I ncor porating expert knowledge in decision support for
logistics
Balancing costs and customer relations

TRAIL Research School, Delft, November 2006

Authors

Tamas Mahr MSc, Dr. Mathijs de Weerdt

Faculty of Electrical Engineering, Mathematics a@bmputer Science, Delft
University of Technology

F. Jordan Srour M Sc, Dr. Rob Zuidwijjk

Rotterdam School of Management, Department of Dmtisand Information
Sciences, Erasmus University

© 2006 by T. Mahr, M. de Weerdt, F.J. Srour, R.dfjk, and TRAIL Research
School






Contents

Abstract

1 a1 oo (VT { o] o SRS SRUPR RSN 1
2 REIALEA WOIK ...ttt e et ae e e e e e eatre s 1
3 IMEOAED ... e et e e et e e e et ae e e e sata e e e e enteeeas 3
TNt R ¥ 474 Y (o o [P SPPPT 3
3.2 FUZZIFICALION ..ttt e e eeenee 4
3.3 FUZZY RUIES ... e 5
N B 1Y {0474 | o= 1 [ PP 5
4 LY o] o] 1= 4 o o H OO U RV OURUPR TR 6
4.1  Selected Key Performance INdiCators .....cccccceoeiieeieiiiiciiiie e
4.2  Membership FUNCHONS ........coooiiiiiie e 7
4.3 FUZZY RUIES ... e 8
4.4 DefUzZZIfICAtION.... ... e e 9
5 (@031 11 1S o g TSR 10
ACKNOWIEAGEMENTS ...ttt e et ee e e e e e saae e enbe e e srneeans 11



Abstract

Decision support within transport companies shagtionly use traditional objective
functions, but also reason about qualitative effect all involved actors. We propose
a fuzzy-logic rule base that can be used in addiiotraditional operations research
tools to calculate not just optimal solutions, balutions that are optimal with respect
to knowledge about the preferences of and long-taffiects on customers,
employees, and the environment.

We propose a fuzzy logic based judge module theapsble of evaluating logistical
performance considering all parties involved in #u transporting a container. It is
based on measurements of selected key performadimators that are fuzzified and
combined into satisfaction scores of customers,|@yeps and society.

Our proposed method not only enables the contimiitthe quality of planning by

storing and maintaining valuable expert knowledgat, can also explain decisions
based on this knowledge.
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1 I ntroduction

The current best practice of planning in a logst@ompany consists of human
planners interacting with an order-assignment deg@band a tool for calculating

optimal routes. The most advanced logistics tootsu$ on balancing well-defined

goals such as minimizing the number of used vesjdiee distance covered, and the
number of empty kilometers driven. The task of theman planners is to make

choices, often by imposing additional constraintstioe optimization tool, such that

all involved parties are more or less satisfiechviiite schedule. This process is time-
consuming, but at some point execution has to,stad thus decisions have to be
made. Consequently, the resulting schedule is gépnéyelieved to be sub-optimal,

and, given more time, better schedules could haea found.

In larger companies, it takes up to three yearsaim human planners to make the
right choices. They need to learn the preferenéedl alrivers, customers, and of the
management of the company, they need to weighediet against each other, and they
need to understand the long-term effect of thedicgs. Losing one of these planners
often means losing valuable information, and sigrtip another intensive training
process.

To summarize, current best practice has two prodilénis time-consuming, resulting
in potentially sub-optimal decisions and it heawdlgpends on the experience of the
planning experts, making the quality of the corecpss of logistics companies very
vulnerable to changes in personnel.

In this paper we propose a method for storing thewkedge of these experts. This
knowledge can then be leveraged by automated remstmexpedite and improve the
quality of the daily planning tasks. The task fbe thuman planners then shifts
towards giving feedback to the system, by selectpgons, and maintaining the
knowledge database. This paper, focused on cagtand leveraging knowledge for
logistics planning, is an outgrowth of earlier wddcused on capturing performance
measurement in terms of stakeholder satisfactioouf®t al, 2007).

