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Abstract

Cash is the most important resource at the disposakohstruction compangndmanagement

of cashhas a direct impaain long andshorttermcompany performancéccurately predicting

the amount of casflow expected from particulaconstruction operati@ however remains
challenging due to the dynamic nature of construction projects, which often changes as progress
is made whenprojects come to aend as new projects begioy whencostsfor different items

vary. Various model$or improved cash flow management have he@posedeach with varying

levels of successThe first part of this studfpcuseson calculatng caskflows expected from the

useful life of noroperated pieces of equment. An entire fleet of 839 assets is analyzed with

their ownership costsrojected over their economic lives. A nlimear optimization is performed

to determinethe ideal amous of ownership recoveryi ven an organi zationo
return Suitable data was available 8014 pieces of equipmergums of theiownership costs

aregroupedby equipment category and by associated.yard

Reliably assessingafr market pries of equipment is requiredluring asset disposafor
establishing rental rates, to estimate the financial position of their firms during financial audits,
and, for companies operating with refurbished equipmmiaking purchaseskesidual value
analysisis another aspect of equipment managementfteas many uncertaintie§.he second

part of this researcanalyseseveral data mining algorithms to estimate market prices of a group
of ¥ tontrucks todeterminewvhichalgorithm pralucesthebestdata modefor this type ofresidual
valueprediction The analysiss based on historical dateofn auction and resale transactions for
that equipment category combined with economic inflation dataibutes of equipment

including age, year of manufacture, se®imeter reading, location of transactiand inflation



rate during saleare consideredOf the four algorithms applied, theandom forestlgorithm
offeredthe best perfanance followed by the multipléniearregression algorithmrhe artificial
neuralnetwork andk-nearest neighbalgorithmsresulted in the lowest performanéemultiple

linear regression method was chosen due to its ease of interpretation and relatively high accuracy,
and ageneric system that predsaquipment market values usingtmultiple linear regression

algorithmwas built.

Both studiehhavedemonstratethat automation of processes involved in equipment management
can provide benefitg practice,such as the ability to analyze largglumes of data quickly and
accurately The techniques are also flexible and easilyincorporate information fromarious
sources The results obtained areore objective and caform a better basis ithe process of

decision makingis compared to using personal experience andofHésimh
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Chapter 1. INTRODUCTION

1.1 Background

A primary roleof equipment managemeinta construction firm is the acquisition and disposal of
equipment tesupport production operationd/hennewpieces ofequipmentarepurchased, the
market prices are usualBasy to determinasthey are prespecified by manufacturerdlarket
prices are more difficult to determine, howevérequipmentarebought or soldafter periods of
use astheir pricewill dependon various factors such as the year of manufacture, mileage, age,
physical condition location and state of theeconomy This research focuses on redug
uncertainty in the estimation of fair market prices of used equipment to prstentiallosses
duringequipmentdisposal or acquisitionn addition to the purchase pri@guipmenbwnership
also involves severalansactiorcoss until its disposalExamplef these costsiclude obtaining
licenses and operating permits machinery insurance and txes However, establishing the
effecsthatthese transactional costs hasellectivelyonan or gani z atusuallywts | i qu
considerd in construction practiceThis studyfocuses ondeterminingthe amountof cash
involved insuchtransactios and tle expectednpad these transactionwill have on the finances

of a firm in terms of monetary gains or los$asan equipment fleet

Heavy mobile equipmentpresents vital capital investment for many construction, quarrying

or mining firms. Base on investigationgonducted irseveral companies, equipmaamprises
anaverage oR0to 30%of the total value of most corporate asg€tessain2017). According to

the same sources, reveraieonstruction companies from equipmenteported taange between

20to 70%of total earnings. At the same time, the cost of owning and maintaining an entire fleet

of equipment is usually more expensive than the costs incurred by any single project (Vorster,

1



2006). Together, these findingsmply that equipmenhas a significant impact on the financial

status of a construction company.

1.1.1 Cash Flow

Most failures experienced bgontractos in the construction industryare relaed to economic
factors(Park 2004) The most important resource at the disposal of a narigin firm is cash
which is used to support its daily activities (Nayb®96).Recenteconomic hardshipsxperienced
by economieglobally have affected the liquidity of many organizatigrfsirther increasinghe
impact of thisissue(Al-Joburi et al2012. Propercashmanagement jgsherefore a vital process
that must be carried out by these entitiedraquently as possibl8ecause cash is a corporate
resource, @sh management is essential at the leveh obmpany.However, t may also be
managedat the level of a projedb ensure that thénancial needs of eacproject stageare

adequatelyatered for.

