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Pricing is one
truckload carrier. Tra
including fixed and
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truckload operatioz
times.
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e an average of all relevant costs
of providing adequate margins

b Soe by uncertainties inherent in
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CHAPTER I

INTRODUCTION

1.1 Background

Today truck transportation is the dominant mode of freight transportation in

Thailand. Several studies have reve )y over 85% of domestic freight movement

by weight is currently sery /that truck transportation demand

1 éation’s high economic growth.

continues to rise dramatiga

Full truckload service nr ecause a large proportion of

freight moved in Thai! o ad movement, such as bulk

market is highly c&¥ ; e ! ¢ entry resulting from the
es point-to-point trucking
Ation that requires a network

of local terminals for cor -l 5"'\* ctivities.

Given the extremely C %

business success. Specifyige —-,-"‘,-'-‘.__,_

'f the market, price is a key driver of
Eoring to potential customers is a
challenging task tR e J~/carriers, as over-pricing
will turn potentia Y . ’ 'h =¥ will result in eventual

financial losses. Moisiver, pricing trucking services is ci#ainly a difficult task if one

considers the various uffcgsgainties that mafipossibly affect the complexities and the

cos ot wocfl] S Bh LSS IR S I EINT e et o

carrier operau%ll such as the avalla@hty of trucks but also those that lie outside the

~ARTRIATOIHATINY TR

Among all external uncertainties encountered in daily truckload operation,
variability in demand is possibly the most important factor because it can
simultaneously affect both the revenue and the cost of a trucking operation. Higher-
than-expected demand may be favorable in the first instance because it means greater

revenue but the unexpected demand will have severely adverse effects on the



operation, and the additional cost of mobilizing resources to serve this unforeseen

demand may exceed the revenue earned.

The second most significant source of uncertainties in truckload operation is
the time required to complete a delivery, because this will affect the use of available
trucks. As truckload movements usually involve intercity long-haul movement, the

transit time is relatively constant, but the time associated with waiting at the

customers’ premises and load g vehicles may vary greatly among
different shipments due to_cBES J )rements. Customer demand and
service times are the two “==— i dﬁill be considered in this study.

Since these ux risk of potential loss from
unusual equipment re \ pricing that is based purely
on the cost-plus appro2 { - L cial and investment or extra
expenses from outs | .- “nusual requirements. The
literature describes ric raluate a system’s riskiness.
Over the past few years g¥ic #fn. 4l _' 1P T s managers have increasingly
used Value at Risk (VaR g 7 t Risk (CVaR) to measure and

manage risk exposure.

VaR is def ] ;,— - .‘;J verse market movement
with specified prob. lit vLamiro, 2005). It answers the
question of how mucir one can lose with p% probability Gver a period of time. Hence,
to control th ull truckload pricing
in this paperquﬂilﬂﬂﬁimmhty of an acceptable
loss which is less than the expectd target undegsa specified corgfilence level. The

AR I UVNIIABARE: oo e

is extr ely competitive the carriers are price-takers rather than price-setters.

CVaR measures the conditional expected loss exceeding VaR and accounts for
risks beyond the VaR value (Aker, 2005). CVaR is a convex function with respect to
positions (Rockafellar and Uryasev, 2000), allowing the construction of efficient
optimization algorithms. In particular, CVaR can be minimized using linear

programming (LP) techniques. The minimum CVaR approach (Rockafellar and



Uryasev, 2000) is based on a new representation of the performance function that
allows the simultaneous calculation of VaR and the minimization of CVaR. Since our
goal is to control risks to profitability by considering maximum loss or minimum

gain, using VaR and CVaR seems to be a reasonable approach.

An advantage of this study is that it enables transportation carriers to have

enough information to offer accurate transportation pricing estimates, which will

contribute to a healthy profit myg % R ¥ F §  provide a negotiation range for their
customers. Shippers can 288 )/ ion to improve their ability to
accurately determine the (™ " ari éch will allow them to offer the

incentive of cheaper pz
1.2 Statement of Pre',

As illustrate 4t s W N\ 10fion is a crucial element of
TL services, so its a:grs u) 25 \ \ \& for management. A minor
adjustment in pricing c2 o kol \ M ability of the business and its
ultimate success. Howev g i ey set standard prices in freight
transportation service as 1t is £ such as retail or even in passenger
transportation. Normall e providers set up their service
pricing depends og=

]

In the transgtation pricing process, depenc=fg on the assumption of

deterministic demand affd@sources capacit@transportation ricing is generated from
fixed costs ﬁdu&%nﬂ\ g ﬂ}fin 1n aimed at profit
max1m1zat10nq'b1ven the approprlete criteria, if uncertaln dem and resources
Capaayw ﬂ'&] Mﬂﬁmw ﬂ EI @a ﬂAddltlonally
duringgthe determination of pricing, maximum loss or minimum gain that can be

reached is not taken into consideration. Inaccurate pricing will increase the risk of

financial loss.

To prevent this problem, this research is established to answer the two

research questions below:



e How to determine reasonable pricing for Full Truckload (TL) service
considering uncertain factors
e How to control the maximum loss or the minimum gain within a

specified tolerance level to enable more flexible full truckload pricing.

This research aims to answer these questions. Therefore the risk management

techniques of Value-at-Risk (VaR) and Conditional Value-at-Risk (CVaR) that are

broadly applied in the finance gJapplied in this study. To make these
techniques easy to apply, this

user friendly interface anr:
1.3 Objective of Stuc

The main object’ 248 a price determination model
for full truckload op. SR W ditions by using Value-at-

:pts. The specific objectives

To examine Fu# T1 g Slructure

1.

2. To identify Full T 28/ yinty factors

3. Toexah— 4 S A Jorvice

4. To dewd A ology for optimizing

transporte, ,! N Pricing  ucopie uucertain ,, ditions by applying the
advantages ¢f dhe Value-at-Risgg,(VaR) and Conditional Value-at-Risk

, FUHINUNINEING

ToYevelop a Vlsuahzatlon tool for transportatlon camers as a decision

ammnimum'mmaﬂ

14 Scope of Study

This research methodology will be applied for full truckload transportation.
Daily delivery shipments in real cases will be used to validate this model. A

simulation model is developed to capture the uncertainty patterns inherent in the full



truckload network. Risk measurement technique is applied to control the maximum

loss or minimum gain.

1.5 Expected Outcomes

An expected outcome from this research is price determination model for full

truckload operation that accounts for uncertainty for transportation carriers.

AULINENINYINT
ARIANTAUUNING 1A Y



CHAPTER 11

LITERATURE REVIEW

In economics and business, the price is the assigned numerical monetary value
of a product, service, or asset. The concept of price is central to microeconomics

where it is one of the most important variables in resource allocation theory. Setting

suitable prices for products and s of the most fundamental management

disciplines in every compazs “like to earn more profit when we

set a price, the best price ™= > is-d; arily the lowest or the highest

price.

Price is one v~ 3 i when deciding whether to
purchase products or se: 2 \ ice industry, although service
quality is influenti i 5 Ol | Merations when selecting a

Dooley et al., 1989; Vidal
and Goetschalckx, 200 Ly o . AR \ mes reasonable pricing is as
important as service quali_ ' LN ] er price allows a higher margin
per unit sold as well (Dolan a - = "> Therefore, the primary objective of

price setting is not ato make a profit that will enable

ly tg
expansion and incYe : -,
P ) ‘!ﬁ" ) d

=/ m hierarchy normally generatecidom costing and pricing is

The profit s
illustrated in ﬁgure 2.1€Dalan and Simon, @996).

uEJ'JVI@@WEJ’Iﬂ'ﬁ
wwamum’a w

)

V v .
Sale Volume Price Variable Cost Fixed Cost
(units)
\
Variable Unit
Cost X | SalesVolume

Figure 2.1 The profit system hierarchy (Dolan and Simon, 1996)



Therefore, pricing decisions made hastily without research information,
analysis, and strategic evaluation can lead to the organization making less profit.
Likewise in the transportation industry, accurately reflecting operating costs to
customers is the primary factor driving profit. Therefore, it’s absolutely crucial to
have a strong understanding of actual operating costs in the initial phase of

determining price to ensure acceptable profit margins.

However, there are severs grors in transport operation, and it’s very
important to accurately repr ‘o pricing estimations. Uncertainty
gives rise to risk and inc - -J_A Suri and Soni, 2006). Hence,
controlling the maxingg 7 .

should be considered

e Basic Pricing C
e Risk Measurement
e Value at _Risk Er ey S glue at_Risk (CVaR) Technique
Applic i 2
pp V. Y

e Summary =

.!E "
W dF

“““ﬁm ANYNTNYNg

Cost egllmatlng is the bas1.g component of pricing procedure in business.

WS N IR AN R~
conce etting.” This" seCtion’ [lustra al's hat refer to

concepts of cost estimation.

Waters (1976) explained three costing methods that are used to estimate the
specific relationship between certain outputs and costs when that relationship is not
obvious from available information. These are cost accounting, engineering, and

statistics. The first method, cost accounting, is the process of tracking, recording, and



analyzing costs associated with the products or activities of an organization. This
method is generally the cheapest and most convenient method. It also uses existing
data. The second method, engineering, begins by ascertaining the technical co-
efficiency between inputs and outputs. Combining such co-efficiencies with the cost
of each input yields the cost function for the particular output. The major shortcoming
of the engineering approach is that it is fairly data and time-intensive. The third

method, statistics, generally makes use of statistical techniques (usually multiple

Many studies conducting transportation

costing estimates. Mz r truck costing model for

O

full truckload firms \\ gth of haul, average load,

average shipment size Ne) and the use of brokerage

firms (rented ton-mi#s ¢ fof i'é \ perident variables. The results

s \ h
presented evidence o refdiiiad ' s may produce the same
WA

output in terms of ton-m g e, 1
frer’

loads and lengths of haul. | T

modities with varying weight

38) attempted to account for this

by framing the cost function as = uts, input prices, and firm attributes.

“

The measure of opsgut i inpugnrices included prices of

capital, rented ;, — .‘;J )btained by employing a
translog model. Th i inggleturns to scale prior to

. ¥ i¥
deregulation and neariy constant returns to scale afterwara.

~AUEANENINGINT. .o

examine the differences between®large (less-tgap-truckload orglTL) and small
QAN HR N QTN B
stmctuﬂeé bétwéen iarée ‘an>d smali carriers. For iarge ﬁrfns?heré we;e ;ignificant cost
implications associated with increasing average load, average length of haul, and
average shipment size. Smaller firms illustrated no increases in costs due to increases
in average shipment sizes or lengths of hauls and loads, indicating they had already

taken advantage of these efficiencies.



Casavant (1993) described classical cost theory and presented much
discussion about fixed versus variable inputs associated with a production function.
To be more specific about fixed costs (depreciation on capital investment), interest
charges or return on investment, license fees and taxes, insurance, housing costs,
management or overhead expenses, variable costs (tire cost, fuel cost, maintenance
and repair, driving labor), and the decisions that managers make within given

situations, it is necessary to consider the time period under discussion. Two general

time periods are useful: (1) Shag B ¥ F Jgriod of time short enough that some

resources cannot be varied 8 \1// ﬂiod of time long enough that all
¥ ——

However, acc q## \ 997), differences in truck
' prices influence costs for
individual owner/oper: 45 L costs from many different
configurations and t# ¢’ i hcs| i W\ .ﬂion techniques, sensitivity
of costs and equipme Lo \ \ labor, and fuel price. The

relationships of these . S ations are important for the

Holguin-Vesgs he g=sults of a comparative

analysis of two ;, ' Ir"i st models, econometric

modeling and cost 2 1l Uy Cd Tt both approaches exhibit

similar ability to estimate the stated cost. However, theé"econometric model did not
consider the ‘:AD & i truck plus delivery
costs), but c@ﬁﬁfnﬂﬂﬂsmﬁm;ﬂﬁnﬁ of distance and tour
time, whereas the cost accounting@approach copsidered handlingggosts to produce

WA I INYTQ E

According to the basic cost concept mentioned above, cost estimation will be
the initial value for estimating prices. There are several methods for applying cost to

price, as will be illustrated in the next section.
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2.2 Basic Pricing Concept

In general terms, pricing is a component of an exchange or transaction that
takes place between two parties, buyers and sellers. Price is commonly confused with
the notion of cost. Technically, these are different concepts. Price is what a buyer
pays to acquire products from a seller while cost refers to the seller’s investment in
the product being exchanged with a buyer. Stated another way, the price for a seller is

the cost for a buyer. Generally, o _2im to make a profit and hope that price

will exceed cost. To set the ¢ .t achieves their pricing objectives,

decision makers might . ' s 10ds. Pricing procedures are

discussed below.

2.2.1 Factors Influenc’

The final pric 1C : L by many factors; however

These factors are describe #in ,@

T L

i A

Internal Factors [

Ir‘d

i 1nclu .- the following:

L
SbttHf¥s =pri i grm Ej;flrfrl jjectives for different
products. The main marketing obj e(flves that normeally affect price Qu:

Vi a@n%ﬂmm@ R b s e

products return a certain percentage of what the organization spends to

market them.
e Cash Flow — Pricing is set at a level that ensures sales revenue will at least

cover product production and marketing costs.

" http://www.knowthis.com
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e Market Share — Pricing is set with the objective of gaining a hold in a new
market or retaining a certain percent of an existing market.
e Maximize Profits — The objective is to set the price at a level that optimizes

profits.

e Marketing Strategy

Since price is only one of the key marketing decisions, the product’s final

price will be influenced by other risions as well.
External Factors

The pricing & actors that are not directly

controlled by an orgz

e Elasticity of Deman,

Elasticity of \ Juantity changes as prices

change. Elasticity is evi, ;T only price is adjusted while

other factors are not chang ##.

e Customer and (C¥an

- r
Decision n 2 Y |0 determine what “price

oints” are acce tab PI'IC ¥y oint ffould discourage customers
o -
dF

from purchasing.

L AUEANENINENS
8 A A

1ndlcat ons of how prices should be set.

e Government Regulation

Normally government regulation is a powerful dynamic in any business. So,
decision makers must be aware of regulations that impact how price is set in the

markets.
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2.2.2 Price Setting Methodology

After determining price objectives and listing all influencing factors, the next
step is to determine an initial price for products or service. There are several
approaches to setting the initial price, which include (Simon, 1989; Montgomery,

1988; Dolan and Simon, 1996; Rowley, 1997):

e Cost plus pricing

Cost plus pricing is 2 2monly used by several businesses.
This type of pricing incly< i , /ﬁ'ated with the products, as well

as a portion of the fixea™ . era=ng f It is calculated as illustrated

below:

Cost = (Average \, osts) x (1 + Markup %)

¢ Demand-oriented

Demand-orier# N0 ed pricing, establishes the

price for a product or s : M .nd. Normally, it is applied in
travel and theater ticket |#ice @ vendent differential charges for
access to telephone networks.- e ;-
e Price differen & A J

Price differen "[ (0N 1S ciree —crent m ses for the same product to

o

different social or geoglinphlc sectors of the rket

ﬂuEJ’JVIEWﬁWEJ"Iﬂ‘E

e Geographgg pricing

Pmmmmmﬂmﬁmg y2 1 I

1nternat10na1 marketplace, they need to take into account currency exchange rates of

different countries.

e Competition-oriented pricing
Competition-oriented pricing means prices are set with regard to the prices of

competitors. This approach helps to support an objective to increase sales or market
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share. Normally, it is often combined with other approaches to reach a price that will

yield a satisfactory profit.

e Historical pricing

Historical pricing means that today’s prices are based on yesterday’s prices.

Besides these methods above, there are many ways to present the price for
products or services to the cust: I J 4of the more well known methods are

summarized below”.

e Break even, m™™= ate gr 1&% duce the product or provide

ts and/or services under one
price
e Discounts for ¢ 1 re :"”

e Quantity dlscounts

Trade-i .ri
Update} ;, Iv._:‘ Pduct
o Discounte -_-; I

iy

Seasonal aiscount

. S . o L
EWEANENITNYINS
« Price plus shipping (cataf0g/mail ordergspe of sales)

’Qﬁﬁﬁﬂﬂ‘imﬂﬁ'l?ﬂﬂ'laﬂ

9Based on the general basic pricing concepts previously described, each pricing

method is proper depending upon the business or product. ‘Pricing in the
transportation industry, besides its usual usage for revenue management as in many

other industries, is also a useful tool for cost management’ (Lee and Zhou, 2009).

? http://www.businessplans.org/Pricing.html
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According to Maner et al. (2008), ‘pricing and rating transportation services is
a more unique and diverse activity than pricing most products and many services.
Specifically, truckload transportation is a customized service nearly every time.
Moving two different shipments the same distance may have radically different
associated costs, and therefore quoted rates, depending on the shipment

characteristics.” Some major characteristics include:

1. Distance transported, ¢z
(LOH)

' referred to as the length of the haul

Specific pointg

A

Corresponding with dthat transportation prices were
driven by seven factors: \l) ¢

handling, (6) liability, and G- _{F}__I:' actors, we need to consider both

e, (3) density, (4) stowability, (5)

the full running difge——— ;.‘ ly (Beilock and Kilmer,
L)
1986). Y

.!i
»

Gorman (2001, f(ﬁ) studied a fregi carrier’s r1c1ng strategy in a network

by consideriﬂ upEJ ’J m&m ﬂnﬁﬂow in the network

was unbalanc&l equipment reposm?nlng was c0n51dered He applled a mathematical

ARSI NN
probleql ater, Lee and Zhou ( ) Tigured out how to set the price optimally in a

transportation market with empty equipment repositioning. Transportation equipment
in their study is trucks and containers. They aimed to construct and analyze a
mathematical model which explicitly considered empty equipment repositioning cost
by focusing on a two-location transportation system with two firms. Moreover, fleet
management decisions of freight carriers in a network also incorporate pricing

problems (Topaloglu and Powell, 2007).
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Another previous pricing study was proposed by Lin er al. (2009). They
provided a pricing and operational plan for LTL in Taiwan to maximize a carrier’s
profit. The constraints in pricing planning for time-definite LTL freight delivery
common carriers are based on the following assumptions: (1) the demand is a
continuous and invertible function, (2) the revenue function is a concave continuous

function, and (3) the capacity in the hub-and-spoke network is fixed.