There has been quite some work done already onlmgdrich logistic knowledge.
In the next section we will briefly summarize thsrk, and discuss how we can use
these results. In Section 3 we then argue why wesehuzzy logic to store such
knowledge, and show how this can be done. SubséguanSection 4, this method
is applied to a specific logistic case.

2 Related work

There are two separate, but related, streams eares that support this work. The
first is that of performance evaluation. This atreexplores questions of how to
extract and measure metrics important to logigimsormance. The second stream is
that of how to convert hard metrics into human addel control mechanisms. This
second stream (the topic of Section 3) focuseslements of artificial intelligence;
specifically, fuzzy logic.
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The human planners in a logistic company have tsider many financial and non-
financial results. A balanced scorecard (see, Xanmple, the work by Brewer (2000))
is a formalized mechanism to achieve this. The ldgwveent of the balanced
scorecard must, however, be undertaken by managetss thus capturing only a
snapshot of management’s perceived critical measure

Kaplan and Norton (1996) extend the balanced seodeconcept to capture the
relationship between performance measures andaaingties. They propagate the

balanced scorecard as a means to translate eggtiate a comprehensive and useful
overview of business performance. They considdrateg)y to be a set of hypotheses
about cause and effect, such as: “In case we imepmwv logistics services, our

customers will be more satisfied.” Ultimate effeatually are in terms of financial

performance, such as cash flow. A well construdbatanced scorecard should
incorporate those performance measures that represgical cause and effect

relationships.

However, just a list of such hypotheses is not gholrauthet al. (2005) argue that
there is a need to represent multiple points ofvyieecause of conflicting desires by
stakeholders such as the owners, the customerenipdoyees and the society. A
basic example is that of a service provider whdepseto charge high prices and
deliver a low-cost service in contrast to a customleo desires a lower price and a
high-quality service.

Our model of dispatching expertise is designedgitiiese various recommendations
from the literature. Therefore, the first stepasidentify all of the stakeholders. To
facilitate this step we utilize the stakeholderegaries described in Krautt al.
(2005). These categories ananagement, employees, customers, andsociety. Within
these large classifications there may be one oerapecific stakeholder groups that
should be specifically designated. For exampletha category of employees there
may be multiple stakeholder groups such as drivenajntenance personnel,
dispatchers, etc.

Next, a proper understanding of the cause and teffeetween hard metrics and
satisfaction measures is critical. For example, smar the cause and effect
relationship: “If my trucks arrive on time at theistomer's, my customer will be
satisfied”. This cause and effect relationship ps@s a positive relationship between
timeliness of trucks at the customer site and costosatisfaction. Most people will
agree with the proposal, but as such it does rmtigee a managerial lever to improve
customer satisfaction through improving truck timess. There are several
ambiguities present in the cause and effect relshiip as indicated.

First, the customer could have measured the timsdirof trucks in terms of average
amount of minutes too late, where minutes too emmdyneglected. The customer may
just as well base her satisfaction on an extrerse oa on the delivery last week. In
other words, the customers’ appreciation may becsted with a derived aggregate
measure from the set of measurements of all dedserexplaining her level of
satisfaction. Secondly, the level of satisfactitself is a “soft” measure that may be
expressed in an ordinal scale. Each individual mespond in a different way, not
only based on the actual state (e.g. level offsation), but also on the understanding
of the measure (e.g. what “good” stands for).
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In the next section we show how fuzzy logic carphieindle these ambiguities.

3 M oddl

The framework we propose is designed to capture ki@wledge of logistical
planners about their business partners, colleagnésenvironment. In their struggle
to balance the requirements of all parties, thay ese physical measurement data
describing the current situation (length of routsival times, etc). Our model also
uses hard metrics and from these extracts soft unesisepresenting the satisfaction
of each party involved in the business process Ighgth of the routes is good, the
number of late deliveries is too high, etc). Theatsfaction measures are described
via a satisfaction evaluation component built facte of the three classes of drivers
(more generally this could be employees), customarsd society. Note that
“managers” are treated as a special case givengpecific business rules. Generally,
it is difficult to model satisfaction of all thegarties properly, due to vague (verbal)
boundaries of evaluation classes (e.g. “good”, ;dkad” service). To tackle such
issues, we propose the use of fuzzy logic for #®gh of these satisfaction measures.