Revenues are usually generated from the invoices that a contractor seshaisnguthe execution

of a projectwhile expenses are incurrém activities such as thegyment or materials, labqr
subcontracts overhead and equipmentThe difference between theevenues and expenses
comprisescash flow Cash flowis highly significant tocontractors asit has the capability of
affecting theirliquidity and their ability to bring projects to completi¢zeldin and Ali, 2017

Lucko, 2012. Payments made by clienare usuallydelayed fronthe expenses incurred by the
contractor necessitating the securing of project financing through other.ilaéansve casklow
management can be used as a means to obtain loans and other forms of credit from banks and
various financial institutions to covehis fundinggap provided thatavailabe forecasts are

sufficiently convincing and detailed.



Several mthods have been proposed to forecastiflows to avoid issugssuchasinsufficient
working capital andankruptcy due to poor casfiow managementThese methodsange from
mathematical modelstoh e contr act or 6 @ndjuegensentXithough diffeqereg r i e n ¢
in their approachthe reliability of these methodkepend on the amount of informaticavailable
with regards to irprogresgrojects. Generally, the mopeojectdatathatareavailable thegreater

the accuracy of the process.

Since he economic life of asseinvolves several transactigigeginning with initial acquisition

and ending withdisposal the first part of this studyindertake casklow analysis from the
equipment management perspectiven objective of this work is to acleve enhancd
communication between the equipment management team and the finance staff through the use of
terms that are familiar tooth partiesHere, netashflows will be examined from the internal rate

of return (IRR) aspecbecause IRR is one did preferred ways to objectively assess if a financial

investment, based on its discounted future earnings and profitability, is favorable

1.1.2 Residual Value

Residual valués part of equipment ownership coatedrefers to the amount of money that a piece
of machineryis expected to be sold for at any given point in tiivilerster, 2007) Ideally, this
involves a transaction between buyandsellersin an open markewvho areequally informed
(Lucko et al, 2007) This value isoften not known until the trasaction is completenakingthe
preemptiveestimation of fair market prices for used equipment difficult in pracReal market
values of equipment depends on many factors such asntieufacturermake, modelmachine
age, condition of asset, the statd# the local and regionakconones, volume of work and

investment made in the construction industtifmate and soil conditionsand at times the



location of sale (Ponnaluru 2012urther complicating theletermiration of fair market prices.
While a mnservatie value of zero can be assumelis is misleadingln many cases, hose
chargel with this analysis uséheir own experience anétnowledge ofpastequipment sales or
purchasesto estimate market price. Others have applied variougormulas and sttistical

techniqus, such as the regression methaith varying levels of success.

It is important to note thaeven though they are closely relategkidual value is distinct from

equipment depreciation. Depreciation is the gradual decline of the whlequipment as it

generates revenue for its owner over time (Fan g2@D8). It is a concept from cost accounting

that has specific calculah methods such as straigHine depreciation, declining balance
depreciation, units of production depremat and surof-y e ar s 6 di gi ts depreci e
purpose of calculation of depreciation is to assess the amount of tax liability that an asset has to its

owner.

In contrast, residual values are used to inform equipment management decisgunsiidn of
equipmentleetsin organizations is usilly achievedhrough the processof purchasing, leasing
renting with the aim to ownor ownership through joint venture®ue to the recesion of
economies globallyOck and Park, 2015andwith the province of Albertafurther affected by
low prices ofcrudeoil, the hourly and daily rental ratesexfuipment in markets worldwide have
beensteadilydeclining. Firms that have traditionally acgen equipment and other assdtsand
new arenow considering thpurchase of used equipmeimicreasing the need for reliable residual
value estimates. Furthermorgecisions on whether to maintain or sell used equipmert

consider potential maintenance cdsigether withthe residual value of equipment



It is vely important therefore thatfair market valus of assets in specific equipment categories
are determined consistently and acdefg when deciding whether to purchase, rent, lease,
maintain, or sell equipmenin addition to enhancing equipment purchaseéisposal decisions,
reliable estimates caassist ompaniedo determine if they can provide equipment to their own
projects at rates that are lower than current prices in local mékketso, 2011)and toestablish

competitive rates fdreasng equipmat toother firms

Investigation of &ir market prices of equipmeoan also benefit certain administrative processes
includingthe accurateaccrual of expensescurred such asnsurancecosts and the aluation of
assets. Audit firmsequirethatowneship costomponent$or assetde adjustedThe geeralaim

of both theseactivities isfor a companyto more accuratelyestablishits financial position
Furthermore, depreciation schedules for assets can be set to follow more realatitically
deiived figuresas opposed to those proposed by faratcountingoroceduresFinally, reliable
residual values caassist a firm to make more credible forecasts with regards to gains or losses

resulting fromthe sale of equipment and other assets.