Transportation activities 3 due to several underlying conditions

ﬂon, variation of commodity type,

‘dﬂ portion of empty truck miles,

that change over time, such 2
weight and size, variatior

variation of fuel price few studies have considered

these uncertain factor:

Tsai et al. (200 N, of Real Options to craft a

derivative contract # “oad options to hedge the

uncertainties. They de ¥ h given minimum, average,

b A& LZ) '\
and maximum prices fc - v fr |7 \ 1g a set period (typically one
e

month) considering uncer g¥ ;,?: T wuses that changed: demand for

shipping over a given lane, the o0r—+— containers bound for a destination
N,

(‘deadhead’ movess Xl of e truckload option could

be guaranteed ;, : Ir"i for shippers, as well as

compensation for ‘de 1l hea

¥

‘ _
Alth(ﬁhﬂsgﬁw i aﬂ§ ﬂkrjo maximize profits,
some kind fqlri picilg H S nﬂ ndt it into consideration.
Examples include losing a more tMan acceptablgslevel or gainingJess the desired

o AN W AN VTR B ot

either B lose a more than acceptable level or to gain a less than expected level when

setting a price. Therefore, the next section will provide the methodology to measure

the probabilities of losses with a specified confidence level.
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2.3 Risk Measurement Techniques

In the real world, many problems arise from uncertain conditions such as
stochastic conditions or fuzzy conditions. In the freight logistics business, industry
and service providers are strongly pressured by increasingly individualized and
dynamic consumer demands (Duin, et al., 2007). Pompeo and Sapountzis (2002) note
that risks in freight transportation arise largely from three sources: changes in demand

caused by the economic cycle, ar) ‘n, the way contracts are drawn up, and

uncertainty over prices. De

firm encountering uncertam. in W ﬁlality of service (as measured

by waiting times) and r=

However, und
inventory costs for the ] s Mswith the supply conditions of
- itination. The effect of the
Wed by Beilock and Kilmer

carriers at the origind®
likelihood of a back!
(1982) and by Kilmer, F -house risks exist, particularly
human error in daily tr, Human errors can result in
incomplete or inaccurate freig? inaccurate documentation. This can
result in delays xwith _g T sck bhandling. Other uncertain
‘ - .‘;J s, fuel price fluctuation,

+ route (Min et al., 1998).

conditions in tran® ;f

unpredictable transit =41C;

Hand ti iring research topic
in the fmanH eﬁﬁﬁﬁiﬁﬁ gﬁwﬁﬁﬁneeds to be made to
optimize port olios where the pricg is considergd as a random gayiable. Decision
~QWARINTO HNAD NGB
Theref§re, there many efforts have concentrated on how to reduce the risk of high
losses using different measures and optimization techniques. Furthermore, the theory
and model of the decision making under risk should be able to include as much
information on risky prospects as possible (He, Y. and Huang, RH., 2007). Two risk
measurement techniques are:

e Value-at-Risk (VaR)
e Conditional Value-at-Risk (CVaR)
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2.3.1 Value at Risk (VaR)

In the financial world nowadays, Value-at-Risk (VaR) has become one of the
most important if not the most important measure of risk (Rogachev, 2002). It can
describe the loss that takes place over a given period and at a given confidence level,
due to exposure to market risk. For a given time horizon ¢ and confidence level p, the
value at risk is the loss in market value over the time horizon ¢ that is exceeded with

probability 1- p (Duffie and Pan, 1997 »

VaR was first used

é?ni the late 1980s to measure the

risks of their trading pC® m.cepted not only by financial

institutions and regulatore monitoring risk, but also by

retail banks, insuraic: s AN sinvestors, and non-financial

search that relied on the

(1997), Down (1998), and

enterprises. Accords
Value at Risk as a ris;
Saunders (1999), who - #51° » %c %0 risk management resulting
in it becoming the indus iy | Ill'\.h_ or by regulation. In principle,
VaR furnishes quantitati S A AN k.

4"-

The functions that defaiike be fairly intricate. An expected tail

loss (ETL) VaR rp~4~ 4 Jconditional on that loss
5'"1 |~' d

example, the Deriva, ,.! >s Policy Giotpias proposed a $ndard for over-the-counter

exceeding some To approach VaR, for

derivatives broker- deald orts to the Segy rities and Exchange Commission that

wouit st S@LIEFY A IR T SRR e » of 99, o

illustrated in Flure 2.2 (Duffie and pan, 1997).

ammnimumqwmaﬂ
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Change in Market Value
Over 2 Weeks

Likelihood

(2-1)

where p is the confidence e be means measured in number of

standard deviatiorg= nfidence level); o is the

]

portfolio volatility, v = uon of the yields; and T'is

1
the time period (Rog®™hev, 2002). -

o AU A NBR SN T e s

on measuring ”alue at Risk from djfferent estlmﬂ)n methods to ous calculation
i ORIATRINNTVAE | Qe
metho§ and two simulations are the two historical simulation methods, and the Monte
Carlo simulation is the third method. Each has particular strengths and weaknesses
and should be viewed not as competing methodologies, but as alternatives which

might be appropriate in certain circumstances (Stambaugh, 1996).
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e The Variance-Covariance Method

In 1994, JP Morgan launched the risk measurement technique, the so-called
RiskMetrics™. It is a methodology and database to measure and describe risk. Since
its introduction, RiskMetrics™ has served as a catalyst and a focal point for the
debate on VaR methodology, and it has served the market extremely well in that

regard. It is now the most visible advocate for the variance-covariance methodology

for measuring risk and has becon g “gnonymous with it.

The Variance-Cor™® d rjéﬁritical assumptions about the
nature of portfolio mz calculate risk with a single
closed-end formula. & s in market variables, such
w%:d and zero-mean. It is said
ybell curve’ shape with no
underlying upward S0 4 i ) smnption is that every risk
position can be expre; : 2 , \ \ Win size, known as the “delta
equivalent,” in one or T, rariable. If these assumptions
are valid, it can be coﬁc] f:"?: k&8 movements, but also the set of

possible portfolio gains and IOS° 3 nofmal distribution.

ZH) T
This meth: : .*:i ly distributed. In other
words, it requires thc i /e o8 Tikpected (or average) return

and a standard dev1auon — which allow us to plot a normal distribution curve. More

details of thﬁﬁyﬁ(ﬂﬁﬂﬁqﬂ mn39

1. The portfolio is composgtl of assets whgse deltas are ligear; more exactly

ARIATRIN R A« < -

linear combination of) all the changes in the values of the assets, so that

the portfolio return is also linearly dependent on all the asset returns.

2. The asset returns are jointly normally distributed.

The implication of (1) and (2) is that the portfolio return is normally
distributed because a linear combination of jointly normally distributed variables is

itself normally distributed.
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The normality assumption allows us to z-scale the calculated portfolio
standard deviation to the appropriate confidence level. So for the 95% confidence

level VaR we get:

VaR =-V (u, -1.6450,) (2-2)
where:
(2-3)
and (2-4)
Notations:
(0]
i of asset i (otherwise) over
p W © and ) of the portfolio

The benefits of ghe_variance-covari model are the use of a more compact
ra wr p

and maintai ﬂt&lfﬂh{ﬁ cEl ﬁﬁe ﬂ@aﬂlﬁ parties, and also the

speed of calc@lption using optimized linear algebra libraries. Drawbacks include the
Y WINPT BN R (1810 ):
assumptidniof igtri sdt fetuirn ar ﬁr' returns.
e Historical Simulation Method

The historical method simply re-organizes actual historical returns, putting

them in order from worst to best. It then assumes that history will repeat itself, from a

risk perspective. This involves running the current portfolio across a set of historical
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price changes to yield a distribution of changes in portfolio value, and computing a
percentile (the VaR). The benefits of this method are its simplicity to implement, and
the fact that it does not assume a normal distribution of asset returns. Drawbacks are
the requirement for a large market database and the computationally intensive

calculation.

For a simple example, using the historical simulation method to evaluate the

VaR of the portfolio, we can use 3 F J 3d equation 2-5.

(2-5)

where

Acconting to St A

one thing, no assumptions a4

proach has several advantages. For
ibutions of the underlying price

changes. The changeg s A Jare used to calculate the

=3

prospective gains : yl 3 1on is fully captured. For

another thing, this m. ;! odology caii> tor rut valuation @lhe positions, be they cash,

derivative, or option holiggs. The column gfgpossible gains and losses is thus a set of
realistic outc#

positions. uPEJIQ qu %’%ﬁ w Ejaqfﬂte he risks of different
AN INAMIANENAY. ...

One is that there is disagreement on the appropriate number of days to use. The longer
the series the less risk of sampling error, but older data has less validity. A related
problem is that a few large movement trading days will dominate the VaR number

until they drop out of the sample at which point the number could fall suddenly.
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¢ Monte Carlo Simulation

The other principal form of simulation approach is Monte Carlo simulation.
This operates according to a similar principle as historical simulation with the
important difference that the price changes against which the portfolio is revalued are
simulated rather than historical. A Monte Carlo simulation refers to any method that

randomly generates trials, but by itself does not tell us anything about the underlying

methodology.

The first step in - i A series of models to forecast
market behavior, iInCOzmm

factors considered 2 \ used to generate several

Perhaps the #Zre- Jo™ imulation is that it is a
ravenous consumer o 40 il % " models, running the daily
scenarios, and then , % , 0\ luations require significant

1%,

computing power. Nor it > processing, as with historical

e

simulation, since the scenariosTe— :

> st be generated centrally, and then
distributed for calati 2 coeter. This sets up conflicts

with units in differ] v — n-.","l

i 4

As illustrated above, these methods differ in theirility to capture the risks of
options and gpligni ‘iﬁrﬂ 5 1 ion gase of explanation to
senior mana@;ﬂ ﬂib tyi rﬂﬂ hﬂH jn; in the assumptions,
and reliability of the results. The bedt choice will de, determined by@ghich dimensions

e @ Pred QYN TR ERd VANd 1A BIbOY B s o

providad the differences in the three methods illustrated in Table 2.1.
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Table 2.1 Comparison of Value at Risk Methodologies

i =

Historical Varlance/Covariance Monte Carle
Simulation Simulation
Able to capture the Yes, regardless of the Mo, except when computed  Yes, regardless of the
risks of portfolios options content of the  using a short holding period  options content of the
which include portfolio for portfolios with limited portfiolio
options? or moderate options content
Easy to implement? Yes, for portfolios for  Yes, for portfolios Yes, for portfolios
which data on the past  restricted to instruments restricted to
values of the market and currencies covered by instruments and
factors are availah'z A lele “off-the-shelf” currencies coverad by
available “off-the-
shelf™ software.

Otherwise moderately
to extremely difficult to
implement.

Computations Mo, except for
performed quickly? relatively small

portfolios,
Easy to explain to Mo

SEnior management?

Produces misleading
valug at risk estimates
when recent past is

Yes, except that
alternative estimates of
parameters may be

atypical? used.
Easy to perform Yes,
“what-if”" analyses to Ve 3 W peans

examine effect of ] glal ol < standand
alternative Unatle to
assumptions? ternative

hout the

Source : Linsmeier &2y

SU

With n ﬁmencal‘\ﬁl at Risk (V&8 as mentioned above, ‘we can make

detdecg ol bl Pl hERd: e enavior of e

portfolio’s daﬂ!/ return (i.e. if wefmake some assumptlons abo t_the probability

- VRN IHHATINHIFE =

called @arametric as been adopted as a performance measure that

further prog

evaluates the maximum loss with a specified confidence level, then parametric VaR is

as described below.

Assume the specified probability level is p. The g —VaR of a portfolio is the

lowest amount ¢ such that with probability p, the loss will not exceed €.
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Let f(x,y) be the loss related to the decision vector x, which represent a
portfolio, and the random vector y, which acts for uncertainties, e.g., market
variables, etc. that affect the loss. Therefore, for each x the loss f(x, y) is a random
variable having a distribution induced by the random vector y. Assume the
underlying probability density function of y is denoted by p(y). Then, the p—VaR

values for the loss random variable related with x and any specified probability level

p will be denoted by &,(x), whichya g § ko by:

(2-6)

where

, which is the cumulative

Conditional Value-atfP nown as Mean Excess Loss, Mean
Shortfall, or Tail {23 e 1f5)fied probability level p,
the p —VaR of a & db AX ) with probability 4, the
loss will not exceed- whereas uic o vaa > the co ,, ional expectation of losses
above that amount €. (§VgR measures the ggnditional expected loss exceeding VaR

and accoumﬁ %ﬁ’}%ﬂ%@ PRV e i avte to quanity

dangers beyofd the VaR value. Tg avoid the undesuable characterlstlcs of VaR,

AR N T

The p—CVaR values for the loss random variable associated with x and any

specified probability level p will be denoted by ¢, (x), which are given by:

B0 =01=p)" [ fxy)pO)dy 2-7)

Fxy)zes(x)
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In equation 2-7, the probability that f(x,y)>¢&,(x) is therefore equal to
1 - p. Therefore, ¢,(x) is the conditional expectation of the loss associated with x
relative to that loss being ¢,(x) or greater. It can be ensured that the p —VaR is

never more than —CVaR , which means CVaR will naturally give low VaR as well.

In addition, Rockafellar and Uryasev (2002) derive the fundamental properties

of CVaR as a measure of risk g

gnificant advantages over VaR for loss

/tness. CVaR is able to quantify
,,éshortcuts through the linear

distributions in finance that
dangers beyond VaR.
programming techniques
2.4 Value-at-Risk (V< sat-Risk (CVaR) Technique
Application

The VaR and C that originated in financial

models. Since the enu ¢ Ll‘a\ wed to measure their risks by

internal VaR models, o berome an essential tool of risk

management (Jorion, 200%). aid CVaR have been applied in
many fields for several yea: a (2003) propose VaR using the
historical simulaiz= e ;*"ication. VaR provides
estimation of the Ml 'r‘ a likelihood level, and
can be used for des ,[ 1NE T1SK lianagensene strategie , n inventory management,
Aker (2005) uses ValugffafaRisk (VaR) andg pnditional Value-at-Risk (CVaR) as the

risk measurﬂ uﬁ}@ ﬁ)ﬂrﬁj Wﬂ’};ﬂ;ﬁs the multi-product

newsvendor pibblem using VaR and CVaR constralnts VaR’s characterlstlcs are

de‘“"’ﬁeﬁ“’mﬂﬂiﬂﬂﬂﬂﬁ’mﬁl‘mﬂ

VaR = inf{ 7,|P(E 2 7)) 2 p } (2-8)

where
7, = target profit value
p = threshold probability value of the downside risk constraint

¢ =random variable
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The VaR-constrained optimization problem is defined as the maximization of
the expected profit with a downside risk constraint. The model for one product was

solved by Gan et al. (2003). The decision problem is as follows:

Objective
m%x E [ﬁ(q, D)] 2-9)
g

Subject to

Pr(7 (g (2-10)

where

@2-11)

where

' HANenINgn T
AWMy

rnoax CVaR ,(7(q,D)) (2-12)
q20,7,

where

CVaR ,(7(q, D) = 7, +% [lr=e)g=(r=s)g-D)" ~ 7,1 dF (D)

and [a] = min(a,0)
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In a multi-product newsvendors setting, Gotoh and Takano (2008) and Zhou et
al. (2008) independently consider the Conditional Value at Risk (CVaR)

minimization problem.

Even though Value-at-Risk (VaR) and Conditional Value-at-Risk (CVaR) have
become the major tool in risk management worldwide, the literature reveals that there
is no risk application in full truckload (TL) pricing estimation. Therefore, the

advantages of these risk measurem: ues will be applied in this study.

2.5 Summary

This chapter revies o St to theoretical methodologies
and previous studies ot . N “eing. Also, it investigates risk
measurement techni®ecs 4 e ¥ . i . Yess than the desired profit
or losing more th: ertain  factors. The risk
measurement techniqr | Conditional Value-at-Risk
(CVaR). This study shov EITY ) '* ing interval within a specified
tolerance level to enabl:, A pricing. The different tolerance
levels should provide a négot] i Or customers. An example of this is
illustrated in Figure 2.3. Thax -—":‘ : amers are willing to pay should be
at or above the abgea :__‘[ ifference between these

[y A

two points is the £ “reement can take place

considering different. ,.E nfidence Ievers uie ef al., 199

| UHANEN NG WRT
qm ensRiIN InNAL

Negotiation Area

Minimum price w1111ng to sell /
Open price offered
/

Figure 2.3 Establishing a Price (Burt et al., 1990)



CHAPTER III

RESEARCH METHODOLOGY

The proposed research framework has two basic components, the full
truckload simulation model and the full truckload pricing model, as illustrated in
Figure 3-1. A simulation model is developed to capture the stochastic patterns inherent

in the operation of a full truckload ne ‘g g7k. The stochastic patterns considered in this

study are demand uncertainty _7 1e uncertainty, from both existing
customers and new custor MRS “Tull é nricing model applies the risk
: at Misk === Conditional Value at Risk

e

measurement technique
(CVaR) to control the

tolerance level to enavie -

v

oW
TS ‘ Customer J1'

- Waiting time
- Uploading time
- Unloading time

L

Profit Uncertainty

v

Full truckload pricing under
profit uncertainty

Figure 3.1 Research Framework
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To achieve the proposed research framework, the overall research procedure

and methodology will be meticulously performed as illustrated in Figure 3.2.