31 Fuzzylogic

Fuzzy logic applies fuzzy set theory in the degsifnontrol systems. Originally it was
proposed by Lotfi Zadeh (Zadeh, 1965) for data @ssig and it gained wide
recognition through successful applications ontgrlaAdmittedly, early uses of fuzzy
logic were limited. However, with the advent of neod computing, fuzzy logic has
seen an increase in attention by the research coiymne example of an early
application of fuzzy logic may be seen in the 19@per by Bass and Kwakenaak, in
which they apply fuzzy logic to the problem of chow between multiple
alternatives. There are several papers or booksritraduce fuzzy logic in general
(e.g. Bernardinis, 1993, Cox, 1992, Nguyen and \&falk997). Here we introduce
only the core concepts that are necessary to uadersur contribution.

In fuzzy set theory variables can be partial mesl#r multiple sets. A variable,
depending on its value, can be a member of a seté&stain degree between zero and
one. This partial membership is described by ayfuzariable (also known as a
linguistic variable [Zadeh, 1973]); the value oktfuzzy variable expresses how
much the variable is a member of the given set.elxample the variable ‘number of
late deliveries’ with a value of 5 may be considet® be a member of the set ‘good’
to a degree of 0.7. Thus the linguistic or fuzzyialale ‘number of late deliveries is
good’ has a value of 0.7. A variable can be a membenultiple sets but the sum of
its membership values does not have to sum up & (ncontrast to probability
theory). For example, the variable ‘number of ldédiveries’ with the same value is
also member of the set ‘bad’, but only in a degreé.2. Thus the fuzzy variables
‘number of late deliveries is good’ and ‘numbedatke deliveries is bad’ have values
0.7 and 0.2 respectively.

Fuzzy variables can be combined by fuzzy rulesi¢étdyother fuzzy variables. The
rules are defined in terms of linguistic variabbesd logical operators (AND, OR,
NOT) in the form of IF ... THEN. Whenever a lingtigsvariable changes its value it
impacts all the rules it is part of. The resultteése rules in turn changes the values of
other variables (notably those in the THEN clausé)ich in turn may impact other
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rules. For example, we can construct the followurg: IF ‘number of late deliveries’
IS good AND ‘number of early deliveries IS ‘goodHEN customer is happy. In
general, it is possible to express arbitrary comat¢er-relations of variables at the
cost of lengthy evaluation iterations.

It is possible to convert fuzzy variablesdosp (non-fuzzy) variables and back. The
conversion from crisp to fuzzy (as shown abovegitedfuzzfication and from fuzzy
to crisp is calleddefuzzification. Defuzzification, as opposed to fuzzification, éaka
couple of linguistic variables and converts thertoia single crisp value. These
processes provide interfaces to connect the fudeg iinto the embedding system.

This triumvirate of fuzzification, rules and defifezation constitutes the three steps
of fuzzy logic that aims to process some inputafags in order to produce some
output values. In our case we fuzzify key perforomarnndicators of logistical
performance (over one day of commercial transportat We compute their
membership value in the sets “good”, “bad” and stinmes “ok”. These fuzzy
variables, obtained from the key performance indisa are then combined by fuzzy
rules to yield satisfaction measures for customenisers (employees), and society.
These satisfaction variables are defuzzified inethe to provide the evaluation scores
of logistical performance.

To summarize, fuzzy logic offers several uniquetdess that make it a particularly
good choice to capture planners’ knowledge.

1. It is inherently robust since it does not requiregise, noise-free inputs. The
output is a smooth function despite a wide rangemiit variations.

2. Since it processes user-defined rules, it can bdifrad and tweaked easily to
improve or drastically alter system performancewNeputs can easily be
incorporated into the system simply by generatipygyapriate governing rules.