1.2 Obijectives

The aim of this studwasto develop methods and tools for performaagshflow analysisof non
operated equipment afar estimatingmarket values dfieavy constructioequipmenusing data
collectedfrom Enterprise Resource PlannifigRP)systems at aonrganizationand from ather
publidy-available sourcesuch as guipment auctions and economic inflation datechniques
were comparedot determinewhich method offered the best performancand accuracyor
forecastingmarket value#n residual values abysis.Specific objectives of the study are detailed

below:



1.2.1 Cash-flow Analysis
1 To determime if owned non-operated pieces of equipmemthich are in active useare
providing financial gains for a compankhesestudiesadoptanIRR perspective agpplied
in financial analysisThe ownership cost componemisojected over the useful lives

nonoperated pieces of equipmestemphasized.

1.2.2 Market Value Analysis
1 Estimae thepurchaseinddisposabrices of individualasset from available market values
andeconomic inflatiordata AnalysisusesMultiple LinearRegressiomnalyss with other
techniquessuch asthe random forestthe k-nearest neighbpiand theartificial neural
networkalgorithm for comparinggenerated data models
1 Predictthe value of an stire fleet of owned equipmentfrom their fair market price

estimatesusingsimilar techniques

1.3 Assumption s

Assumptions ofhis studyare discussed:

1 A company is makinguboptimaldecisiors with regards tdiming and markevalues of
operated and automo&vequipmentluring asset disposarhis has resulted ifinancial
loss eitha directly, through low disposal prices or indirectly, through excessive
maintenance costs incurred during the lifespan of af8et situationsan beavoided.

1 A company is exgcting that the nooperated equipment in their possession is creating
revenue based on thaitilization rates andhe amount of capitatommittedinto their

ownership cost componerasertheir prescritedlifetime.



1 A company, as is becoming increasinglygmmon throughout the construction industry,
has collected a large amount of data that could be better usatigncealecisionmaking

for improvedequipment management

1.4 Scope

Scopeof this project idimited to the cah-flow andmarket value analysed equipment

1.5 Methodology

Market prices of equipmentalso referred to a®sidual valus) haveprimarily been investigated
using data mining techniquesich ad.inear Regression analysis. Since the price of an asset is a
continuous variable, it is also pdse to determine its value with otheagressiortechniquesuch

as the knearest neighborsaurtificial neural networksandrandom foresalgorithns. As it lends

itself more easily to being interpreted, to program, and to build automation toislghdsis
employed dinear regressiomlgorithmbasedmethod. Casfilow analysis was performed using

standard finarnial analysisgechniques withinemplates thatveredeveloped fothis purpose.

Datawere directly collectedfom anERP system and prepdrtor further analyses usirggveral
softwaretools, including spreadsheet applications, systems daentific computing(R for data
analysis) and otherslesignedo apply Statisticalearningtheory/ Machinelearningtechniques
for theanalysis oflargedatasets(Python programming and scikéarn library) Toincrease the
functionality and accessibility of the resear@hweb-based tool was elelopedto increase
utilization of endusers acrosgariouslevels ofcomputing skillsglectronicdevicege.g., dsktops

and mobile)and operating systemilotably, execution of the project with various sets of tools



played a key role in validating the resulsnerated by the proposed methods by determining if

similar results could be obtainedingindependent pradures

Verification wagperformed usindgacevalidation(i.e., seeking the opinion of experts with regards

to the output of the analy$isAn equipment manager and othmmactitionersfamiliar with the
problem perforraeda visual inspection athe resultsand provided their opinionThe validity of

the method was also examined by comparing the results generated with information retrieved from

online sources (e.g., the selling price of similar trucks online).
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1.6 Thesis Organization

This thesis izomprisedf five chapters anthreeappendies A brief description of their content

follows:

1 Chapter 2 Literature Reviewi Providesa backgrounaf previouswork in the areas of
equipment managementashflow analysis andasset residualalueanalysis

1 Chapter 3: CasHlow Analysisi Discussion of net cash flow determination radn
operated pieces of equipmeaerthe course of their projected useful lives

1 Chapter 4: Marketvalue Analysisi Details the residual value analysis for operated and
automotive asset categories

1 Chapter5: Contributiors, Limitations and Future Work i Summarizes theesearctwork
of this thesis discusseshe limitations of this work, and detaifssibilites for future

improvement.
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Chapter 2. LITERATURE REVIEW

2.1 Cash-flow Analysis

Cash is the most important resource for a construction company. Adequat®waeaishessential

atall phassof a construction project to pay for labor, materiated other expense€ashflow is

a projection of a c¢ o mand mtycasElowiisrthe diffeeence lmetdveer X p e n S
what the company receives from its clients and what it spends during the execution of a project at

any point in time (Sears et g22011). The avadlbility of cash can determine the success or failure

of a construction firm. Proper caflow management jgherefore critical for the financial health

of a company.