Transportation cost and price structure

identification

l

\
Simulation g';“"
Z#>ndSim8 Simulation Tool

deve!é\ A\

A

Tran r—9g oement Techniques:

deteps®™ i R) —
/ : anue at Risk (CVaR)

Data Collection
Literature Review

>

=/ Conclusion and recommendat

A2l AL

h¥proc¥dutefafrd’methbdol &ty

R mmm%u UHAVRE A Y

The freight transportation structure in Thailand is quite complicated. Unlike

other products, it has no standard pricing. Transport rates are determined individually
and depend on a company’s strategies, customer requirements, market price, etc.
Therefore, this study will deeply investigate current transportation costs and price
structures of full truckload (TL) service in Thailand. Traditionally, transportation

pricing is derived from the transportation cost, which consists of fixed costs and



30

variable costs, plus a profit margin. The amount of profit margin added depends on
specific company policy or service level. Normally, driven cost components such as
weight, volume, origin, destination, etc. are considered as deterministic variables. A
different quantity consequently generates various levels of services and pricing. Also,
generated pricing can be by baht per trip, per kilometer, per box, per ton, per volume,
etc. To deeply understand transportation cost and price structure, this task will be

clarified using these details:

o Identifying tran=: /“"e components
éieparated into two parts:

i”” costs and are those that do
erally include depreciation
, Oor return on investment,

ts, management or overhead

Maileage. These costs include

\ g labor, etc.

The total cost mentlon J- B

-

price per unit. Norymll ' in. uht per box, baht per ton-

converted to transportation cost and

km, baht per km, e - .;..

.!i rp
W ¥

e Selecting a tr; ‘ansportatlon carrler to be the case study

This carrier to be the case
study for ob Esﬂgm ﬂ ﬂq ﬂmﬁ?pﬁce structure. The
selected carrier should provide reliable_sefce and_ eno information to
AR AT

shipme%ts. Hence this study mainly focuses on transportation carriers who offer

nationwide services for consumer products.

Normally, a vehicle in full truckload operations is loaded with freight that
meets either the cubic capacity or weight capacity of the vehicle, and carries it to a

single destination where it is completely unloaded. TL carriers usually charge a
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service price per kilometer. The service pricing varies depending on the distance,
geographic location of the delivery, items being shipped, equipment type required, and
service times required. The characteristics of a Full Truckload (TL) carrier are

illustrated in Figure 3.3.

Operation

3.2 Developing the.full

. <
A simulatior 4 . -11astic patterns inherent in

dF

|
the operation of full ®fickload networks. The stochastic#tterns originate from both

X

existing and newly-ap IG ustomers’ rations. The model is used to illustrate
how a new (ﬁfﬂﬁ%\ ﬂm sm Etlst’o]nﬂo ration. For instance,
transportation garriers might not hgye enough regources to serve ﬁy new customer
demﬂ.w&a Mﬂ Wi%mqﬁﬁﬂiaeﬂo fulfill new
custom@r requirements. Simulation results can imitate this situation and provide this

information to carriers before making any decision.

The model was developed using ExtendSim8, which is discrete event
modeling, to mimic demand and service time uncertainty in daily operation. Outputs
from the simulation will be uncertain demand and also daily operation costs. This

output will be used as input data for the full truckload pricing model.
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3.3 Developing the full truckload price determination model

This task aims to develop a full truckload price determination model for
newly-approached customers by considering the operational uncertainty that
originates from both existing and potential customers. The outputs from the simulation
model in the previous section will be the initial information for the full truckload (TL)
pricing model in this task. Since pricing for current customers cannot be changed, the

problem is how to determine tr’ ing for new customers by considering

uncertain current operational ional costs from new or potential

customers.

Therefore, a fu!!
Value at Risk (VaR) a~

stomers is developed using
to determine the minimum
service price offering sless than the desired profit or
losing more than an rs. In this case, uncertain

operating costs from c1
3.4 Data Collection

This task aims to cQlisd e study to develop a full truckload

simulation and pris&s 7 providing full truckload

. v P ‘ .
service for severa®#= = # into two types, current
customers and new ;E ‘tomers. 1h1s rescarcn will mairdld concentrate on customers
who sign a delivery conffaggwith the selectaglearrier.

AUYINENINEINT

Daily (ﬂeratlon information éuch as Volume and size of sh1 ments, number of

ﬂmammm?ﬂm@:ﬂ R,

time to upload, uploading time, travel time, waiting time to unload, and unloading
time. This data will be used as input data for the full truckload simulation and pricing

model.
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3.5 Model Verification and Validation

The developed model’s reliability must be verified. This is done using a real
case. To validate the full truckload simulation model, full truckload real data will be
used to compare. For pricing model validation, we will go back to work with

transportation carriers and fine tune this model until it is usable and reliable.

3.6 Full Truckload Pricing Analy: i

After checking thk=

é‘* process is to implement the

developed model in a p g,_ - .t will be applied to investigate

pricing for new customer- e field survey.

the study, the method A 7 gl N §ladons for further study.

AULINENTNEINS
PN TUAMINYAE



CHAPTER 1V

DATA COLLECTION

This chapter presents the survey data related to the full truckload simulation
and pricing model. Collecting related data will be performed while developing the

simulation and also during pricing. Collected data are used to adjust and refine the

simulation model so it is more 41 reasonable. For this reason, a full
truckload transportation cags /f‘ase study for the simulation and

pricing model. All relate On Ut i:—-d his study is explained below.

4.1 Case study backs:

4.1.1 Overview

The selected t td., is located in Nakorn
Ratchasima provincd] - SCA 7 ) " Wa™ provided full truckload
transportation service f A Gyl yed "\\ tially, their transport service

provided for agriculture #% >d the northeast of Thailand.

Nowadays, their service has csZZi% | < /] e agricultural products, construction

oods, consumer qrt service network is
-

nationwide. Besideg 4 A Jima province which is a

head office, they hav .: nother G158 T nat 1 uck Terminal Station, Lad

Krabang, Bangkok, that‘acigas a parking argdy The second distribution center is about

e YHNUNTHYINT
AR TN TN
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4.1.2 Truck Type S

The company “n Table 4.1. However, this

research framework for ers, as these are the largest

proportion and are often u:J

Table 4.1 MCK trugk typs

Trudkds ) Total
Full Trailer 10 Whe ll} , 45
Semi Trailer ' 55 41 9
o SemiTr 'ler 10 wﬁaa- 31 36
e Semi elN ﬂlﬁ 60
Truck6Wﬂe¢ AL l-“ 1
ummary 142

IRAANATAN WQ ) m&n YT,

warehoﬂlse service for customers. Full truckload service is provided for agricultural

products and also agricultural products’ processing.

4.2 Customer Demand Information

Even if this research aims to investigate full truckload pricing for new

customers; however, existing customer demand uncertainty is still a concern.
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Therefore, customer demand information required for this study can be divided into
two groups:
- Existing customers’ demand information

- New customers’ demand information

The details for each customer type are explained in detail below.

4.2.1 Existing Customer Deman

Existing customer

/ s to whom MCK provides full

truckload service usingwe rrently, MCK provides semi

trailer 6-wheel truck SCTVic 16 — ug customers. The historical
data were collected €% \ ioor 30, 2010) to develop the

simulation and priciz ' see ' ®8 described in Table 4.2.

Table 4.2 Exiting av#

Route | DC Start Rout A §< \ p Average shipments per day | STD
1 BKK | AYA-NMA | ! 3 37 7.04
2 BKK AYA-SPK 17 5.07
3 BKK BKK-BKK 0.3 0.60
4 BKK | BKK-MDH : 02 0.58
5 | BKK | BKK T/ g s 20 241
6 | BKK | CBLTw — 08 2.34
7 | BKK | LRINFZ ) 1.63
8 BKK | PTE-NM. -1! | Pathumra — 0.4 0.76
9 BKK SKN-NMA ‘ Samutsakorn | Korat _ 131 0.6 1.03
10 BKK mfPk ﬂ. o 580m 27 3.66
11 BKK " §RI sdab i 1 i I a 08 2.02
12 BKK HRI-NMA Saraburi i Korat 268 i 13 2.02
13 NMA KKN-NMA Khonkaen Korat 714 % 5.73
14 umphn; t 6 3 3.98
15 qNMA NMA-AYA | Korat Ayudhaya | 749 - 35 7.40
16 NMA | NMA-BKK Korat Bkk 1,034 49 7.20
17 NMA NMA-CBI Korat Chonburi 235 1.1 2.19
18 NMA | NMA-NMA | Korat Korat 2,382 1.2 8.12
19 NMA NMA-RBR Korat Ratchaburi 74 03 0.86
20 NMA NMA-RYG Korat Rayong 449 21 3.16
21 NMA NMA-SPK Korat Samutprakan 1,006 47 8.03
22 NMA | SSK-NMA Srisakate Korat 267 13 3.20

Total 10,886
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This historical data reveals uncertain existing customer demand. Since most of
the products that MCK delivers are related to agricultural products, demand varies
seasonally, leading historical demand to vary on a daily basis. This study uses the
Stat::Fit function in ExtendSim8 simulation program to fit a demand distribution

curve. The function feature of Stat::Fit in ExtendSim8 is demonstrated in Figure 4.2.

Stat::Fit - Document1
File Edit Input Statiskics Fit  Ukilties. View ‘window Help

DEds=rElce ]z T .|y

il Document1: Data Table |L| ‘z| .\."

=
Intersals: |_1 Foints: 1] ,-i‘ -

1 -

Far Help, press FL

Figure 4.2 Stat 1= 8 simulation model

Y L . £

After input{ ¥ By Jhe Stat:: Fit function has
a menu to select the | tteri s v Bl jocny to fit distribution as

-l

illustrated in Figure 4. ‘After the distribution pattem is chosen, the Stat::Fit function
will provide ut data as shown in
Figure 4.4 Euﬂ ?ﬂeﬁ[fﬁ mﬂ tflﬂ 1stlcs test report as
descrlbed in ljﬁure 4.6.

RSN I NN INNAY



Auto::Fit

™ continuous distributions
i discrete distibutions

= unbounded
The Distribution 15 * Jawer bound
= assigned bound

Lowest Allowed Y alue: IEI

acceptance

do not reject
reject
F . » \ reject
Poisson[11.2] 2 ! ! \ reject

I eeee——— = =4 function

?"-I P d

FY 18_NMA-NMARH Inparisoi trep. ,

Dizcrete Uniform
Geametric
. 2gative Binomial

Fitted Density
L

JINYNINN
NN 8l

Megative Binomial

000
0.00 10. 20. 30, 40. 50, 119

Input Vahue s

Figure 4.5 Distribution fit curve from Stat::Fit function

38
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Negative Binomial

k = 3.
p = 0.211519
Chi Squared
total classes 10
interval type equal probable
net bins 21
chi®™*2 15.9
degrees of freedom 20
alpha 5.e-002
chi**2[20,5.e-002] 3.4

0.723
DO NOT REJECT

p-value
result
Kolmogorow-Smirr

data points 213
ks stat 3.05e-002
alpha — ! - bh.e-002

9.22e-002
0.986
S, DO NOT REJECT

After applying S % demand distribution of each

route is illustrated in ~ \ storical demand distribution
is Negative Binomial ¢ W Lpr A i w ial distribution is a discrete
probability distribution of #e , es® a Bernoulli sequence. Suppose
there is a sequence of 1ndepf ' ials, each trial having two possible
outcomes called “(1 ',‘ g i v 1 pbability of success is p

and of failure is & & AL Jotal number of success

required. The numbe .I of tria uty fu ” ion of Negative Binomial

distribution can be consatucted as below:

o

gJ EJJI?WEI"Iﬂ‘i

, X =1,7+

for B

qmmnmuﬁ’ﬁfmmaﬂ

where the characteristics of this functions are:

E(X)

.1

Var(x) = ra-p)



Table 4.3 Demand distribution for existing customers

L
é Parameters

Kolmogorov-Smirnov

No Route Origin Destination strik - EX)
< P P-Value
1 AYA-NMA Ayudhaya Korat A 0.212 0.05 4.7
2 | AYA-SPK Ayudhaya Samutprakan | I 1 0.368 0.05 2.7
3 | BKK-BKK | Bkk Bkk ' < i 0.789 0.998 1.3
4 BKK-MDH Bkk Mukdahan AT D 0.832 0.979 1.2
5 | BKK-NMA | Bkk Korat Ne(- /L bf 0.603 0.256 17
6 | CBI-NMA Chonburi Korat 471\ £ n 1 0.565 0.05 1.8
7 LRI-NMA Lopburi Korat B 3 h Y 0.467 0.257 2.1
8 | PTEENMA | Pathumtani Korat - Jiaganon A W | 0.722 0.819 14
9 SKN-NMA Samutsakorn Korat 29_ P ; 1 1 0.619 1 1.6
10 | SPK-NMA Samutprakarn Korat 270.69 =n ial | 1 0.269 0.185 3.7
11 | SRI-MDH Saraburi Mukdahan 537.2% A ial 1 0.555 0.05 1.8
12 | SRI-NMA Saraburi Korat 1 0.443 0.101 2.3
13 | KKN-NMA Khonkaen Korat - 0.23 0.05 4.3
14 | KPT-NMA Kumpangpet Korat : 0.244 0.05 4.1
15 | NMA-AYA Korat Ayudhaya 215.3 Sm—— 111121 0.221 0.05 4.5
16 | NMA-BKK Korat Bkk &54.74 Negative Binomial 1 0.171 0.125 5.8
17 | NMA-CBI | Korat Chonbuzie m 4 m 27209 iy igh | 1 475 0.05 2.1
18 | NMA-NMA | Korat Korat F 3 gflitibe Bin 3r ﬁ.Z 12 0.986 14.2
19 | NMA-RBR | Korat Ratchab@] 33928 | Negative Binomial | 1 | 0.742 0.302 13
20 | NMA-RYG | Korat Rayon L | 0.3 0.05 3.1
21 | NMA-SPK | Korat ral W 0.05 57
22 | SSK-NMA | Srisakate orat il ey 0.05 23

40
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4.2.2 New customer demand information

Since this research aims to develop full truckload pricing for new customers,
new customer demand information is required. This new customer demand
information to be used in this study is assumed as shown in Table 4.4. Five routes of
new customer demand are assumed to arrive DC BKK and DC NMA every morning.

Moreover, customer demand distribution is determined as Negative Binomial.

Table 4.4 Demand distribution f01 ! ers

No S]?acrt N, é éﬁ}ribution ll';aram::)ter E(X)
1 | BKK N o omial | 1| 0.447 | 2.2
2 | BKK P vesinomial | 2 | 0.728 | 2.7
3 BKK 5 AR ; jnomial | 1 [ 0.275| 3.6
4 | NMA . 3 10341 88
5 | NMA 10621 1.6

Service time is 1 g5 gmb ;' ; 7 > of ainties in truckload operation,

because this will affect th, s = - s¥8:s truckload movements usually

involve intercity long-haul m it time is relatively constant, but the

T T
time associated yTh qigy and loading/unloading

vehicles may var{™g fY'} to changing customer

elfilypes at customers’ factory

¥

requirements. Also, i oulc™

affect to loadlng/unloac#ng time. Since customers of MCK do not allow the author
collecting s tory, then MCK'’s
transportatloﬂluﬂ ? ﬂoﬂﬂ g\ﬂm ijjch customer in order
to apply in this study. The u loading and unlodSing times are @@slimed uniformly
dlstrﬁ ﬁwh lavﬁ Q ﬁ ijp d%}n?llﬂaﬁ ﬂxponentlally

dlStI‘lbﬂted Service time information for both existing and new customers is described

in the next section.

4.3.1 Existing customer service times

Existing customer service times at the origin where goods are picked up and at

the destination where they are unloaded are described in Table 4.5.



Table 4.5 Existing customer service times (min) information

o - . Waiting anding Waiting time Uirllgrdting s
No | Origin | Destination | time to load tl.me to unload (UiitGiai)
(Expo) (Uniform) (Expo)
1 AYA NMA 30 30 50 40 30 50
2 AYA SPK 30 30 60 40 30 60
3 BKK BKK 30 30 60 40 30 60
4 BKK MDH 30 30 60 40 30 60
5 BKK NMA 30 30 60 40 30 60
6 CBI NMA 40 40 40 30 40
7 LRI NMA L 40 50 80
8 PTE NMA 40 30 60
9 SKN NMA 40 50 70
10 SPK NMA 40 50 70
11 SRI 40 40 60
12 SRI NMA 40 50 70
13 | KKN 30 80
14 KPT NM ' 50 80
15 | NMA 20 60
16 | NMA BKT, 20 60
17 | NMA ] 20 60
18 | NMA NMA 20 60
19 | NMA X 40 20 60
20 | NMA RYG 40 20 60
21 | NMA SPK 40 20 60
22 SSK 50 70

destination where they afen

loaded are des

jbed in Table 4.6.

e N%uﬂ 'm Elm HEn3

No t1 ding time
iform)
( 0)
1 q BKK 30 70
2 BKK UBN 30 30 60 30 30 60
3 BKK UDN 30 40 70 30 40 70
4 NMA CMI 40 35 60 40 35 60
5 NMA SKA 40 30 50 40 30 50

42
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4.4 Transportation Cost Structure

Costing is an important part of pricing; therefore, to estimate transportation
price, cost structure must be clarified. The cost structure of the transportation case in

this study can be classified into two groups that are 1) Own cost, and 2) External costs

4.4.1 Own cost

Own cost is initiated from

1on cost. In this research, own cost will

be separated into two parts:

e Fixed Coom ‘n ¢ n&ék” costs and are those that do

ally include depreciation on

N
rn on investment, license

Units

Purchase "t AN\ N Baht
i 7 (T \ Baht

Estimate [ ¢ years
Interest (%) %
License/tax ! Baht/month
Insurance Baht/month
i Raht/month

= aht/day
A J t/day/truck

e Varia u' e Costs are dlrectly related to mileage. These costs include

q[ﬂ,ﬁ‘q ﬂrﬂﬂ“ﬁ‘wg@l metc and are shown

, AL
q ajls blds (@ps Ul a—ﬂ
q | Driver (baht/day) -~ 400 | Baht/day
Checker (baht/day) 250 Baht/day
Maintenance 0.89 (baht/km)
Fuel Consume 3.56 (km/lit)
Fuel Consume Empty 3.91 (km/lit)
Fuel Price 30 (baht/lit)




4.4.2 External costs

External costs can be divided into two groups that are 1) Outsourcing cost, and

2) Opportunity cost.