3. Because of the rule-based operation, any reasonaiider of inputs can be
processed and numerous outputs generated, altraefghing the rule base
quickly becomes complex if too many inputs and otgpare chosen since
rules defining their interrelations must also bérel.

4. Fuzzy logic can express nonlinear systems that dvdug difficult or
impossible to model mathematically.

The appeal of fuzzy logic for us is the abilityexpress verbal description of business
rules, and the inherent non-linearity that mimicsnian reasoning. In the following
we describe the three main components of our fagayem for logistics performance
evaluation. We start (as noted in Section 2) bytifigng all the stakeholders and the
performance indicators they care about. We themeldtizzy sets and membership
functions to obtain the soft measures from thequarhnce measures (section 3.2). In
section 3.3, we show how fuzzy rules can be sdbuombine the soft measures into
satisfaction variables. Finally, in section 3.4 tleduzzification process in described.

3.2 Fuzzfication

As described in section 2 we classify the stakedsldnto three groups: customers,
employees (drivers) and society. Once all stakedtalgioups have been identified, a
list of key performance indicators is constructed éach stakeholder group. These
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performance indicators represent key factors orclwktakeholders are judging their
satisfaction with the vehicle routing or logistissrformance. The KPIs are such that
they can be quantifiably measured (extracted oiveldy from the output of the
company’s operations. Note that each stakehold®rpghas one or more KPI — if no
logical KPI could be defined for a stakeholder grdien that stakeholder group was
removed from the set of stakeholders. ExamplesRisKnclude the number of late
deliveries for customers, number of places visiteat were not listed as preferred
locations for drivers, and overall truck utilizatiéor society.

To fuzzify the identified KPls, fuzzy sets (or oesponding fuzzy or linguistic
variables) need to be defined. Fuzzy sets in effbotv the translation of a quantified
metric into a verbal description of performancesatisfaction — i.e. “good”, “ok”, or
“bad”. Making this translation allows the meanirfgachard metric to be captured in a
unique manner for each stakeholder. For examplesidering the case of schedule
deviation, in the context of order delivery, sonustomers may rate their satisfaction
as “good” if an order arrives two minutes late. Hwer, if the order is ten minutes
late they may consider their satisfaction to bed"b&ut in the case of five minutes
late — this may fall into the verbal “grey area’hsmwhere between “good” and “ok”.
Thus, fuzzy sets must be carefully constructed dach stakeholder and KPI
combination. The identification of KPIs and the idigfon of fuzzy sets for each
selected KPI require expert knowledge and it iSiam being an automated process.
Nevertheless, it partly encodes the planners’ kedgg about their business
environment, and as such is progress towards a@nfjive main goal of this study.

3.3 Fuzzy Rules

After fuzzy sets have been constructed, fuzzy rmest be defined to merge all
“fuzzified” metrics into fuzzy measures of satigfan per stakeholder group. A fuzzy
rule has the form of IF ‘linguistic variable’ ANDR'linguistic variable’ AND/OR ...
THEN ‘linguistic variable’. In our model, the vahikes in the IF clause are the fuzzy
variables derived from the KPIs. They refer to ataie computed performance
indicator value to be ‘good’, ‘bad’, or ‘ok’. Theaxiables in the THEN clause express
the following six satisfaction measures: ‘customeappy’ or ‘customers unhappy’,
‘drivers happy’, ‘drivers unhappy’ and ‘society Ipgfy ‘society unhappy’.

In theory it is possible to consider all combinaticof variables, but it leads to an
exponential explosion of the number of rules. Inmodel the set of rules that bridge
the fuzzy variables based on the KPI measures h@dsatisfaction measures are
defined by expert knowledge. Logistical plannem aasert basic business rules they
consider during planning and these assertions aantrdnslated into linguistic
variables and fuzzy rules in a straightforward neanmhis property is the main
reason why we promote the usage of fuzzy logic imi@ling experts’ knowledge. The
rule base can easily be verified, modified or edeghby human interaction, which
makes the system implementing this model flexilolé human friendly.