There are three ways in which catw can impact a business Bbburi et al 2012).The first

is through the failure of a construction firm due to esWw problems combined with poor
management of the firm. The second is related to delays in projects caused by late payments, lack
of financial resources, instabilities in financial maskeand inadequate management of eash
flows. The last issue is related to cdikiw and project scheduling. Forecasting céskv is vital

for predicting cash shortages and avoiding phases with negativ#@ash

Cashflow models began to be studied hetconstruction industry in the 1970s when increased
inflation rates changed the way construction managersedekeir operations (Kenley and

Wilson, 1989 Kaka and Khosrowshahi 2007). Currently, mathematical models are used
successfullyf o f or ecast c o n sflows,especialpwhenavailahjlity af prggeét ¢ a s h
datais limited. The most widely used mathematical models are the third, faurtifth-level

polynomial (Navon1996).

11



Kenley and Wilson (1989)roposed dogit transformatiormodel to simulate the caglows of a
previousy-developedconstruction projectand the model performed weflor predicting the
profiles of individual projectsA computer progranthat could prepare ashflows of a project

from project detailsvas built by Navon (1996)Accuracy of the predictions jpnoved as the

amount of available data increas€xther attempts have focused on maximizing the net present

value ofa p r ocpséflovts Baroum and Patersph996) This was achieved by schenthat
adjustedap r o | &ctvitie8 Isased orthe activite scashflows and those ofhieir successors
Activities with positive castlows werescheduled firstywhile those with negative caglows were
delayed.Due to their ability to represent complexity elegantipgslarity functions borrowed
from structual analysis have also beemsed toaccuratelyrepresent casfiows (Lucko and
Cooper2010; Su and Luck@®015).Singularity functiondave the ability to represent a complete
schedule and can improve construction management ntodaeiximize their net gesent values
(Lucko, 2013).Also, the models were able to catermore minute details of financial modeling

and analysis in constructippuch ashanges in interest rates

An algorithm was developed to forecast optimal ed@lv levels based on projecharacteristics
such as time lags, cost categorasd the weights of such categories (Ock and ,PAk5). The
algorithm has five steps namelycollection of project inputs, assignment of weights to cost
categories based on the budget input, planningaofied value and costs calculated from the
monthly progress planning, calculation of cdish status of a montrand a comparison of cash
flow status in a month. An application of the algoritfon simulating theplanning stages of a
construction projectdemonstratedmprovemens to t h e pr o j-flewst A& sonlinears h

optimization model was al so devel-cog gatleofb y
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problem. It mini mi zieansidenagon pfiiscoyntedcastiosvs. Motablye c t

however, this model assumed thativity costs are incurred at their finish times.

A study was undertaken by Chen et al (2005) to assess the accuracy-tdwagstedictions by
comparingmnodel pedictionsto historical datzollectedfrom two projectsA combined approach

of using pattern matching logic and factoriekperimentation,which worked out in a
complementary waywas appliedpattern matching provided a visual depiction of the history of
projects while factorial experiments offeredncreasedprecision characteristic ofstatistical

methods.

Other efforts include those of Ucal and Kuchta (20®hjich focused omlevelopinga procedure

to maximize the net present value of a project whose-fbtass were also fuzzyA system
dynamics approach wapplied by Cui et al. (2010) to identiéynd describa p r o | eflovis6 s
using feedback loops. A modepable obimulatingvariouscashflow management strategias
evaluate thémpact ofvariouscontract clauses gorojectcashflows was built Pak et al. (2005)
carried out a study focused on predicting efhalvs at a project level from the perspective of a
general contractorCost categories were definéal expenditure itemssuch as material, labor,
equipmentand subcontractorso compile castruction resources with time lags that were similar.
Weights between cost categories were adjusteeheveplanneddata deviated froractual data

andwereapplied to the next cash planning.

Artificial intelligencehas also been uséd predict castilow trendsfor a project. Cheng edl.
(2009) applied arvolutionaryfuzzyneuralinferencanodel (EFNIM) that combined the benefits

of genetic algorithms for optimizatiofyzzylogic to deal with uncertaintieandneural networks

13
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for inputoutput mappingThek-means algorithm was also applied to clusienilar projects under
study. Fathi andAfshar (2009) presented a model usimgmodified form of the basic nen
dominatedyenetic algorithnfior planningcashprocurementstatingcreditoptions andnegotiding

bankoverdrafs.