- Outsourcing cost

Using the fixed and variable costs per unit above, average cost can be

estimated in baht/trip using traditional costing estimation for each route as shown in

Table 4.7.

Table 4.7 Average cost in b

No -rage Cost (baht/trip)
1 4,585
2 2,544
3 2,165
4 | Bkk 12,810
5 5,289
6 6,336
7 4,250
8 4,785
9  Korggr 6.658
10 | Samutprakai A = 6,416
11 | Saraburi : 11,075
12 | Saraburi SN . 3,394
13 | Khop e . L4103
14 | Kum{~7= Ry ).798
15 | Korat = = 4,585
16 | Korat =4 2 5,289
17 | Korat € o Chonburi Y 6,336
I8 | ogu 1A £345
i HE I W6
20 rat Rayo&g - 7’,378 o
0 A~onof

q shifgya Yirho
23 | BKK - | Nakornsawan © 50288
24 | BKK Ubonratchathani 12,200
25 | BKK Udonthani 11,555
26 | Korat Chiangmai 14,724
27 | Korat Songkla 23,854
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In cases where the carrier has no trucks of its own available, but must instead
outsource trucks from sub-contractors to meet customer demand, the cost of

outsourcing for each route is as shown in Table 4.8.

Table 4.8 Outsourcing expense for each route

No Origin Destination Outsource (baht/trip) Remarks

1 | Ayudhaya Korat 5,963

2 | Ayudhaya Samutprakan 3,615

3 | Bkk Bkk 3,180

4 | Bkk

5 | Bkk

6 | Chonburi

7 | Lopburi

8 | Pathumtani

9 | Samutsakorn

10 | Samutprakarn

11 | Saraburi

12 | Saraburi

13 | Khonkaen

14 | Kumpangpet

15 | Korat

16 | Korat

17 | Korat :

18 | Korat Korat 0 kas 244

19 | Korat w Sl

20 | Korat =

21 | Korat 5‘" - -

22 | Srisakate j {orat ,590 41"

23 | BKK Nakornsawan 6,771 New customer

24 | BKK ot & [‘L ol 410, .| New customer

25 | BKK P dogth 14468 New customer

26 | Korat " g Chiangmai | " 18,313 New customer

27 | Korat | Songkla ¢ L BR502 _@XMew customer
ARTANAI AR TINEAY

4§  Opportunity cost
If MCK has no trucks available and waits for a day or two rather than using a
sub-contractor, they will lose money, and this loss will be a hidden cost. The hidden
cost in this case is called opportunity cost, and it refers to profit lost by failing to
satisfy customer demand. This study assumes that the opportunity cost of each route is
equal to 15% of its average cost per route per day, or its profit margin per route per

day, as illustrated in Table 4.9.



Table 4.9 Opportunity cost for existing and first-time customer routes
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No Origin Destination (()gﬁﬁlr;gﬁiz d(;(;S)t Remormis
1 | Ayudhaya Korat 894
2 | Ayudhaya Samutprakan 542
3 | Bkk Bkk 477
4 | Bkk Mukdahan 2,417
5 | Bkk Korat 1,016
6 | Chonburi Korat 1,300
7 | Lopburi Korat
8 | Pathumtani
9 | Samutsakorn
10 | Samutprakarn
11 | Saraburi
12 | Saraburi

New customer

New customer

New customer

274740

New customer

27

Korat

4,425

New customer

, Songkla
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4.55ummaﬂutl’mtmﬁw g1N?
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s

ﬂ model. This

ed transportation carrier, demand

information, service information, and cost structure. This information will be input

into the developed simulation model. The output of the simulation will be the input

data for the pricing model later on. However, before using the simulation with a real

system, the simulation must be verified and validated. The verification and validation

process will be demonstrated in the next chapter.



CHAPTER V

SIMULATION MODEL DEVELOPMENT

This chapter describes the principal elements of the full truckload simulation
framework and the full truckload pricing models. It explains the components and

assumptions included in each sub-model. The simulation model will be developed in

conjunction with the collectio data at the transportation carrier’s

ﬁ and increase the complexity of

dﬁﬁ coherence with the actual

company. These collected Js
the model to enhance f
behavior of a full trug and data analysis used to
develop the model wis is chapter will focus on the

full truckload simula*; ing models.

5.1 Simulation Mo«

5.1.1 Model Assumptic

By definition, ‘sir#fila %

process or system over time. f;_'rf

\{ the operation of a real-world

the generation of an artificial history

1

of the system arc gk Liipry to draw inferences

concerning the opd 4 A 't is represented’ (Banks,
1998). Simulation m« I :1s can ooes T tne eft) §=ncy and effectiveness of a
supply chain system (Ingalls et al., 2008). I can make the entire supply chain visible,

allowing u ﬁ Ejt? m w 8ﬂ1ﬂ ﬁch as outsourcing,
ollaborative plannin

consolidating §gndors, ¢ , or implementing e-business. Another
] WAyl A
stochalitidifipu ﬁ nd les.

This study uses a simulation model advantage to imitate full truckload daily
operation considering uncertain demand and service times generated by both existing
customers and first-time customers. When a new customer contacts a truckload carrier
for service, the customer will have a relatively firm idea of the total volume of freight

to be served but will not know exactly how the demand will vary from day to day.
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Moreover, the times required for a truck to wait at the customer site and to complete
loading/unloading may fluctuate daily. The truckload simulation model is developed
to capture these uncertainties in demand and service times. With the assumption that
the carrier presently provides service to certain prior customers, the simulation model
can be used to analyze the impacts of new customers’ service requests on the daily
operation rendered to both new and existing customers. The simulation outputs show

daily operating costs and provide a number of performance measures.

The main assumpti ﬂoad simulation model can be
summarized as follows: - d

Ll e

e

Two fac#r: Jat ¢

Daily ¢ m.

Service tizgezibdi s 24

ing waiting time to upload, loading
g EEN—— v 7'5gtime
7. Fusdl 1pty truck running speed
is 70 ,E 1/hr ,,

“”‘“‘“‘ﬁ“ﬁ"&l‘ﬂ‘mﬂ?w BN

This 51mu1at10n model has jgeen developed, with the otherggsearcher who is
- QAT AR N BT o
full trdgkload operation” (Thitinun, 2011). That research is considering only current
customer full truckload operation. However, this research further develops the

simulation to include new (first-time) customers.

In the developed simulation model, the carrier has a prior specified truck fleet
and current customers will have priority over new customers. In other words,

available trucks will be first assigned to serve existing customers’ demand and the
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remaining trucks in the fleet will then be assigned to serve new customers in everyday
operation. If there are not enough trucks, the carrier will have to request additional

trucks from sub-contract companies at a relatively high cost.

In serving a shipment the designated truck will process through the following
stages: moving to the shipment’s origin, waiting for loading, loading, moving to the

destination, waiting for unloading, unloading, and moving on to the next assignment

(if any). This process is illustrate

Prioritize customer
demand .

Truck available?

Waiting to uploading
] at origin

|

Uploading goods to
truck

!

Transport to
destination

!

Waiting to unload
at destination

G2 1

Wait for
Yes truck available?

Outsource

En [ runmniiy

initiaBQ to wait for Return initial D ~>«— | Unloadingat
destination
next demand
= L7

Tﬁs dyuse Ffi:% Sfai'ls e Va jmulati rﬁ package, to
deveﬂ L _llﬂlﬁ(g_i_u tm lﬁ:]n tfﬁlm i ma, business

reengineering, risk analysis, capacity planning, throughput analysis, and reliability

engineering projects. Discrete event models are also useful for examining the effects
of variations such as labor shortages, equipment additions, and transmission

breakdowns.
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ExtendSim8 models are made up of blocks and connections as described
below.
e Blocks
Each block in ExtendSim8 represents a portion of the process or
system that is being modeled. Blocks have names, such as Math or Queue, that
signify the function they perform. A Queue block, for example, will have the

same functional behavior in every model you build. Most blocks are composed

of an icon, connectors, an

o Icons— A blgs ﬂﬁal representation of its function.

®¥ 8 have input and output of the
o ted with them. Dialogs are

% ning simulations and to see

N join blocks together. They

represent the flow Vo = : : o block through the model.

[P

Wi =

]

rlock

AV

Connection

QR0ASAIBNNANEAY

Figure 5.2 Block components of ExtendSim8
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“1[3] Catch ItemeETterm -

Catch | Throw Blocks | Item Animation | Block Animation | Comments

Receives items sent remotely by a Throw ltem block

Cancel |

Catch group option

Catch Iter group: [MNane ]

Departures:

Biack type: Decision

operations in the ful’ 19 i % saulation framework begins
with dispatching trucl #r ' \ \ p center (DC), then driving
empty trucks to the €ast <0 (i7) | \ 1 % then picking up goods at
Ao Minations and moving on to
n be returning to either the
initial DC or the nearest I J fo== = customer demand. To cover all

daily operation activities, the S A ork consists of 6 sub-models:
Ly

- Custon v

Truck fle¢ -_-. naiie

c
| |-

- Origin operatlon model

@mﬁmﬂmw e

- Truck outsourcing mode#’

’Qﬁﬁﬁﬂﬂ‘imﬂﬁ'l?ﬂﬂ'laﬂ

SEach components of the simulation model are described below.

A. Customer demand generation model

This model aims to generate daily customer demand based on historical
distribution data for each route. Customer demand arrival time for each route is
specified as coming in every day or every 24 hours as illustrated in Figure 5.4. The

amount of arrival demand per day for each route is specified in terms of probability
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distribution as shown in Figure 5.5. In the model, customer demand that initiated from

the same origin will be batched together as a single object as illustrated in Figure 5.6.

Then, all customer demand from each origin will be merged and sent to the
proper distribution center to wait for the needed truck or trucks to become available.
These combined demands will be presented as arrival demand for each distribution

center as seen in Figure 5.7. Moreover, the demands of new customers can be added

to the simulation in this sub-mod 4 % $§ I # *4d in Figure 5.8.

. .
Create - —_

Ite; 1K A R 0N -
. . " [ oK | i
Creates tems and val -
Cancel |
rSelect block behavior
Create ferms random® g gits:
Irfinity
(158
J [748
ost: |a
Biock fype: Residence - i ._: *model default -
Help [Lefttg R AN : » [
— : -

AY J rival time

Distributipng, | Options | Distgtion Fitting | Comments |

ANLINENINE AT
AN RN

Location: 0
Result
H
- |
Help |[Evanma | Distribution View | « | i

Figure 5.5 Specified random demand distribution at the origin
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v
AYA-SPK

Figure 5.6 Batching cus wiginating from the same origin

Demand_BKK

=],

Demand_BKK

P .
=1
Demand In BKK

Demand_NMA

=1

Demand_NMA

O_KKN
O_KPT
O_NMA

O_SSK -

=11
Demand In NMA

Figure 5.7 Combining cqt er demand fro ch origin to the proper distribution center

ﬂ‘LJEI’JVIEW]TW BN
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Demand_BKK

O:PTE D d In BKK
O_SKN=—= Ihist BKK to O emandn

O SPK=T"= Value |

O_SRI— (M)

Dist Route

Demand_NMA

O_KKN — J

e LT = D
O_KPT — e = Demand_NMA
O_NMA :
K =y - -
sl

-~
O NMA NewCustomer - Demand In NMA

Figure 5.8 Combi#fi¢ anl Woper distribution center

The truck fleet & an : tsTare illustrated in Figure 5.9.

Importantly, all trucks begi ater (DC) before assigned to meet

customer demandy== A

dispatching proce Y 3 m'er. In this study, the

selected carrier hasddvo distriDULION CelllelS.

veloped to mimic truck

<ach d ,; trucks will be sent from
distribution centers to @igk, up goods at g origin points. The number of trucks

st SR ATVEIN TN AT i s

available trucl to existing custome ‘;s first and then assign the remamder to serving

BN R (ST (N1 ) et

high cost as illustrated in the sub-model in Figure 5.10.

In the truck assignment sub-model, trucks are assigned using a First In-First
Out (FIFO) procedure. This means that the first trucks to return from deliveries to DC
will be the first ones sent out to serve waiting demand. The next trucks to arrive will

be sent out to serve leftover loads. After matching the trucks with the demand,
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batching trucks and requested demand will be sent to Origin in the operation model.
Travel distance and time from DC to each origin will be recorded in this simulation

sub-model.

hd

TotalTruck —#F

Time
s -

08
TN—:@?_ = [
5 : 2
=]

BKK to Crigin

-
Demand_BKK Origin
OrderWaitingTruck?

BKK to O

|
g—l—El usyTruckl

TruckPoolBKK

’ Figure 5.10 Truck dispatching model

o 0 BRI YIRI IS INRIA NG st s

truck allocati® rules to assign tru‘gks for demand Truck allocatlon rules will be

A RTAINAN NG

Truck will be allocated to the minimum distance between initial

distribution and customer’s origin demand firstly

® Truck will be allocated to the maximum distance between initial

distribution and customer’s origin demand firstly

® Truck will be allocated to the minimum distance between initial

distribution and customer’s destination demand firstly
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® Truck will be allocated to the maximum distance between initial

distribution and customer’s destination demand firstly

C. Origin operation model

Activities occurring at the customer’s origin include waiting to upload and
uploading goods to trucks, as shown in Figure 5.11. Uncertain operating times such as
waiting time to upload and uploading time are also acquired from historical data and
specified in terms of probability dis the model as seen in Figure 5.12. After
loading, trucks will travel tc /‘ ravel time from the origin to the

specified destination dep ’ é\/e assume that the average full

load running speed of. _ dialog block to specify this

Destination

Origin - = . - D¥ wF
we vl \ g time Travel time O-D

[ Opor—

Lookup the:
€ 2| owuis [Emdg

q ‘ r Enter 5 ifthe ta U
DE  [Ingst “alue Curtpurt 1 Output 2 -
1} 1 [Exponertial 0.5 IﬁalUniforrn 0A u
= ﬂ Iﬁ 2 mq’ LE =
] L | 0 & o
q Wq a q i %nﬁal ok 0 ew ﬁ ﬂ
rF N | [EfponBintial 08 0] eal fhifol

5 6 [Evponertial 0.67 0] [FealUniform 0.5

-] 7 [Bxponertial 0.67 0] [RealUniform 0.8

7 8 [Biponential 0.5 0] [RealUniform 0.5

g 9 [Biponential 0.5 0]  [RealUniform 0.8

a 10 [Exponential 0.5 0]  [RealUniform 0.8 ™

Link | 4 3
_Sot |_ Plot

Help [ | DefaultView | 4| Ll%

Figure 5.12 Specified service time distributions at the origins
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2 [1661] Equation(l) <Item=

Equation | options | tem Animation | Block Animation | Comments

-
. g : o 4
Computes an equation when an item arrives and outputs the results i
Opern Developer Reference | Cancel |
[ Define input and output variable
Input Variahles Qutput Variables (results)
“ariable Type “ariable Name _‘arniable value & ‘ariable Type “arisble Name __‘arizble ‘alue _If no item, use =
T Connector 0 L oWEtTime D 554470735820E T etribute L oWiaitTime D 55447AT3EE20E 5
2 Connector 1 »  oloadTime 0830202635553 2 eribue - oloadTime 0330202625552
3 Connestor 2 - distance 2045 3 Atribute . travellimel .
4 DB read value »  speedlL 4122 o 4 Attribute = acchist . 8271545
5 Atribute - acolist . 6242005 5 Aaribute - distTatal - 530
[ Atribute - distTotal o 2045 [ Atribute +  distladen 2945
i Atribute -  distladen . o 7 Attribute - zcclime . 3216.7752085104
8 Atribute - accTime . 3208 5006161551 3 Aaribute - timeTotal o 11.481826221526
9 Aaribute . timeTotal o 4207T1428671420 g Attribute w  timeTrawel . 10.007143857143 .
10 Atribute v timeTravel . 43071422571429 ¥ 0 Atribute - timeWait?load . 0 5644797386296 - >
& [ i 4

[ Enter the equation in the form "result= formula;"

oWaitTirme = oWaitTime;
oLoadTirne = oLoadTime;
travelTimel = distanceispeedl;

accDist= accDist + distance;
distTotal = distTotal + distance;
distLaden = distLaden +distance

1

Open Eguation Editar_| Test Equation

7 Useinclude files
Block type. Passing

o

it

Figure 5.13 S 41 ' \ rigin to destination

D. Destination operz

Destination oper strated in Figure 5.14. This

module tries to simulate g in at the destination point. These

activities include waiting to urt 2 goods at the destination. Uncertain

service times such_as waiti nloading time are also acquired

from historical dagwre————————— =~ ibution in the model as
- v e .
seen in Figure 5.157 " = vacant trucks will be sent

. | . . . .
to the truck assignme= model to wait tor the next assigr=#nt as described in the next

section.

I I:——OrderOutZ
I FOrderOuLOuts ource

Figure 5.14 Destination Operation Model
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<l [1961] Lookup Table =Yalue=

I Table | options | Comments

Looks at the time or input value, then ;
outputs the corresponding table value Cancel |

r Specify hehavior

Lookup the:
Qutput is: stepped .|

 Entervalues in the table

o

B Input “alua Output 1 Output 2
1 [Etponentlal 067 [FealUniform 0.5 °
< @ial 0 67 [RealUniform 0.5 .