3.4 Defuzzification

In order to evaluate logistical performance by shesatisfaction variables described
in section 3.3, they have to be defuzzified. Deffization converts fuzzy values to
crisp values; in practice there are several methgdshich to do this. In our model
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we suggest using of a method that result in a cootis value (center of area, center
of gravity), so that the results can be linearlynbmed.

The satisfaction variables are defuzzified in paifGustomer happiness’ and
‘customer unhappiness’ is converted to a custonaisfaction score, ‘driver
happiness’ and ‘driver unhappiness’ are defuzzifirgd employee satisfaction and
‘society happiness’ and ‘society unhappiness’ yieldociety satisfaction score. The
three satisfaction scores are continuous real sdbedween zero and ten, which can
be linearly combined with similarly scaled managkscores (cost, profit, etc scores).

4  Application

Presently, researchers from RSM Erasmus Univer3ity, Delft, Free University
Amsterdam, the Centre for Applied Mathematics amdn@uter Science (CWI) and
Almende BV are working together with industrial {peers Post-Kogeko, Vos
Logistics, and CarrierWeb on the application of rageased technologies to the
vehicle routing problem. Specifically, decision pop systems are being developed
to support the transport of containers over thel o the logistics service provider
(LSP), Post-Kogeko. Post-Kogeko is a mid-size L8Rva in several sectors, one
being the transport of import and export containgenerally of the merchant haulage
type. Post-Kogeko has a fleet of around 40 truaktsve in this sector, handling
around 100 customer orders each day.

The process of executing an order starts with ¢leeption of an order, generally one
day before required execution. An order is the estjdfrom a customer to Post-
Kogeko to pickup a container at a container terinfimacase of an import container)
and transport it to the customer, with deliveryhivita certain time window. Arriving
at the customer requested location, the contaméhen unloaded, and the empty
container is brought back to the same or anothetagter terminal or empty depot —
depending on the contract the customer has witltotiean carrier or shipping agent.
This concludes the order, and the truck is readyitfonext order. The process is
similar for export containers, except that an empbytainer is picked up at the
terminal, it is filled at the customer site (insteaf emptying it) and the full container
is returned to the terminal. What complicates msatte that not all containers are
available at the start of operations early in therming: either they have not
physically left the ship yet, or they are delayedddministrative reasons — often due
to an unsettled payment or customs. Post-Kogekooo@ntransport containers that
have been released, and are allowed to leave thtaiger terminal. For this reason it
is hard to optimize the system in a traditional sgensince not all information is
known beforehand, and will only become availablmetme during the day. Large
variation in the daily work load, (i.e., the numioérorders per day and the distance to
travel per order), complicates the planning process

One of the first steps in developing a decisionpsupsystem for this problem is the
development of an evaluation module that can jutigeperformance of one day’s
execution. Our judge module implements the fuzagedamodel outlined in section 3
to capture experts’ knowledge to mimic plannersileation. It requires a database of
orders and execution records for a given day. Théabdse should contain
information on the orders that were due on thergday and data on exactly how the
execution was carried out (when were the contaimerg delivered, by which truck,
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etc). Using this database the judge module compatést of KPIs (section 4.1)

fuzzifies them by the given membership functionsc{®n 4.2) applies the rules
(section 4.3) and finally defuzzify them (sectiod )4 The result of all this process is
three satisfaction score for customers, driverssaiety.

