored in genes of each layer from
selected status (1) to temporarily unselected status (0). Based on thelipyaifabutation, the number of genes
was selected randomly. The proposed GA was used to test only unique (repeated) chromosomes. Any
repeated chromosomes will be discarded as there is no point to test these chromosomes again. This refgtition was
time and leads to long computations. See Fig. 14 for the mutation operator.

The crossed genes in Fig. 14 are empty genes that do not include fired fuzzy rules. This operator excluded any
crossed genes from the mutation operation and considered oely géh fired fuzzy rules. In each chromosome,
the equipped genes are randomly selected across all layers with an equal chance to change their status from select
(1) to temporally unselected (0) and vice versa
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Figure14: The Mutation of genes in Multayer chromosome

5. Case Study, Experiments and Results Analysis

This case study was used to justify the proposed yard management system. It was conducted in collaboratio
with Maritime Transport he UKG6s | eadiamgp€@oht £omprany. Mariti me i
multimodal transport and container service specialists, combining road, rail & storage to become an integral
element of the supply chain for its customers. This company provides highly effective Wheomtansport and
services. Most of the system inputs were collected from the Maritime Company. This included the container yard
dimension in terms of number of rows, bays and tiers. The container yard included a numbeexistipge
containers. For e train, the intearrival time, number of containers, container attributes (e.g. for each container:
the size, type, weight, destination customer, owner company and truck id), and the number of companies were als
captured. The number of trucks availahteeach company was assumed to be between 20 and 30 trucks. In order to
test the behaviour of the developed O0FKBGA®d system
yard with a significant number of pexisting containers, rush and sl@awrival rate of container trains. In these
scenarios, the proposed Fuzzy Knowledge Based on Genetic Algorithm (FKBGA) system was used to calculate th
total number of rdnandlings along with total retrieval time of containers. The impact of embeddirig/the the
FKB model was also identified. The OON/ OFF06 approe
thorowghly by the tests performed #bbas et al[1]. The system was coded using Visual Basic for Applications
(VBA) in MS Office Excel.

5.1.Busy Yard Scenario

This scenario uses the factor that assumes-80% of the yard was occupied with gristing containers. In

order to guarantee the best search for solutions in such a busy scenario, the GA parameters were tuned after
numberof experiments. Three population sizes are tested against different crossover and mutation probabilities.
Each population size consists of a predefined number of chromosomes and each chromosome covers all the ya
stacks in terms of their fuzzy rules. Aarfas a large yard size of 225 stacks is considered in this case study, a
maximum of 15 chromosomes is decided as a population size. However, 50 generations are run to explore mor
promising solutions under these restricted population sizes. The optitiagseof these parameters were
population size (i.e. number of chromosomes) equal to 15, the probability of crogeimgenes was 0.90, and the
mutating rate of genes was 0.10. The stopping condition was satisfied when the number of generatiors0reached
The minimum number of reandlings achieved was 1353. Fig. 15 demonstrates the current adopted approach by
the company O6Currenté, OFKBO® and FKBGA results of t
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GA Results (Busy Yard Scenario)
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Figure15: The busy yard scenario experiment results

In Fig. 15t he &6 Currentd approach used -héngdlings to eeliveroathjtsa n y
containers, whi ch was higher than the number requir
stored the containers in groups (i.e. containers wesapgd by customer) taking into consideration the three
storage constraints. The O6FKBO a fandlioga @¢.éh froemd822 te 16861 a
when compared to the O6Currleandl iampg@pg ol e taweder rd dt KhBas d\d IE K
1686 to 1353) can be explained by the embedding of
rules including the unnecessary ones were utilised, rather than using only the most influential ones with the
0 FKBGAO® ahatded todhe minimum number ofheand | i ngs . For the OFKBGAD®
number of rehandlings (i.e. 1402) was obtained from the initial population. This is because the initial population
randomly selected promising rules from the firedzfurules. Further reductions of thelrandlings were obtained
later at generation numbers 2 and 11 because the best set of GA parameters led to the selection of more effectiv
rules from the previous rules obtained. This led to the investigating of pnoneising solutions to achieve the
required randomness in the search process. A slight reduction in the numbbawdliags was obtained at the 3rd
and 5th generations. It can be seen that after the 21st generation, the minimum numbandifirgs wa obtained
(i.e. 1353 rehandlings). Although repeated chromosomes are not allowed as discussed in section 4.2.2, the total
number of rehandlings has not been further improved after a number of generations (22 in this scenario). This is
due to the reasothat a binary coding mechanism of genes was applied where each gene represents a rule and
hence, selection of good genes might be affected by some other activated weak ones, and hence, the resultal
outcome of number of seandlings of all containers mighe similar.

The stacks allocated by the system were the best stacks for the container storage operation which yielded the
minimum number of rédandlings of containers after the retrieval operation was complete. By running the
0 FKBGAG, t h e ocated aptimslly 1o store cordgainérs which resulted in a minimum number of re
handlings as shown in Fig 16. This also led to reducing the total retrieval times of containers, see Fig. 16.

Figure16: The total retrieval time of containers