7 [RealUniform 0.5

Real Uniform 0.5

Uniform 0.5

a [Ercponentla
10[E; Wg=nitial o

ot

tinations

After unloading A % Adouck (M5 will be set as vacant and it

|1

will be available for the #xt fﬂ e, Wie objective of this model is to

assign unloaded trucks to thesZ=3

o wait for the next load. A vacant

truck can be assig 'P , y
V. X )
e Scena : _1: CR——L O th n1t1a1 Distribution Center

Assi gnm@_}H IDC)

ﬂ u E}ﬂ“ﬁ%ﬁﬂrﬂq ﬂ K will be assigned to

Ghe previous d1str1but10n center to wait for the next load as illustrated

qmﬁ«ﬂﬁmummmaa

e Scenario 2: Truck will be sent to the Nearest Distribution Center

Assignment (NDC)

After unloading at the destination, the truck will be assigned to
the nearest distribution center to wait for the next load as illustrated in

Figure 5.17.
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-F
8 Hours

Travel time to BKK

dcStart J— 1
v

v ¥

v
:UH—TruckBackToNMA's
&

Time before start new trip

TruckBackToBKK1 ‘Ln
TruckBackTo BKK2 ‘\-ﬂ

TruckBackToNMAssg

TruckBackToNN, 2.2
S — -

V. X
Figure 5.17 Ass : ed truCK e eeiual ibution Center (NDC)

AN NI N0 T e

additional truc?s from other sub-comtract companijgg, Hence, the ougggurcing model is

e NPTV FEI R B 19 VI TGR o mect e

demanfil. If there is no truck available for customer demand, the outsourcing model is

prepared to serve the customer’s requirements at a relatively high cost. This model is

illustrated in Figure 5.18.
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Origin

v
Outsourcing truck

E—
Outsourcing Truck

Check Scnario

v
Demand for outsourcing tri b

5.2 Simulation mode¢

Simulation mod- important task that must be

done to make sure th: ence, the objectives of this
step are described as fo

. 's ability to describe actual full

. i AX simulation model

¥

Traditionally, chle ing model reli hty consists of two important steps,

o148 AN HRINEAN T e
“lﬁ”ﬁ"fﬁiﬁ“ﬂimummaflaa

odel verification aims to check the accuracy of the simulation, whether its
conceptual and logical structure matches realistic full truckload operation under

specified assumptions.

To verify the simulation model, it can be conducted both during and after

finishing the model developing process. For checking during the developing process,
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we can use the Information block to count all objects that pass through each command
as illustrated in Figure 5.19. Also, the History block can show all statistics, such as
arrival time of the object and object attributes, as demonstrated in Figure 5.20.
Moreover, ExtendSim8 has a (2D) animation command to check how the simulation
is working. For checking after finishing the simulation process, ExtendSim8 has a
command called Trace to verify the accuracy of the simulation. Model tracing is

useful for finding anomalies that occur as the simulation runs. The model tracing

commands act like the reporting 1t the output is much more extensive. A
trace text file shows the d ) at every step or event in the
simulation. Tracing is a © — lowing a single block or a few

blocks to watch for vg - ] gons, as illustrated in Figure
5.21.

(4] [811] History <item> = | B
History IEllock»‘\nirr
N , , [ox 1 -
Reports item statistics anc T \ - ', . Cancel I
¥ Save item history wit' 3 i \ ; lar dates hours™ |
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El
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4
17.5238808331 Eld

L|nk »

when item passes =

Le orlght 3| 4

;] W ]ﬁﬁﬂﬁmou Wﬁ%@* lﬂ %}{ 4@"&11‘
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Al [702] Equation() <hem> o 50 o
Equation | Options | liem Animation | BlockAnimation | Comments |
OK d
Computes an equation when an item arrives and outputs the results J
Open Developer Reference | Cancel |

r Define input and outputvariables

Input Variables Output Variables (results)
Variable Typs Warisble Name  Varisble Value d | arisble Type Varisble Name _ Varisble Value _If no item, use d
1 Connector 0 | Distancei 25474 | Attribate Condition_ . z B
2 ‘Connector 1 - Distanoe? 20
2 Connector 2 | TotaMruckBKK 18
4 Connector 3 | TotalTruckNMA 4
L] ‘Connector 4 v TruckBackBKK 6
[ Connector 5 | TruckBackNUA ES)
| I—E] 13 524 N I

[ Enter the equation in the form “result = formula;”

if{Distance 1=Distance2)
{ if{TruckBackBKK < TotalTruckBKK) Condition = 1;
else if(TruckBackBKK == TotalTruckBKK) Conditio

H
else ifiDistance2<Distance1)

{if(TruckBackMNMA = Total TruckNM 2.2
else if(TruckBackNMA == TotalTr

Open Equation Editor

[~ Useinclude files
Block type: Passing

Leftto right

Generator
Block Label:
Paramet:

Paramster 2
Item guantit

Sending me =
zlcula

Bloc. N

Pl =te
Elf|fister 2 =

T’ quantity = 17

Sendi
Send!

nesszage to Queus nunber 112
gﬁsage to Queus num

ARTRIATRARIINSIE B

hecking the simulation as described above reveals that it accurately reflects

Test Equation

o

g Equation Block

ne: 0.
L t Times: 0.

ur S tTime: 0.

“urrentTime: 0.

Current Time:0.

the characteristics and behavior of elements within the real system. Therefore, it can

model this situation to represent the real system.
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5.2.2 Model Validation

Model validation aims to compare simulation outputs with real data under the
same constraints and conditions. This process enhances user confidence that this
model can be a substitute for the real full truckload operation system. The real full
truckload data from case study’s company that are applied to validate the simulation
model are existing customer demand and service time information. The results are

described below.

5.2.2.1 Customer Demand "

survey is not signific

model, as illustrated 4

The comparison 2

sultdiev

o

éactual demand from the field

menerated by the simulation

Soand from EntendSim8

Saal Data Shipments
No Route ents for %
simulation Diff
1 | AYA-NMA 794 0.35
2 AYA-SPK 367 0.39
3 | BKK-BKK 57 -0.47
4 | BKK-MDH 43 0.2
5 | BKK-NMA 421 0.19
6 CBI-NMA 164 -0.07
7 LRI-NMA 244 0.3
8 PTE-NMA 82 0.53
9 | SKN-NMA . 132 0.73
10 | SPK-NMA ﬂa 2.8 580 579 -0.19
11 0.85
12 -0.75
13 -0.25
14 4 -0.31
15 0.2
16 1,034 1,029 -0.44
17 | NMA-CBI 1.1 1.1 235 234 -0.29
18 | NMA-NMA 11.18 11.14 2,382 2,374 -0.35
19 | NMA-RBR 0.35 0.35 74 74 0.35
20 | NMA-RYG 2.11 2.1 449 446 -0.62
21 | NMA-SPK 4.72 4.7 1,006 1,001 -0.48
22 | SSK-NMA 1.25 1.25 267 265 -0.64
Total 51 51 10,886 10,832 -0.18
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To be specific, the demand distribution considering each route also has the
same distribution as historical demand data. For instance, demand distribution of
Route NMA-NMA is Negative Binomial with parameter k=3 and p=0.210 while k=3
and p=0.212 for historical data as illustrated in Figure 5.22.

FY NMA-NMA: Comparison Graph

Fitted Density Megative Binamial

Megative Binomial

Figure 5.22 Generatéd' , < i ) \ % Sim8 for Route NMA-NMA
" \

=ftance, the waiting time to

uﬁd distrfusen of Route NQA-NMA is Exponential with parameter
b

(ua&l Q(ﬁﬂ Elnﬂhﬁ ‘NBE:]ZQ i ‘E)r historical data as

illuﬂrated in Figure 5.23‘ P

ARIRNNTIU AN ING Y
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FY waitime to up_ NMA-NMA: Comparison Graph

Fitted Density

Exponential i

0.30

015

A

Exponential

0.00

Figure 5.23 Waiting ; Ny A%im8 for Route NMA-NMA

"".‘_.1‘-\‘

ch route also has the same
/ Hilinsiance, the waiting time to
upload di#® f : A8 Uniform with parameter
98 min while minimum = 20

A as illustrated in Figure 5.24.

Urnifarm

10. 20. 30. 40. 50. 60.
Input Vahies

Figure 5.24 Uploading time distribution from ExtenSim8 for Route NMA-NMA
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e Waiting time to unload

The waiting time to upload goods to on each route also has the
same distribution as historical demand data. For instance, the waiting time
to upload distribution of Route NMA-NMA is Exponential with parameter
beta (mean) = 39.87 min while beta = 40 min for historical data as

illustrated in Figure 5.25.

FY waittime to un_NMA-NMA:

E xponential

0.00

300.

Figure 5.25 Waitingimedlli = =« B nSin8 for Route NMA-NMA
Y

- uploadmg time distribution on €%¢h route also has the same

ﬁl ’T irm with parameter

mlmmum =19 min and ghaximum = 6Qumin while miniggym = 20 min and

q WARN AT AU ATREARY
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Fitted Density Urifarm

A

Urifarm

5.3 Summary

e

!
!

A\
\1 bdel development including

process. To cover all daily

This chapter ¢

simulation model fran

operation activities, the si #fila @

si8s of 6 sub-models. According to

simulation model verificatior ﬁ-j— %) described above, it is obvious the
o T o

Ilf ryckload operation in the

Y Jita for the full truckload

developed simulaf 'y x
real network. The {§ 2

pricing analysis that [[}1 be G178 ehapte ]
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CHAPTER VI

FULL TRUCKLOAD PRICING MODEL DEVELOPMENT

6.1 Model Assumption

This model aims to deve! ') truckload pricing for new customers.

Although pricing is provided / mers, existing customer operations
él pricing model developing. It

are still incorporated in w s of fu?

should be realized that n= istfig ¢ —— nnot be changed when setting
a price for a new cust2 \ SSllem of this model is how to
estimate a price for a n- i customer pricing.

6.2 Pricing Model F

According to M in previous chapter, the

outputs from the simul, M ly used as input data in the
pricing model. The impor #it ,-.': ' si lation model are full truckload

operation performances, whichs T

et i

gl to transportation operating cost per
day. Demand an¢™ye w1l fuckload operating cost
uncertainty as we ;, ; ,":"l ) the probability of loss
from either resource "|: INAacys cost {fiin outsourcing. Hence, to

dF

estimate transportatlon .prlcmg, proposed g}cmg must cope with this uncertainty

e AUEINENINYINT
N PRI ot b

determﬂ]e the minimum service price offering by controlling the risk of earning less

than the desired profit or losing more than an acceptable level due to uncertainty

factors within a given confidence level p as shown in Figures 6.1 and 6.2.



69

Maximal
VaR
a Value
z
2 Probability
= — -, -
£
—»  Loss
Figure 6.1 VaR of a loy . *. oi == 70n ¢ and confidence level p
A .

b --.
< 1 |
= 1
2 A\
[ A AN ;

BRI Loss

Figure 6.2 CVaR (% £ AX )¢ and confidence level p

We can creat®a profit function considering Vaif'and CVaR, constrained as

illustrated beﬁ/-u Ej"‘j VI El 7] %Jw E.l ’.I ﬂ ‘i

e Value-at ,llsk (VaR) appllcatlen

qmammuma NEARLL . v

represents full truckload (TL) pricing, and the uncertain variables Z. In this case,
variable Z includes two factors, demand and operating time uncertainty. Thus for
each P, the profit z(P,Z)is a random variable having a distribution induced by Z.
Assume the underlying probability density function of uncertain variables is denoted
by Pr(z(P,Z)). In this case, existing customers and new customers are served based

on the same resources such as trucks and drivers. Hence, the total operating cost of
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daily operation will be allocated to both existing and new customers. Moreover, total

profit also originates from both types of customer. Consequently, the total profit

function can be demonstrated as

n(P,Z) =

where

induced by Z. Assui e
S 0V 1301 11 e
0 4. SWo 1 1dvel jor a 5% chance (1-

percentile oflt

L RE; + X1 RN, — (B2, VG + X721 VG + X4, DPy + X1-, DIC) (6.1)
n(P,Z) =
Z ﬁs including two factors,
: cd . ing time uncertainty
P 7 in terms of baht/km
RE; psvenue forroutei=1tom
RN; gue forroute j=1ton
Ve, Witei=1tom
46 Jutej=1ton
Dp, ) (fortruckk=1toq
DIC, or driverl=1tor
f X )
For each p, 7 ¥ vimable having a distribution

the underlying probability denLy function of the random

) that earning will yield less than ViR as illustratesl in Figure 6.3. @

’Qﬁﬂﬁ\iﬂ‘iﬁuuﬁ'l?ﬂﬂ'laﬂ
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Probability

\/

Loss Profit
Figure 6.2 a : _/aR constrained
Then, the VaP 5 esoblem  is  defined as  the

minimization of full tr wuistance with a downside risk

constraint that can bc uer

Objectiv:

Subject tc

List of notations 5=
7

Pr (n(P,Z)) Probal i 18 i dJfkand and operating time

¥

uncertaln.y

ARy AnEN Ny AN
3 mmﬂm:ufma ANENAL

Full truckload pricing per revenue distance
¢ Conditional Value-at-Risk (CVaR) application

The CVaR is the conditional expectation of losses above VaR value. CVaR
measures the conditional expected loss exceeding VaR and accounts for the risks

beyond the VaR value. To avoid the undesirable characteristics of VaR, CVaR will be
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applied as an alternative measure of risk, with more attractive properties. Then the
formulation of the profit function problem for the Conditional Value-at-Risk (CVaR)

function can be written as a deterministic equivalent.

Probability

ol rofit

constrained

List of notations:

Pr (n(P,Z)) Prol ;.- ' : Iv.:"l d and operating time

uncert I ty

i

Pr (Zl 155 + X} RN; — ’-’;11/6-+2'-; VG + X1, DPy +

o, GHBANEY mo%ﬂ n3
» ARIRNLT ffﬂiﬂiﬁﬁﬁwﬁﬁf“i WY

CVaR Conditional Value-at-Risk given p confidence level

6.3 Pricing model analysis tool

This study develops a price determination visualization tool for transportation

carriers in order to ease to apply. Price determination tool called TPM is developed in
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a spreadsheet program using Visual basic application on Microsoft Excel. It composes
of two parts that simulation model outputs and pricing model analysis. The outputs for
each run from simulation model will be converted into Microsoft excel form. Then,
these outputs will be imported to TPM through user interface as demonstrated in
Figure 6.5 and Figure 6.6. After finishing import data, preparation data for pricing
with VaR and CVaR analysis for each simulation run outputs will be further process.

Preparation data for pricing with VaR and CVaR will be collected until completely 50

simulation runs. Then pricing wit! 4VaR at different confidence levels will

be analyzed. Pricing summ2 ckload pricing conclusion.

Thitima W onglnta

ﬁgmwn
! 1gure 6.5 Price etermlnatlon model user interface

’Qﬁﬁﬁﬂﬂ‘imﬂﬁ'l?ﬂﬂ'laﬂ
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a
Main Menu
& Daily operation information |
Simulation model outputs
2 Outsourcing information |
Es} Preparing data for price with VaR
—ghor price with CVaR
Pricing model analysis

Save & Exit |

This chapter descr: % I — 1 N nework. Two risk measurement
techniques, Value at Risk (V : al Value at Risk (CVaR), are also
described in the section Qpai® o] developing. According to the

equations, it can SE=a—s : ;‘I than the p-CVaR. That
means pricing with « , 11 S\ higher price than pricing
|

i

with VaR constraine™

AULINENTNEINS
PN TUAMINYAE



CHAPTER VII

FULL TRUCKLOAD PRICING ANALYSIS

This chapter applies the full truckload simulation and pricing model described
in the previous chapters to quantify full truckload pricing under demand and service

time uncertainty. It starts with simulqt: ~del output analysis. Then, it applies pricing

with VaR and CVaR constra; icing considering truck assignment

policies. The last section =
7.1 Simulation Mode

for customer demand
W4t decision-making policies
lead to different output- % W%, and eventually pricing. To
usCs it to mimic full truckload

‘orical data. The vital policies

considered in this study cc#b n@ iti¥rent scenarios described below.

1. Outsourcing
y: |~' d

0|

_ l,
o ™ Vith-outsource

Ffﬁﬁﬁ ﬁyﬁmjm St o

ach route by consiggring the trav distance of e route from the

AT RAINHIRE ™ o

consists of two sub-policies:

o Distance from distribution center to the origin of the customer

= Short-distance deliveries are given first priority
= Long-distance deliveries are given first priority

o Distance from distribution center to the destination of the

customer

= Short-distance deliveries are given first priority



summarized as demonstra’

With/No outsourc;

_ i 1 [ Destination T~ Max to Min

With/No-Outsource 1E
= Min to Min

b 'y

divided

CU.I‘I'@

with s
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= Long-distance deliveries are given first priority
3. Next truck assignment after unloading goods policy
After unloading goods at their destinations, vacant trucks will be
assigned to the distribution center to wait for the next demand on the
next day under one of these two conditions:
o Trucks return to the initial distribution center

o Trucks move forward to the nearest distribution center

According to descri ﬁload assignment policy can be

% Bassignment to
“emand

tween DC and Min to Min
sach T~ Max to Min
Min to Min

nce between DC and

" Jll)l\lame between DC and
Origin ™~ Max to Min

Min to Min
~~Distance between DC and —
Mation T~ Max to Min

Vi Y

«4sure 7.1 Full truckload assignmendlicies

eI ARSI AR ST s e

into la'lscenanos as shown | P Table 7.1. From this table, it s obvious that the

NGNRIDEN N ﬂda ety i
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Table 7.1 Truck assignment scenarios

Details
Scenario | With/No Yacant (< .
— asmgnmeqt after Truck assignment to demand
unloading
1 Distance between DC | Min-Max
2 Return to initial and Origin Max-Min
3 distribution center | Distance between DC | Min-Max
4 No- and Destination Max-Min
5 outsource Distance between DC | Min-Max
6 and Origin Max-Min
7 / @tance between DC | Min-Max
8 _éd Destination Max-Min
9 lice between DC | Min-Max
10 1 Origin Max-Min
11 . 2 between DC | Min-Max
12 With- \ "l Destination Max-Min
13 , " ctween DC | Min-Max
14 ad Origin Max-Min
15 — = ' "etween DC | Min-Max
16 - N4\ Destination Max-Min
With all necessa g it 51" . \ 2vant parameters as discussed
in Chapter 4, this researc, s : = - to imitate all truck assignment

scenarios to investigate the re performance. This research runs 50

g;:-_ A 2/

simulations using S E } 2 tg~imitate the real-life full

truckload operatio Iu"'j number of trucks (semi
trailer six-wheeled tr i <S). % eriJ} of costs and performances

¥

will be discussed in the next section.