4.1 Selected Key Performance Indicators

According to our model, key performance indicatafecting the preferences of four
stakeholder groups are defined. Managers have afsegell-defined measures that
relate to cost and profit:
1. Empty distance traveled
2. Profit per delivery
3. Profit per kilometers
Drivers care about how long of a rest they can Haateveen two jobs (KPI 4), how
many times they are interrupted during their ongaaetivity to be sent somewhere
else (KPI 5), and if they are sent to addresséssair countries they do not like (KPI
6):
4. Driver idle time
5. Number of plan deviations
6. Geographical range
Customers are mainly interested in the qualityestise they receive. They usually
do not like early or late deliveries (KPI 7), somets they do not like specific drivers
(KPI 8), and they definitely dislike when their erd are rejected (KPI 9) by the
transportation company:
7. Schedule deviation
a) Number of early deliveries
b) Maximum span of consecutively early deliveries (th@ximum
number of early deliveries that happened in a seatethe customer’s
site)
c) Total minutes of earliness attributable to the mmaxn span of
consecutively early deliveries
d) Number of late deliveries
e) Maximum span of consecutively late deliveries
f) Total minutes of lateness attributable to the mammspan of
consecutively late deliveries
g) Maximum span of consecutively on-time deliveries
8. Driver serving each customer
9. Number of jobs rejected
Finally, society is expected to be interested iviremmental issues and traffic
conditions. All these point to the direction of fasv trucks on the road as possible,
while maintaining standard of living. We defineshais:
10. Capacity utilization

4.2 Membership Functions

To fuzzify the KPIs, we define linguistic variablasd membership functions for each
one of them. Due to their special business rules,da not fuzzify the managers’
performance indicators, only those of the drivetsstomers and the society. At least
two linguistic variables are defined for all KPI$hese are ‘good’ and ‘bad'.
Additionally, for the driver idle time (4) and thmumber of plan deviations (5), as
well as for the capacity utilization (10) a thiidduistic variable is defined, which is
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called ‘ok’. Note that all KPI values are normatize® have a value between 0 and
one. This makes it easier to define the membefsimptions. Membership functions
to fuzzify KPI 7.a, 7.b, 7.c, 7.d, 7.e, 7.f andr@ depicted irFigure 1.

1

membership
/

— bad — — good 1
Figure 1: Member ship functions with two linguistic variable

A KPI value of 0.6, for instance, defines a membgrssalue of 0.6 for the ‘bad’
linguistic variable and a membership value of @Athe ‘good’ linguistic variable.
Membership functions for KPI 6, 7.g and 8 are vemyilar to those inFigure 1,

except that the linguistic variables are assigodti¢ functions the other way around.
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Figure 2: Member ship functionswith three linguistic variable

KPIs 5 and 6 are fuzzified by the membership fuungionFigure 2. Here a given
value of a KPI yields in three membership values tfe ‘bad’, ‘ok’ and ‘good’
linguistic variables. To fuzzify KPI 4, the samenéttions are used, but the ‘good’ and
‘bad’ variables are exchanged.

43 Fuzzy Rules

Our goal is to convert the fuzzy variables obtaibhgdfuzzifying the KPIs to other

fuzzy variables describing satisfaction of cust@neirivers and society. For every
stakeholder group we define two fuzzy variableapiby’ and ‘unhappy’ and for each
of the six satisfaction variables there is a ruastructed. A rule combines linguistic
variables (fuzzified KPIs) by AND and OR operatiodND operations take the

minimum of the two arguments, while OR operatiaasetthe maximum. The results
of the rules are the ‘happy’ and ‘unhappy’ fuzzyri@bles for every stakeholder
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group. Following are the applied rules in the riotabf theFuzzy Control Language
(FCL) as defined in IEC 1131-7 CD1.

Driver satisfaction:

1. IF (driver idle timelS good AND plan deviationdS good AND geographic
rangel S good)OR (driver idle timel S ok AND plan deviation$S badAND
geographic rangkeS good)OR (plan deviation$S ok AND geographic range
ISgood)THEN driver happy.

2. |F (driver idle timel S bad OR plan deviationdS bad OR geographic range
IS bad) or (plan deviationsS ok AND geographic rangéS bad) THEN
driver unhappy.

Customer satisfaction:

3. IF (maximum span of consecutively on-time deliveti8ggoodOR [number
of early deliveriesIS good AND maximum span of consecutively early
deliveries IS good] OR total minutes attributable to maximum span of
consecutively early deliverieslS good) AND (maximum span of
consecutively on-time deliverid$ good OR [number of late orderkS good
AND maximum span of consecutively late deliveri€s good] OR total
minutes attributable to maximum span of conseclytivate deliveries|S
good) AND drivers servinglS good AND jobs rejectedl S good THEN
customer happy.