7.1. 1Translﬂurﬂp’ln ﬂﬂjw EJ’] ﬂﬁ
Q,WIE mmﬂm VAL TR

scenarios. The results are described below.
1) Outsourcing policy

With 50 simulation runs, the comparison of transportation total cost and cost
per revenue distance (laden distance) between No-outsource and With-outsource for

existing customers is shown in Table 7.2.



78

Table 7.2 Comparing transportation cost between no-outsource and with-outsource of

existing customers

No-outsource With-outsource
Scenario L re\i?lsljepfl;st. Scenario P re\i?lsljepzirst.
(baht/7 months) (baht/km) (baht/7 months) (baht/km)
1 67,401,131 29.63 9 62,828,743 27.60
2 66,477,403 10 63,302,495 27.87
3 66,885,359 63,325,402 27.86
4 65,926,021 63,007,938 27.63
5 64,777,108 23.96
6 ,286,62. ™ 55,050,844 24.12
7 _ : 4 994,546 24.20
8 75" 4 W T P57 23.84
Table 7.2 revea’ g e " ., N/%nth) and the average cost per
revenue distance of NO-¢ ' : \ W than With-outsource scenarios.
Even when transportatd i A ol 1o wait for delivery to avoid
outsourcing cost, they still#fiay leri®:ost from the lost opportunity to
gain a profit which is approxiz &_L" ; ing cost per route per day.
Moreover, 5‘" ,ost per revenue distance
compared to other sc i Arios, IMCTuvig oeen ov 13 (MC. s full truckload operation’s

policy). The truck ass1gmt policy of scelilyo 16 is that the carrier’s own trucks are

given first p\'ﬁ uﬁ{a %ﬂl 8%6}% WIﬁJ{Tﬂﬁucks are reserved for

short distance§J The percentage of outsourcmg distance per total revenue distance of

RN e Ay -

Table 7.3 also explores that same conclusion, that the outsourcing cost of
scenario 13 is greater than that of scenario 16. Comparing the opportunity cost and the
outsourcing cost, it shows that the opportunity cost from the No-outsource policy is not
too different from the With-outsourcing policy. For example, scenario 4 of the No-

outsource policy has a percentage of opportunity per total cost (8.08%) close to that of
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scenario 12 (8.99%) of the With-outsource policy. Scenarios 6 and 8 of the No-
outsource policy have higher operating costs than scenarios 14 and 16 of the With-
outsource policy respectively. It can be inferred that even when transportation carriers
try to lower their cost by avoiding outsourcing, they still have losses in terms of

opportunity cost. Moreover, they will turn potential customers away eventually.

Table 7.3 Comparing opportunity cost and outsourcing cost of existing customers

No-outsource With-outsource
Scenario | Opportunity Cost Outsourcing Cost 7 ofTotal

. Cost
1 6,526,882 -é 9,400,875 14.96
2 5,652,564« , 473,441 10.23
3 6,130,749 0,102,151 15.95
4 8.99
3 14,137, R, 23.93
6 12,6669, )= 8,605, 17.45
7 14,004,247 N \ 5,842, 25.17
8 12,526,1 b x & 678, 16.03

Comparing oppor, Sty == = ing cost results as described

S

B

previously, the opportunity cos
b

Ltunity to gain profit is assumed to be

approximately 15%_of oz day. In real life full truckload

Y]

= 1s approximately 5% of

operation, howevciy= I operating cost. Hence,
this study also invci—:a

operating cost per ro®_ per day. The comparison of cosljer revenue distance (laden

distance) bet e mg customers with
opportunity ﬁ[s o nﬁlﬂ cil st per route per day
are demonstragd in Table 7.4.

ﬂﬁﬁﬁﬂﬂimﬂﬁﬂﬂmaﬂ
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Table 7.4 Comparing cost per revenue distance (laden distance) between No-

outsource and With-outsource for existing customers different opportunity cost

No-outsource With-outsource
Scenario C9st per revenue Cpst*ger revenue | ool Cqst per revenue
dist. (baht/km) dist. (baht/km) dist. (baht/km)

1 29.63 27.73 9 27.60

2 29.28 27.63 10 27.87

3 29.66 27.86 11 27.86

4 29.16 | 12 27.63

5 28.63 13 23.96

6 28.00 24. 24.12

7 : 24.20

8 23.84
Remarks * with the oppog W eoperating cost per route per day
** with the oppor : . “ooperating cost per route per day

Table 7.4 obviously, ity cost for No-outsource

scenario leads to low "o reveals that the cost per
revenue distance for 1 g JodE=s == \ ter policy of vacant trucks
between No-outsource an JVitkEe—— - ry different. However, cost per
revenue distance for moving ¥ == liearest distribution center policy of
vacant truck with No-outsgif == = b -outsource policy.
v ~
2. Vacant trucCkss sy Sa=olicy

if
;i ¥

The simulation ﬂ(&l reveals that Irwmg vacant trucks forward to the nearest

distribution cﬁ' Qb # Y T VG YN BHCPE) R ransportaion cos

than returmn o the initial dlstrlbutlon center, as demonstrated 1n Table 7.5. This

AR T TINY TR
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Table 7.5 Comparing transportation cost for next assignment truck after unloading

goods policy of existing customers

Vacant trucks return to the initial distribution

Vacant trucks move forward to the nearest

center distribution center
Scenari Total cost Cost per revenue Scenari Total cost . C(;St pg; "
CENAMO 1 (baht/7 months) | dist. (baht/km) | S | (baht/7 months) e(zzh‘tll‘iqn; :
1 67,401,131 29.63 64,777,108 28.63
2 66,477,403 63,286,622 28.00
3 66,885,359 \ o 64,381,818 28.64
4 65,926,021 v / 62,753,612 27.99
9 62,828,743 % . _lé 54,291,623 23.96
10 63,302,49° 5,050,844 24.12
11 63,325,402 +54,994,546 24.20
12 63,007,932 23.84

the two methods are not to
max policy, howge=
distribution center s'Tl'

max policy, as show; J 1 Table /.0.

'

(TR

per. : -,
e

using distance from DC tc®ori

"*-\ trucks for loading demand

er to the destination is not
aaln distance) from arranging by
> towal laden distances acquired from
between max to min and min to
Jce deliveries from the

wer pricing than min to

Table 7.6 COﬁ) i (‘ Portatio ﬁlﬁi ’Ui ﬁo emand policy
Distalrﬂlgg to Origin I*l-s't'ance flrom D% to Destination
OSt cr eVgl (& g er revenue dist.
RalTHRk
1 g S 30 viin to Max 29.66
2 Max to Min 29.28 4 Max to Min 29.16
5 Min to Max 28.63 7 Min to Max 28.64
6 Max to Min 28.00 8 Max to Min 27.99
9 Min to Max 27.60 11 Min to Max 27.86
10 Max to Min 27.87 12 Max to Min 27.63
13 Min to Max 23.96 15 Min to Max 24.20
14 Max to Min 24.12 16 Max to Min 23.84
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7.1.2 Performance Analysis

Besides analyzing transportation operating cost, another advantage of the
simulation model is performing truck performance analysis. This can be demonstrated

in several ways as shown below.

e Truck Utilization

Truck utilization is an impaogt easurement in truck performance analysis.

The simulation model outputs,: \ oning trucks using With-outsourcing
policy and moving trucks_t s Se é i‘nter after unloading is the most

effective truck use, as SIit

Table 7.7 Comparing and operating day of each

scenario for existing

% L.

Scenario %Jo uf Total working days
\ (213 Days)
92.21
91.98
91.53
91.78
9145
91.64
91.36
90.89
80.78
82.04
80.71
£8233
d76.29

76.78
7

0N N N|B|W(O|—

me

. q'Demand waiting for trucks

Analyzing the demand that is waiting for trucks is useful in analyzing service
performance for carriers with a No-outsource policy. This is illustrated in Table 7.8.
Applying scenarios 1-8 conducts over 15% of total demand per 7 months for demand

arrival in DC BKK and about 30-45% for demand arrival in DC NMA.
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Table 7.8 Comparing amounts of demand waits for truck of each scenario for existing

customers
DC BKK DC NMA
Scenario | Demand | % of Period of Demand | % of Period of
wait total | waiting (days) wait total waiting (days)
1 1,699 15.64 0.83 3251 29.92 0.57
2 1,712 15.89 0.84 3164 29.38 0.57
3 1,663 15.42 0.81 2883 26.73 0.50
4 1,715 15.86 3235 29.92 0.56
5 1,796 17.16 i 4717 45.07 1.63
6 2,310 = SR #4230 39.42 1.30
7 g — é’-’
2,007 — | 43.42 1.80
8 1,944 . 44.54 1.83
e Vacant trucif®in-,
Vacant truck anz; g =4 \ .\'\_____ cK utilization performance in

terms of effectiver

£
|

Table 7.9 Comparing ave #ze ntMiber of days per vacant truck in

each scenario for existing cus*# =i, s 41
B O AT

;, ‘otal vacant
Scenario dd MY Jucks per day
1 | : - 4.53
2 133 3.36 4.69
3, | e QB 51 4.87
“ 2 - AR
lj4I| 3 2.2 T ¥ 56
6 1.65 295 | 4wy
Ok NIVEIRE
ILAFE b0 NTIL 0TI Ty
i 3.54 7.67 11.21
10 3.47 7.01 10.48
11 3.56 7.69 11.25
12 3.35 6.96 10.31
13 6.59 5.73 12.32
14 7.01 6.43 13.44
15 6.65 5.70 12.35
16 6.77 4.99 11.76
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Based on the transportation costs and performances analysis described
previously, it can be concluded that the most cost-effective policies are assigning
trucks to demand by considering the distance from the distribution center to the
destination from max to min, moving vacant trucks after unloading to the nearest
distribution center, and having a With-outsource policy. Consequently, it is obvious

that the factors influencing transportation cost are as summarized below.

e With-outsource pcli

Assign trucks ~ring the remote distance from the

cuss méons

ion center

For this reasor : [ ! ity et will be selected to further

investigate full truckloa 4 -k ose shown in Table 7.10.

Table 7.10 Truck assi ne A - N U Ner investigate full truckload

pricing
Scenario Outsogrcmg ¥ Truck assignment to demand
policy

11 =T AR Rictance from DC | Min to Max
12 P EO— i £t hation Max to Min
13 WilZ Y Jrom DC | Min to Max
14 outsour= = Urigin Max to Min
15 j Distallle from DC | Min to Max
16 ‘ to Destination Max to Min

e 148) 'mgﬁ%'wgmj il ek

pricing for nefdcustomers.
~AMISN IR NG

Pricing is one of the fundamental management decisions faced by truckload
carriers. However, traditional pricing based on an average of all relevant costs
including fixed and variable costs is not capable of providing adequate margins and
guarding the carrier against losses caused by uncertainties inherent in truckload

operation including mainly demand variability and variation in service and times.
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To investigate traditional pricing shortcoming, this research applies a traditional
price method to the truckload operation and network imitated in the simulation model
for scenarios 13 (MCK’s full truckload operation’s policy) and 16 (Lowest cost policy).
In this case, traditional pricing is determined by using average cost plus profit required.
The profit required for pricing analysis is stated from No profit (average cost), 5%
profit, 6% profit, 7% profit and 10% profit. Pricing analysis reveals that even when

traditional prices are set to include a certain percentage of profit over the average cost,

there is still a large chance that t 1 be subjected to a loss as displayed in
Table 7.11.
Table 7.11 Comparii y ML Xp =m—0ss with traditional pricing
axperiencing a loss with
Traditional [~ Nl pricing
- N NN, Scenario 16
No profit (Aver: Tk \ 100%
\ 99.5%
, AR N AN 56.6%
7% Pr. v AW -
Because of traditic JF pr= —2ibh ino e objective of this section is to

investigate full truckload pr101 ‘-time) customers under demand and

,1. 7
service time uncertainty ha "'j : gaent ecenarios. As mentioned in
Table 4.8 (Chapte - ;;‘ ind will be estimated to

determine reasonable=#1C =s1ent techniques of Value at

Risk (VaR) and Com”ional Value at Risk (CVaR). These techniques will be used to
control the i@u ed tolerance level to
enable morgﬁug] ﬁﬁﬂﬂgﬂﬂﬁ ﬁﬁlckload pricing with
different company policies and condgfions can be sggarated into thregyparts as described

RRAINIUNAINGA Y

e first part aims to analyze how new customer demand variation affects
transportation cost and pricing by maintaining the number of own trucks available
without investing in additional trucks. The second part aims to analyze how service
time including waiting time, uploading time and unloading time variation affect

transportation cost and pricing if service times are reduced. The third part aims to
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analyze how resources affect transportation cost and pricing if the number of trucks is

increased.

Full Truckload Pricing Analysis Framework

A 4 \ 4 \ 4

Resources
variation analysis

New customer demand
variation analysis

- Increasing additiones
new customer dem;
route

- Changing deman®
behavior

- Increasing additional
number of trucks

-amework

Currently, the cditi emi trailer six-wheeled trucks

for its existing customer’: 'cts” of new customer demand, the
number of trucks will remajz 2ting additional trucks to serve five
NEW CUSIOMET rolgarad 7_‘, ~ill be allocated to DC
BKK and 42 (70% ‘f— 3 g 50 simulations reveals
that the existing n »er of trucks 1> uot enough to ¥LAve both current and new
customer demand. The #agsier needs to outsgyrce trucks from sub-contractors to meet

s 2P 81 9 grm W RIAFYGor s s

Table 7.12.

Tablﬂ RAMIDIDURIINYAA Y- <o

deman while maintaining the current number of trucks

Scenario Total cost % of outsourcing Total cost /revenue
(baht/7 months) cost/total cost dist. (baht/km)
11 99,839,692 35.93 26.10
12 99,061,454 31.28 25.98
13 89,051,325 39.73 23.51
14 89,635,974 35.98 23.57
15 90,818,146 40.54 23.73
16 89,677,609 35.84 23.41
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According to Table 7.12, total cost per revenue distance of scenario 16 is
lowest while scenario 13 (MCK’s policy) is next to lowest. Comparing total cost per
revenue distance of scenario 16 after including new customer demand (Table 7.12)
with existing customer demand total cost per revenue distance of scenario 16 as
illustrated in Table 7.2, the total cost per revenue distance including new customer
demand is lower. This could mean that including new customer demand increases the

use of one’s own trucks and consequently lowers total cost per unit.

To analyze new custq )ad pricing for existing customers

is assumed to be previou: A changed during new customer

pricing estimation. To, mers’ pricing with different

M

existing customer pr _ is divided into these four

scenarios:

e cost as demonstrated (No
profit).
Scenario B: 5%

Existing cubton’

= 1.05 times of averaadaticds 24

0 average cost plus 5% profit (Price

Scenario G

Exi

il
L}

: ge cost plus 10% profit
(Price = 1.10. ,.! 1es of average cust)
Scenario D: 15% pegfit

ﬁ H%}'ﬂ 9& El W § wlg qeﬂiost plus 15% profit

(Price 1.15 times of avera%p cost)

VNI G- ) ANHNA s cone

pricing analysw results for all scenarios which maintain the same number of trucks are

summarized below based on risk measurement techniques

e Pricing with VaR

After applying VaR constrained with a 95% confidence level or only a 5%

chance that earnings will yield a less than acceptable loss, full truckload pricing of
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new customers under different existing customers’ prices are shown in Table 7.13. It
shows that new customer prices decrease when existing customer prices increase. On
the other hand, transportation carriers can offer lower service prices to new customers

if they acquire higher profit from existing customers.

Table 7.13 Comparing full truckload pricing applying with 95% VaR for each

scenario of truck assignment while maintaining the same number of trucks

VaR under different existing

Scenario » A /~ t/revenue dist.)
1 S CENAarl. ‘Scenario C Scenario D

11 — N 35— (3 24.94
12 138 $6.38 24.62
13 . 18.60
14 18.94
15 19.21
16 18.51
e Pricing with ¢
After applying ( ' ‘oMonfidence level or only a 5%

chance that earnings will | ul( tad® loss, it is revealed that CVaR-
constrained pricing is higher ;:- 5, ed pricing, as illustrated in Table

7.14. )

-
-

ﬁi"_ A
Table 7.14 Comparif{j ful™os oplying P vith 95% CVaR for each

scenario of truck assignglent while maintaining the same number of trucks
=y

E d ust i1 -g el 5P\ " R unflef different existing
Scenario ' enuc
Scenario A Senario B
23.91 22.12 20.40 18.69
24.02 22.31 20.63 18.97
24.48 22.73 20.99 19.25
16 23.67 21.97 20.29 18.63

Tables 7.13 and 7.14 show that scenario 16 has the lowest price and scenario

13 has the next to lowest price. Hence, scenario 16 will be selected as the case
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scenario to further investigate pricing considering customer demand variation. Pricing
per unit in Tables 7.13 and 7.14 will be converted into full truckload pricing per trip
with 95% VaR and 95% CVaR per trip for new customer routes as displayed in
Tables 7.15 and 7.16 respectively.

Table 7.15 Comparing full truckload pricing per trip applying 95% VaR for scenario

16 while maintaining the same number of trucks

Table 7.16 Compari;

16 while maintaining ¢

New custo » VaR under different existing
Route aht/revenue dist.)
Scenario C Scenario D
BKK-NSN 575-—F 5,149 4,714
BKK-UBN 4 " 12,135 11,109
BKK-UDN a 1,406 10,442
NMA-CMI 14,990 13,723
NMA-SKA N, 483 22,413

W2 95% CVaR for scenario

‘a.* under different existing
Route c3 (baht/trip)
Scenario A - , Scenario C Scenario D
BKK-NSN 6,027 kit biA Tl 4,745
BKK-UBN - 11,183
BKK-UDN ;, 10,511
NMA-CMI = 13,814
NMA-SKA )57 T 22,562

95%

20 ﬁﬁw ﬂlﬂiﬂiﬁﬁm‘ i 1.
of expected in 5 and 7.16, pricing

with 95% VaR and 95% CVaR is nét too differenfmI'he explanationgfpr this is that the
- QRARINTRHRAD VAR s
Therefsré, it is not a ;/e’ryi serious shorticdnﬁngi if trahsb(;tatidn carriers provide no

handle on the extent of losses beyond the 95% VaR.

Furthermore, to compare these prices with a traditional pricing method,
traditional pricing is estimated by using the cost-plus pricing method or estimated
pricing from average cost plus percent of profit required. Traditional pricing is

displayed in Table 7.17. The comparison results reveal that pricing with 95% VaR
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and 95% CVaR using existing customer pricing and a 5% profit margin are already
greater than traditional pricing by average cost plus a 5% profit. It can be implied that
even if a carrier adds 5% profit on top of the average cost of the traditional pricing

method, the carrier will still probably lose money.

On the other hand, pricing with 95% VaR and 95% CVaR using existing
customer pricing and including a 10% profit margin is already less than traditional

pricing from average cost plus a 1(.§ It can be explained that if transportation

carriers acquire a 10% profi

prices to new customers.

Table 7.17 Traditional rz S while maintaining the same
number of trucks

| pricing (baht/trip)

Route N Profit | 15% Profit
BKK-NSN N 5017 6,081
BKK-UBN 3,420 14,030
BKK-UDN N 12711 13,288
NMA-CMI 2 W 16,196 16,933
NMA-SKA 23.8, 26,239 27432

Moreover, this resez oces of VaR and CVaR. When

considering the fugeg s =74 plies different specified
1 8 LY

confidence levels v : e levels can provide a

negotiable price rai ,,E for customers. viiterences iiddonfidence levels will be

investigated using scenafigsl6. This is illustgg#ed in Figure 7.3.

AUEINENINENS
AN TUNNIINYAY
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2335 22.00
23.65 21.90 /./:
g z W
ﬁ 23.55 -ﬁ 21.80
= /———-/ - /
A 2345 Q2170
- 2335 ¥ = 2160
=] =]
23.25 21.50
23.15 2140
0% T0% 20% Q0% 5% 60% T0% 80% 20% 95%
Confident levels Confident levels
——VaR-Avg ~B-CVaR-Avg ——VaR-5% —B—CVaR-5%
Scenario A: Existing customer’s pricc e § § ;Scenario B: Existing customer’s price = 1.05
Avg. cost (No profit) times of average cost
2040
20.30 =
E 2020
;&3
2 10
8
2 2000
-
£ 1990
19.80
1970
50% T0% 80% Q0% 5%
Confident levels
——VaR-10% o - L == aR-15% == CVaR-15%
Scenario C: Existing®u; s e~ mlin |\ Listing customer’s price = 1.15

1.10 times of av g JHST <1 1 % "himes of average cost

Figure 7.3 Comparing fu
and CVaR of new customer

) o erent confidence levels of VaR
" erent existing customers’ prices for

The figurely X} 60%) or a 40% chance

that earnings less tH{|} accCpe B¥iie 1yfk:st prices and the highest

probability of losses. A‘t ‘ge lowest confid&r‘}ce levels, however, applying CVaR to

e B NINTHEINT

Since scenario 16 provides tife lowest costggpd price, it willghe used to further

~ARIAIAT RURAFABYRE o

variatifin on full truckload pricing can be examined by applying these procedures:

- Increasing additional new customer demand

- Changing new customer demand behavior

The following explanations will clarify each method.
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7.2.1.1 Increasing additional new customer demand

To investigate how new customer demand affects existing customer operation,
this research adds new customer routes one by one and also by group to existing

customer operation of scenario 16.

A. Increasing additional new customer demand by route

e Price with VaR

After applying ValWasCAs fled -_confidence level or only a 5%

ss Mn ;=e— )< it is revealed that adding

e

chance that earnings wi®
route BKK-NSN to exisrs ¢s the pricing per unit of this
N um the effect of scenario 16
Whicks are reserved for long-

wtes with outsourced trucks
istance routes, such as route

JMut 254.67 km, are higher and

new customers can be offered very
low price or even jz 43410% profit (Scenario C)
from existing cus 5" o -UBN, and NMA-SKA.
However, pricing for j ute BKR-OUTTNS TN viA-CMI ,, - not be highly compressed

to lower pricing becausg'Qfshigh demand vagigtion.

WEL AN e NE D
Table 7.18 C@p FTull Trucklodd plicing’per trif™dy addirlg fOutes one by one with
95% VaR for scenario 16 while maftaining the s number of ‘m&&i I
—ARIANTY St KTl L LY T

Scenario existing customers’ prices (baht/revenue dist.)
Scenario A | Scenario B | Scenario C | Scenario D
Adding Route BKK-NSN 45.75 4.63 0 0
Adding Route BKK-UBN 35.45 6.70 0 0
Adding Route BKK-UDN 24.93 17.34 9.78 2.51
Adding Route NMA-CMI 25.37 22.58 19.78 17.12
Adding Route NMA-SKA 33.15 16.74 0.63 0
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e Pricing with CVaR

After applying CVaR constrained with a 95% confidence level or only a 5%
chance that earnings will yield a less than acceptable loss, a comparison of the results

is displayed in Table 7.19.

Table 7.19 Comparing full truckload pricing per trip by adding routes one by one with

95% CVaR for scenario 16 while maintaining the same number of trucks

e with 95%CVaR under different
Scenario ’ prices (baht/revenue dist.)
: s, B | Scenario C | Scenario D
Adding Route BKK-NS Tz 0 0
Adding Route BKK- . 0 0
Adding Route BKE 10.59 3.57
Adding Route NMA ~ : _ 19.88 17.21
Adding Route NMZZ%: A 2.05 0
Tables 7.18 ' UG g \ rriers are earning at least

W offer lower pricing for new
iers can apply the advantages

T . .
of this pricing method to ¢ #r L= - > than their competitors.

B. Increasing addit amand by group

Instead of .d AL ). research examines full
truckload pricing by i OUp ot e eustome HJoutes are divided into two

groups, DC BKK group‘a DC NMA gro ependmg on the distribution center, as

dlsplayedlnﬁ)uﬂq Y ﬂﬂsw gIN7

Table 7.20 New customer group rouffes divided bygdjstribution centggy

9 Center
1 BKK BKK-NSN Bangkok Nakornsawan
BKK-UBN Bangkok Ubonratchathani
BKK-UDN Bangkok Udonthani
2 NMA NMA-CMI | Nakorn Ratchasrima Chiangmai
NMA-SKA Nakorn Ratchasrima Songkla
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To offer pricing by group, full truckload pricing for groups 1 and 2 are
displayed in Figures 7.4 and 7.5. These figures show that pricing by sub-group is
higher than combining all five routes together. However, carriers can offer lower
pricing for customer group route 1 (DC BKK) if they acquire more profit from
existing customers. Hence, carriers can use this advantage to motivate their customers

by offering service for the whole routes.

24.60
24.40

=24.20

2
2400
o
B2230
=1
S230

f2340

23.20

2300

Confident levels

—4—VaR-Avg W —+—VaR->% —B=CVaR-5%

Scenario A: Existin isting customer’s price = 1.05

\mes of average cost

13.60

1340

=1320

2
= 13.00
S
B1220
Bo
E1260

1240

1220

12.00

60% 20% 95%
Confident levels

—+—VaR-10% | l: —8—=CVaR-107 || §} 7aR-15% —l—CVaR-15%

Scenario C: Existing custgmer s price = 1.10 Scenarlo D: Existing customer’s price = 1.15

Uﬁ “ ‘p,inﬁ) erage cost
Figure 7.4 Cqpparing full truck oad pricing w1th (?f!erent confidence levels of VaR
A WTNGTTS ek (a0}
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2520 2270
2515
2540 /.,67 2260
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£2505 £
g e #2250
E2500 / / £
82495 / / B2240
=] on
g2490 - mr 7 £ /
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2475
2470 — 2210
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Scenario A: Existing customer’s pric
Avg. cost (No profit)

7%

0% 95%

80%
Confident levels

—+—VaR-10% S Pl W vaR-15% —B—CVaR-15%
o - \ < Wisting customer’s price = 1.15
times of avera gfc P % " Jimes of average cost

Figure 7.5 Comparing fu 7 ; : H (W erent confidence levels of VaR

and CVaR of new customer - = =2 C NMA” under different existing

(i —— el
=3
L}

Comparing . i r’ rcals that pricing for group

“DC NMA” is highe: Jian that for group “DC BKK,” as%#wn in Figures 7.6 and 7.7.
This result orlﬁ:nates fr@nesle mand Varlatloﬂdﬁoup “DC NMA.” Moreover, pricing

W) QoAb el T o e whi

includes all roﬂtes Hence, it can b&- implied that demand Vanatloajrom group “DC

BB ON ATHUNITNYIAY

from group
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Price (Baht/km)

=&= Price with 95%

VaR
—— Group "DC BKK"

30.0 ~

25.0 -

20.0 -

15.0 -

10.0 -

50 -

0.0 ——o

Scenaric | oo C Scenario D

%% % VaR of new customer

demand group “DC BF 4 — (LNt existing customers’ prices

Price (Baht/km)

%)= Price with 95% CVaR
Group "DC BKK"
=== Group "DC NMA"

30.0 ~

25.0 -

Figure 7.7 Comparing full truckload pricing applying with 95% CVaR of new
customer demand group “DC BKK” and “DC NMA” under different existing

customers’ prices
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7.2.1.2 Changing new customer demand behavior

To investigate the effects of demand variation on transportation cost and price,
this research applies Lognormal distribution instead of Negative Binomial distribution
to explain new customer behavior. A simulation model is applied to imitate new
customer demand behavior using lognormal distribution. A lognormal distribution is a

probability distribution of a random variable whose logarithm is normally distributed.

If X is a random variable with a 1.3 Htion, then Y = exp (X) has a lognormal

distribution. The parameters *_the mean and standard deviation

respectively. The probab: {10 S 013 | distribution is:

(7.1)

The developed 51mula,t ied to imitate new customer demand

behavior that is as;;#ne 15 research investigates the

-

effects of demand L

S

. Controlhgg average demand

ﬂﬁﬂ?ﬂﬂﬂiﬂﬂﬂﬂi
qﬁﬁﬁﬁ*ﬁ&?‘uumfmmaﬂ

2E(x) — 3STD

Further details of each scenario are explained below:
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A. Controlling average demand

- 1E(x)-1STD
This scenario controls average demand per route and standard
deviation of each route for Lognormal distribution equal to average

demand and standard deviation as applied in Negative Binomial

distribution. Full truckload pricing from this scenario is displayed in

7% 20% 90% 95%
Confident levels

—¥—VaR-5% —B—CVaR-5%

: Existing customer’s price =
!1.05 times of average cost

217

‘a

0% O“V el o 80% 0% 5%

Confident levels Confident levels

CVaR-15%

e ﬁf}%@iﬁ@i}w VIR

Figure 7.8 Comparing full truckload pricing with different confidence levels for VaR

and CVaR of new customer demand for scenario 1E(x) — 1STD
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- 1E®x) - 3STD

This scenario aims to investigate the effects of demand variation on
full truckload pricing. Therefore, average demand for each route with
lognormal distribution is controlled to equal average demand as applied in
Negative Binomial distribution, while the standard deviation is increased

to three times the standard deviation for Negative Binomial distribution.

Full truckload pricing
95% VaR, incre2

genario is displayed in Figure 7.9. With
ﬁion three times can enhance full
Ol O v cyue  distance compared to

nd }).36 ; a distance compared to based

truckload pri

2400

2395

Pricing (Baht/km)
ra 2 ra
w v ]
@ ool o
[=] A (=]

2375

2370

70% 80% 0% 0% 90% 95%
Confident levels Confident levels
——=Valk-Avg ——VaR-5% —B—CVaR-5%
. . J ‘ o . e s .
Scenario A: Exi{n'} 4 - J xjsting customer’s price =
e -
Avg. cC v ]S of average cost
[ 1
22.10 21.20
2205 ¢ P 21.15 S
21.10
=22.00 '
2 g gf
<2195 =
k= =
= =
B21.90 | Be¥ W | AR o |- | P
g “ L .’-— /
Boqas £2090 -
B =
z [} E2085 arF
o1 A ré .
\q 4 19] I
217 d h I I I I 2085
2170 - R o200 .
1 60% T0% 0% 0% 95% 60% T0% 20% 90% 95%
Confident levels Confident levels
=+=VaR-10% =B=CVaR-10% —4—VaR-15% —8—CVaR-15%

Scenario C: Existing customer’s price = 1.10 Scenario D: Existing customer’s price =
times of average cost 1.15 times of average cost

Figure 7.9 Comparing full truckload pricing with different confidence levels of VaR

and CVaR of new customer demand for scenario 1E(x) — 3STD
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B. Increasing demand

- 2E(x) - ISTD

This scenario aims to investigate how the amount of customer demand
affects pricing. Hence, customer demand is increased by two times while
standard deviation is controlled equal to standard deviation as applied in

Negative Binomial distributicg g"g1ll truckload pricing from this scenario is

displayed in Figure 7 increasing customer demand two
times can enhance ; xm the scenario 1E(X)-1STD by
almost 0.50 ba . . . o scenario 1E(X) — 3STD, it

10 2E(X) — 1STD is higher. It

reveals that full 1 il

pricing more than increasing

24.30
24.25
22420
E
2415
=
&2410
=
Faa0s
& 2400
2395
23.90
0% 0% 90% 95%
Confident levels
d - -
——VaR-£ . d 150 —W=CVaR-5%
i b
. . £ L . , .
Scenario A: Existiii— ¥ 1 LXiStiNg customer’s price =

Avg. cost £ profit)

2220 ‘—ﬁ Qr 0

o WMENINEING  —

1.04 § mes of average cost

& 1 1 O: g J
<2205 ‘ 22105
g E " gy [V

22.0 o 1 :
£ | Y’
£219 “ Z20fs

2150 q - - 2000

2183 2085

50% 70% 20% 0% 95% 50% 70% 20% 0% 95%
Confident levels Confident levels
——VaR-10% —B—CVaR-10% —=TaR-15% == CVaR-15%

Scenario C: Existing customer’s price = 1.10 Scenario D: Existing customer’s price =
times of average cost 1.15 times of average cost

Figure 7.10 Comparing full truckload pricing with different confidence levels of VaR

and CVaR of new customer demand for scenario 2E(x) — 1STD
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- 2E(x) - 3STD

This scenario aims to investigate how customer demand affects
pricing. Hence, customer demand is doubled while standard deviation is
increased to three times the standard deviation as applied in Negative
Binomial distribution. Full truckload pricing from this scenario is displayed in

Figure 7.11. With 95% VaR, doubling customer demand and tripling standard

a0% 80% 0% 5%
Confident levels
—4—VaR-Avg | ——=VaR-5% —B—CVaR-5%
Scenario A: Existing cus #nejjas i pnc® o B: Existing customer’s price =

2340

2335

&)
W
"
=1

Pricing (Baht/km)
5
&

2320

23.15

Avg. cost (No proﬁt) 1.05 times of average cost

_;22 80

ﬂzz 75

N

2285
60% T0% 80% 0% ‘5/0 60/u T0% 0% 5%

JRANINIU NN INYTH Y-

Scenaffo C: Existing customer’s price = 1.10 Scenario D: Existing customer’s price =

times of average cost 1.15 times of average cost

Figure 7.11 Comparing full truckload pricing with different confidence levels of VaR

and CVaR of new customer demand for scenario 2E(x) — 3STD
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According to customer demand analysis as described previously, it can be
concluded that increasing demand variation enhances higher pricing. However,
increasing customer demand has a stronger effect than increasing demand variation as

illustrated in Figures 7.12 and 7.13.

=4&= Price with 95% VaR
25.0 ~ —i— 1E(x) - ISTD

== 1E(x) - 3 STD
24.0 - —>=2E(x) - 1ISTD
’é 23.0 A /
g 22.0 A —
5 4
[==]
o 21.0 -
9
=
A 20.0 A
19.0 -

1 ) C Scenario D

Figure 7.12 Comparin v 71 Ll A Wwith 95% VaR for each new

F A L . .
customer demand®eh¥, ﬁ t c¥isting customers’ prices

&) Price with 95% CVaR
25.0 ¥ |- 1E(x) - ISTD
=*-1E(x) -3 STD
24.0 - Il<—2E(x) - 1STD
=*«2E(x) -3 STD
E 23.0 -
$ 20 -ﬂ U EJ ’J YI
G
8
§ 21.0 - S a T :
S
2OY mmmum*mma
9 S e
19.0 - S
A 2
18.0
Scenario A Scenario B Scenario C Scenario D

Figure 7.13 Comparing full truckload pricing applying with 95% CVaR for each new

customer demand behavior under different existing customers’ prices
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7.2.2 Service times variation analysis

Service times including waiting time, uploading time, and unloading time
greatly affect truck use. In this research, waiting time is the idle time including
waiting time to upload and unloading at customer sites. Waiting time variation
depends on the readiness of goods preparation at the customers’ origins or

destinations. Uploading time and unloading time are dedicated for handling goods at

the customers’ origins or destirg depend on the equipment used. The

simulation model is applied )e of this service time variation.
Applying the 16™ truck atm i . csts the scenario by decreasing
average waiting time _ = maximum of unloading and

o

N
uploading time is dec ™Sa/aR and CVaR constrained

are presented in Figur

2320 000

2310 —————
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[
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Scenario C: Existing customer’s price =  Scenario D: Existing customer’s price = 1.15

1.10 times of average cost times of average cost

Figure 7.14 Comparing full truckload pricing with different confidence levels of VaR

and CVaR of scenario decreasing service time by half
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To reduce waiting time, uploading and unloading time can increase trucks’ use

consequently.

Figures 7.15 and 7.16 show that decreasing average service time by

half can decrease full truckload pricing from the based case scenario about 0.50-0.60

baht/revenue

distance. Then transportation carriers can offer lower prices for their

customers. This result can be used to motivate customer to reduce variations in

service times.