4. |1F number of rejected jobkS bad OR drivers serving S bad OR (drivers
servingl SgoodAND [number of late deliverielsS badOR maximum span of
consecutively late deliveridsS bad OR maximum span of consecutively on-
time deliveries|S bad OR total minutes attributable to maximum span of
consecutively late deliveridsS bad]) OR (number of rejected jobksS good
AND [number of late deliverietS bad OR maximum span of consecutively
late deliveried S badOR maximum span of consecutively on-time deliveries
IS bad OR total minutes attributable to maximum span of ecusively late
deliveriesl Sbad]) OR (number of early deliveridss badOR maximum span
of consecutively early deliverid$§ badOR maximum span of consecutively
on-time deliveried S badOR total minutes attributable to maximum span of
consecutively early deliverid$ bad)THEN customer unhappy.

Society Satisfaction:
5. |F capacity utilization S goodOR ok THEN society happy.
6. |F capacity utilization S badTHEN society unhappy.

4.4 Defuzzification

Pairs of satisfaction variables are converted tspcsatisfaction scores. Linguistic
variables ‘driver happy’ and ‘driver unhappy’ arenverted to a driver satisfaction
score, ‘customer happy’ and ‘customer unhappy’ tustomer satisfaction score and
‘society happy’ and ‘society unhappy’ to a socisatisfaction score. All scores are
continuous real variables in the interval [0, ID). achieve a continuous domain the
center-of-area defuzzification method is used with membership functions depicted
onFigure 3.
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Using this method, first the triangles representimgfuzzy values are scaled down (in
height) proportional to the actual values of Hagmd Unhappy. The point that
divides the combined area of the two discountexhgfies equally is returned as the
result. Note that the satisfaction value will alwde a real value between 0 and 10. In
the event that either Happiness or Unhappinessris the satisfaction score will be
either O or 10 respectively - regardless of the@alf the other variable.

— — happy
—— unhappy

membership

satisfaction score

Figure 3: Membership functions to use with the center-of-area defuzzification
method

5 Conclusions

This paper demonstrates the need to move beyomtitidraal vehicle routing
approaches by including expert knowledge in thecgse. We recommend a
mechanism, premised on fuzzy logic, to capture éxigert knowledge. We further
demonstrate the exact specification of this modeapplied to a real-world case in
container logistics.

Given the capability of this approach to capture thatisfaction of various

stakeholders within the logistics industry we amnfdent that this approach can
enhance vehicle routing practices. In additioernsuring that the routing is efficient
and cost effective, this methodology for measusagsfaction can also ensure that
the routing is also promoting the logistic companyusiness position with their
stakeholders.

Furthermore, in using multi-agent systems to fimtlisons to the vehicle routing
problem (as is underway at the universities invdlire this study) the quality of the
solution is highly dependent on the ability of tlagents to learn from past
performance. At the crux of this work is the néedccurately evaluate performance.
As indicated in the beginning of this work, we bgk that while logistics
performance is highly dependent on traditional mess (such as empty distance
traveled), it is also subject to measures not contynstudied (such as satisfaction).

Utilizing fuzzy logic as a means to derive stakeleolsatisfaction yields a highly
tractable mechanism by which to measure performamcethe factors influencing
performance. Furthermore, the control mechanisffmded by fuzzy logic is a
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promising technique for machine learning and cdnimomulti-agent systems for
vehicle routing. The next steps for this reseaathalong both of these streams. First,
we wish to use the framework described here as ansby which to compare the
quality of the solutions emerging from the differemulti-agent systems under
development at RSM Erasmus University, TU Delfed-tUniversity Amsterdam, the
Centre for Applied Mathematics and Computer Scie(@@/l) and Almende BV.
Second, we wish to embed the fuzzy logic framevasta control mechanism within
the vehicle routing agent systems.
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