24.0 - =& Price with 95% VaR
23.0 A / —ll— Decrease Service time
= 220 - /a-
~
:
= 21.0 -
<
[==]
> 20.0 -
=
S
A& 19.0 -
18.0 -
17.0 -
10 C Scenario D
Figure 7.15 Comparing fu: & iy y1i%z with 95% VaR for service time
variation uns ustomers’ prices
24.0 - B ). with 95% CVaR
23.0 - —_— - . screase Service time
—~ 22.0 A
g A
21.0 A
=
S Y
2 20.0 -
%m'] ﬁ\‘lﬂ‘iﬂJllW]’J
18.0 .
17.0
Scenario A Scenario B Scenario C Scenario D

Figure 7.16 Comparing full truckload pricing applying with 95% CVaR for service

time variation under different existing customers’ prices
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7.2.3 Resources variation analysis

Besides the truck assignment rules, there are other factors that may strongly
affect transportation cost and price. Thus, the simulation model will be further applied
to consider the influence of the number of additional trucks to be purchased to serve a
new customer. Applying the 16™ truck assignment rule, this study tests the scenario
by changing the number of additional trucks in the simulation model. However, the
C BKK and DC NMA is still equal to

proportion of number of trucks r
30%:70%.

This study tests = ber of additional trucks in
the simulation mode! 2 simulation model starting
from 5-30 trucks. Ha W.sompany needs to outsource
fewer trucks. However of trucks infinitely because

each additional tru .J a higher fixed cost as

illustrated in Figure 7

35.0 1

30.0

2 25.0 -

Cost

15.0 -

10.0

% of Tota

5.0

00 = 2 o T = Ll T 1

RN TITINEIAY

Figure 7.17 The relationship between % outsourcing cost, % fixed cost, and number

5

of additional trucks

Hence, when deciding to invest in additional trucks to serve new customer
demand, two vital factors to consider are amount of vacant trucks per day and amount

of outsourcing trucks per day. That means carriers have to trade off between
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additional cost from investing in additional trucks and outsourcing cost when there are
available trucks, and that customer service level is also taken into consideration.
However, increasing additional trucks to serve customer demand uncertainty also
increases the probability of vacant trucks especially on days without customer
demand. The relationship between % outsourcing truck per total demand per day, %
vacant truck per total own trucks, and number of additional trucks is illustrated in

Figure 7.18.

25.0 30.0 >
=
% 20.0 250 o
o 2
= - 20.0 «
2 15.0 5
% - 15.0 g
= 10.0

£ ~ 10,0 %‘J
E S
g 50 50 2
- 2
= 0.0 00 &
S 60 et \ 90 S
— IS

—&— % Vacant truzi2k "'_ A2 % Outsource trucks per day
Figure 7.18 T w—————— <= % vacant truck, and

dF

As sho n earhef n results witB/aR and CVaR constrained considering
the amount

HDWIREN
a9 ;g TUNRINYINY

gPricing with output indicate that at the beginning, increasing the
number of truck leads to a lower price as displayed in Table 7.21. This logically
follows from the fact that having more trucks of its own means that a company
reduces outsourcing cost. However, each additional truck requires additional
investment and a higher fixed cost. In this case with VaR constrained, we can increase
the size of the fleet by an additional 15-20 semi trailer six-wheeled trucks; after that it

will generate higher cost and price as displayed in Figure 7.19.
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Table 7.21 Comparison of full truckload pricing applying 95% VaR with additional

trucks
Additional b New customer price with 95% VaR under different
1t1;)na rllium er existing customers’ prices (baht/revenue dist.)
of trucks Scenario A | Scenario B | Scenario C | Scenario D

5 23.07 21.39 19.72 18.02
10 22.92 21.16 19.42 17.72
15 22.64 20.93 19.24 17.56
20 22.5 20.85 19.20 17.46
25 o 19.53 17.85
35 20.10 18.41

2360

g

< 2340

=

<

8 2320

&

>

= 23.00

w

N

= 22.80
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%" 22.60

2

& 22.40 .

35

Figure 7.19 The rltlonshlp between full truckload p\,mg with 95% VaR and

ﬂuﬂqwﬂfﬂ“%"wmn‘:

. Prlcmg with CVaR

’Qﬁﬂﬁ\iﬂ‘iﬁuuﬁ'l?ﬂﬂ'laﬂ

ncmg with CVaR provides pricing results in the same direction as pricing

with VaR, as illustrated in Table 7.22.
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Table 7.22 Comparison full truckload pricing applying 95% CVaR with additional

trucks

Additional number New ?u§tomer price With‘95% CVaR under different
of trucks eX1‘st1ng customers" prices (baht/r.evenue dist.) :
Scenario A | Scenario B | Scenario C | Scenario D
5 23.19 21.47 19.78 18.09
10 23.02 21.27 19.54 17.86
15 22.84 21.08 19.33 17.64
20 19.23 17.55
25 19.65 17.97
30 20.26 18.55

Risk (CVaR), we can fa
changing different cor’,

Therefore, transporiacior;

Moreover, takine

&

€17

vaR) and Conditional Value at
for different levels of risk by
Tables 7.23 through 7.26.

- different levels of risk by

prices equal average cost

Additional =nt confidence level
number of % 90%
trucks J/"VaR | VaR | CVaR
5 W 2305 | 23.04 | 23.12
10 = 22.82 | 22.77 | 22.95
15 : 22.48 . . 22.60 | 22.62 | 22.74
20 22334 22.48 | 22.39 S1| 2245 | 22,56 | 22.53 | 22.62
25 . é 178 L l97 22.93 | 23.05
30 B 3 3$i 2 23.44 | 23.56
Tabl, ﬁﬁ ri ﬁpm ﬁ 5 2‘[ § of risk by
chan fi lﬁﬁv‘ﬁ n Pin ?1 9‘1 Eiﬁt
Add1tional Price with different confidence level
number of 60% 70% 80% 90%
trucks VaR | CVaR | VaR | CVaR | VaR | CVaR | VaR | CVaR
5 21.11 | 21.24 | 21.15 | 21.28 | 21.17 | 21.33 | 21.35 | 21.43
10 20.81 | 20.97 | 20.86 | 21.01 | 20.89 | 21.08 | 21.04 | 21.19
15 20.51 | 20.76 | 20.62 | 20.82 | 20.73 | 20.90 | 20.90 | 21.00
20 20.61 | 20.73 | 20.65 | 20.77 | 20.69 | 20.82 | 20.82 | 20.88
25 2241 | 22.80 | 22.65 | 22.89 | 22.81 | 22.97 | 22.93 | 23.05
30 21.11 | 21.44 | 21.23 | 21.54 | 21.38 | 21.65 | 21.52 | 21.82
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Table 7.25 Comparison of full truckload pricing for different levels of risk by

changing confidence levels white existing customers’ prices equal 10% profit

Additional Price with different confidence level
number of 60% 70% 80% 90%
trucks VaR | CVaR | VaR | CVaR | VaR | CVaR | VaR | CVaR
5 19.39 | 19.53 | 19.42 | 19.58 | 19.48 | 19.65 | 19.66 | 19.73
10 19.10 | 19.26 | 19.13 | 19.30 | 19.18 | 19.37 | 19.38 | 19.47
15 18.75 | 19.04 | 18.89 | 19.12 | 19.07 | 19.21 | 19.22 | 19.28
20 18.85 | 19.01 | 1891 | 19.05 | 18.98 | 19.10 | 19.06 | 19.17
25 19.04 | 19.31 | % $ 040 | 19.29 | 19.49 | 19.49 | 19.49
30 19.39 [ 19.57 | 19.88 | 19.72 | 20.10

Table 7.26 CompariSCim = " »ad‘é different levels of risk by

Wes equal 15% profit

Additional 47N ident level
number of - R0 % 90 %
trucks ; g CVaR | VaR | CVaR
5 17.96 | 17.95 | 18.03
10 17.69 | 17.64 | 17.77
15 . i [ 17.51 | 17.51 | 17.59
20 17.55 4 ' 17.39 | 17.35 | 17.49
25 17.3248 I it o 17.90 | 17.72 | 17.90
30 17.61 | 18.16 | 18.04 | 18.4

This research applies £ ﬁ_}'f gthod to the truckload operation and

network imitated (A &3]’ truck. Pricing analysis
reveals that even v, ;ast 5% of profit over the
average cost for addi ,! 12l 5, U, 20 e oo tLUCKS, there! still a large chance that the
carrier will be subjectedgog,loss as shown igyTable 7.27. This is because they still need

outsourcing ﬂ%ﬁ%ﬂ%n&tﬂ@w&q ﬁy"jixed cost surplus for

additional an 2 and 30 trucks.

AN IAIAN NN . ...

of pricing profit required should be at least 7% over the average cost to avoid losses for
an additional 5, 10, 25, and 30 trucks. On the other hand, it should be at least 5% of

profit over the average cost for an additional 15 and 20 trucks.
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Table 7.27 Comparing probability of experiencing a loss with traditional pricing for

each additional truck

Probability of experiencing a loss with traditional pricing for each

Traditional Pricing Profit additional trucks

Add 5 Add10 | Add15 | Add20 | Add25 | Add30

No profit (Average cost) 100% 100% 100% 100% 100% 100%

5% Profit 50.50% 9.40% - - 23.80% | 53.90%

6% Profit - - - - 8.2%
7% Profit - - -
10% Profit - - -
Resources variat: S full truckload pricing with
different amounts ot * . . arrier. These results will be
important informatiCi y e ) \ . wount of additional truck
investment for servir > J = I of total trucks reserved for

customers depends on

7.3 Summary

This chapter prg ation _and price determination

models for transI; o ;.‘l th VaR is higher than

average cost and (ilces 1= ucst price. This numerical

analysis demonstrates# pricing method tor transportatiof®arriers who are risk averse.

Transportation Ijarrlers fonis roup dislik@fisk and will stay away from high risk.

Hence,priciff b bdoE) ol 13{1 MRS ngson
qmmnimumaﬂmaﬂ



CHAPTER VIII

CONCLUSION AND RECOMMENDATIONS

8.1 Conclusion

Pricing is one of the fundamental management decisions required by a

truckload carrier. Traditional & an average of all relevant costs

including fixed and variabs © providing adequate margins to

prevent losses during o, — lies e truckload operation including

demand variability ane

isk of potential loss from

unusual equipment re- %, pricing that is based purely

on the cost-plus appre e financial and investment

implications of thes Nrafre describes risk measures

which can be used to #a ¥ 1 2 sk S ver the past few years, the

financial engineering fiel # @ Magly used Value at Risk (VaR)
and Conditional Value at Riskz# T e and manage risk exposure. VaR is
#inovement with specified

Y Jors the question of how

defined as the exp g
probability over a §f
much one can lose v i 1 pY0 o ouiod ¢ P ime. Hence, to control the
risk of loss, we apply a ¥aR constraint to estlmate full truckload pricing in this paper.

CVaR measﬁ EH?J W ?tﬂﬂ ?Wﬁjﬁi ﬂﬁ.d accounts for risks

beyond the

ammm SRUUAAINUDS L s e

determ nation model development. The full truckload simulation model is developed
to imitate full truckload daily operation using the ExtenSim8 simulation program. The
simulation framework begins with dispatching trucks at the carrier’s distribution
centers (DC), then driving empty trucks to the customers’ factories (places of origin),
then picking up goods at these points of origin, then delivering goods to their

destinations and moving on to next assignments. In this case, the next assignment can
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be returning to either the initial DC or the nearest DC to wait for the next customer

demand.

To develop a full truckload price determination model, this research utilizes
Value at Risk (VaR) and Conditional Value at Risk (CVaR) risk optimization to
determine the minimum offered service price by controlling the risk of earning less

than the desired profit or losing more than an acceptable level due to uncertain factors

within given confidence levels. S04 stermination model is developed in a
spreadsheet program using s J cer friendliness, a user interface
function is also develope:

The develope< model is applied using the
historical data obtair L ' n whose head office is in
Nakorn Ratchasrima +##vi i \ distribution centers, one in
Nakorn Ratchasrim# i o1 (174 \ siilation model can be used
to determine the pri tryv T A can also be applied to

a"'l

investigate the effects o o rice. To invest in new trucks,

PR
carriers need to trade off t .I" :r . = /ning the trucks and the price of
outsourcing. In addition, truck . s will simultaneously affect cost and

price.

The simulati i are PCsuT show that the company’s
own trucks are given urst priority for long-distance deliveries while outsourced trucks
are reserve ﬁ { ion cost and price.
Moreover, ﬁuﬂ aﬂ ﬂﬂ ﬂﬂﬁﬂ her than traditional

pricing. Investigating full trucklo# pricing wiflsy different comggny policies and
A RANID IRV TIEIN Q- o
custonfer demand variation effects transportation cost and pricing while maintaining
the amount of trucks available without investing in additional trucks. The second part
aims to analyze how service time including waiting time, uploading time and
unloading time variation affect transportation cost and pricing if service times are
reduced. The third part aims to analyze how resources affect transportation cost and
pricing with additional numbers of trucks. Pricing analysis results are summarized in

the following.
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1. Customer demand variation analysis

Pricing analysis results reveal that new customer price per revenue distance
with 95% VaR and 95% CVaR under the same truck assignment rules are not very
different. The explanation for this is that loss distribution beyond the 95% VaR does
not tend to exhibit “fat tail” or “long tail.” Therefore, it is not a very serious
shortcoming if transportation carriers provide no handle on the extent of losses

beyond 95% VaR.

However, this res ™ tation pricing interval within a

specified tolerance lei = gickload pricing considering

different confidence els applied are 60%, 70%,

80%, 90%, and 95%. ", w %hat lower confidence levels

result from lower pric: KSd CVaR. It is revealed that

pricing with CVaR i# YaR value.

This research cc isk to achieve a loss with a

YL/

1' s

traditional pricing method gfat,; .I" EEEE

from average cost plus perc= .
traditional prices “ac AN and gactwork imitated in the

the cost-plus pricing method or

" quired. Moreover, we apply these

simulation model i} ;, ' .‘:;i ‘e set to include a certain

&mirge chance that the carrier

¥

percentage of profit i )T

will be subjected to a 10ss

%MEJ ANENINEID T et s e

New customer demand is divided irfo two sub-grgaps, DC BKK gngyp and DC NMA
o RV IR ) Bl o
sub- gr p is higher than combining all five routes together. Hence, carriers can use
this advantage to motivate their customers to accept service for the whole route in
order to get lower pricing. For changing new customer demand behavior analysis, it
can be concluded that increasing demand variation also increases pricing. However,
increasing customer demand has a more pronounced effect than increasing demand

variation.
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2. Service time variation analysis

This aims to analyze how service time including waiting time, uploading time,
and unloading time variation affect transportation cost and pricing if service times are
decreased. To reduce waiting time (idle time), uploading and unloading time can
increase trucks’ use consequently. Pricing analysis results show that decreasing
average service times by half can reduce full truckload pricing from the based case

scenario by about 0.50-0.60 bahse % B ¥ ¥ §gance. Then transportation carriers can

offer lower prices for their c2 8

to reduce service time va
3. Resources

This study tests gfcr g r of additional trucks in the
simulation and price 7
increasing the number NN logically follows from the

fact that owning more t oty 0 ds to outsource fewer trucks.

ey N
However, we cannot incre g t . = k8 finitely because each additional

" fixed cost. With 95% VaR and 95%

truck requires additional investis ,
Fe MY T
CVaR constrained k. flecgby additional 15-20 semi

trailer six-wheelec] v Ir"i st and price.

¥

8.2 Recommendatio:=

for transportatﬂn rcarriers who are ‘sisk averse. T&nsportation car&i&rs in this group
disli@ﬁ&ﬂ alﬁ ftzl gﬂqﬁﬁ torﬁ,ﬂlﬁa}ra} tremely risk
aversefpricing will be very high as a result. This will eventually lead to loss of

customers.

Based on pricing analysis results, the first thing that can be done immediately
is that carriers should ask their customers to reduce idle time, especially waiting time
to upload and unload goods. Moreover, increasing the amount of handling equipment

or using highly efficient equipment at customers’ sites can reduce uploading and
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unloading time as well. It increases the use of the company’s trucks and consequently

reduces the service price.

In the case that carriers decide to invest additional trucks for serving both
existing and new customer demand, two vital factors to consider are amount of vacant
trucks per day and amount of outsourcing trucks per day. That means carriers have to

trade off between the additional cost of investing in additional trucks and the

outsourcing cost for available trusl % B ¥ F §-4- service level must also be considered.

However, increasing additici®s A 1stomer demand uncertainty also

enhances the probability ™ { tigcK —y on days without customer
o ——

demand.

Finally, takin- o« % and Conditional Value at

Risk (CVaR) risk me» imate full truckload pricing

depending on differ#fi ¢ Sportation carriers will have

room to negotiate w ‘ ing what is an acceptable

probability of loss. He¢, N level depends on the risk

tolerance level of each ¢ / and willingness to take risk.

T
Moreover, market price is anoth™= =
b IA T

luences risk tolerance level.

8.3 Further Rese: 5‘"

There are several 1nterest1ng topics that should beturther investigated.

F;I'LLE.!Q NENINE W T o

r1c1ng as well as to tak&'into accountggher factors of uggertainty such as
QRARIRIUUNIINER

Drivers’ behavior affects consumption rate, but consumption rate for both

running and empty running trips is assumed as a constant rate for all

drivers in this study. To accord with real life full truckload operation,

consumption rate should be treated as an uncertain factor in further
research

- More research is needed on price determination model considering only

potential lanes that enhance use of the company’s own trucks.
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- This research concentrates on the minimum offered service price by
controlling the risk of earning less than the desired profit or losing more
than an acceptable level due to uncertain factors within given confidence
levels. Hence, further research is required on a price determination model
to maximize profit rather than to minimum loss while risk of loss still be

concerned.

AULINENTNEINS
ARIAN TN TN
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