Lu et al (2015) proposed a 5D BIM framework for projéetvel and financiatlecisionmakingby
linking 3D modeling technologyvith schedule and cost informatiomhe framework assists
contractors tanalyze cash flowsroa projectby-project basis antb foster effectivedinancial

decisionmakingin consideration factors such as contract types and retainage.

The focus of this thesis on casklow analysis in equipment managemertis work is similar

to that of Vorster (2009) witlthe main objective of providing a basis for communication between
equipment managers afidance and accounting staiffhe use ofdérms that are familiar to those
with a background ireachdisciplineswas emphasied which, in turn, facilitatecanalysis ard
preserdition ofcashflows arisng from the acquisition of equipment in a simple manSewveral
transactionsin the ownership cost categoduring the economic life of different assetse

examined

2.2 Residual Value Analysis

Residual value is part of egpment ownership costs and refers to the amount of money that a piece
of machinery is expected to be sold for at any given point in time (Vp2&@r).Residual values

are considered part oé q u i p nceshdf ovenership dugo revenue that is incurredhen
equipment is soldLucko et al, 2006). Furthermore, e residual value of heavy construction

equipment usually has a direct relationshiht he e qui p maaudyam ddilyerenwli b | e
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rates Income that a piece of machine geneyateer its ugful life is calculated ashe difference
between its purchase price and the sum of its residual value plus anticipated profits ZDadko

In other words, the amount of revenue that a machine is expected to generate over its economic
life is equals tahe difference between its acquisition price less the resateinttogether with
anymargin of profit Although challengingaccurately determining the fair market value of assets

is an important activityCoupled with thisredecisiors determining wheto acquire and dispose

of an assetwith the aim of maximizing thénancial returnggenerated by the equipment over its

life. This thesis will attempt to predict the residual values of heavy construction equipment from
historical records of equipment aumis and resales together withublicly-available

macroeconomic indicators.

A number ofin-depth studiegocusing on theestimation of residual values of equipméanthe

field of forestry and agriculture were completefore much progress was realizedamstruction
management . Reid and Bradford (1983) <calcul at
original list price using its age, horsepower, mak®l its net income to the farData used in the
studywereobtained from the national farm apdwer equipment dealers association and spanned
over two decades. Actual salgricesacrossvarious parts of the United Statesn@analyzedn

another study by Perry and Glyer (1995). Data on the model, sale pricgnagsstimate of
condition wereusel to calculate the price per horsepower of tractors. A finding from this study
was that machine age was the most important variable for determining sale price. In another study,
sales data for combines, tractaaad skidsteers collected for nine yearsreeexamined (Cross

and Perry1996). Their selling price, year, hours of use, the condition scqrnfdtype of auction

in which the machinery was sold were considered. Other informatich as equipment size and

presence of featurewere includedand the auction and list prices were indexed to the value of
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the US dollars in 1982. Lastlyhe net farm income was addedpimvide an indication of the

profitability of the agricultural sector of the economy.

Previous studies of equipment residual valielude those of Vorster (199%Jho suggested that

the residual value of equipment can be expressed as a factor of the inverse of the square root of its
usage hours and its purchase price. Lucko and Vorster (2003) used auction sales data from North
American and other international markets for various categories of heavy construction equipment.
This study was revisited by Luckg011]) to investigate if thgpreviously developethodels could

still be used to accurately predict market values for similarpesemt data under different
economic conditions. It was found that the model consistently underestimated residual values
indicating thatthe modelwaseither unaffected bpew economic conditions or some systematic
errois had been introduced during its eastruction A multilinear regression analysis was
performed and a relatioship was found between machineesgnd market value. Lucko et.al

(2005) introduced several macroeconomic indicators into their marketwdath improved the

model considerablyFan et al. (2008) implemented a predictive model for residual values in an
equipment management system using the Autoregressive tree data mining algorithm on several
categories of equipment datancurrently This was an effort to bypass tbleallengesis®ciated

with appication ofthe samestatistical regressiomodel across different equipment categories for

their residual value prediction8lso, the algorithm is based on decision tredsch appeared to

be more accura@nd meaningfulo equipment maagers

Residual value grids were developed by Lucko et al. (2007) as tools to present equipment sales

datasetsThe residual grids forecastedarket prices withgreateraccuracy and reliabilitypy
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highlighting the relationship betweeanges ofesidual véues, equipment ageandthe number of

transactionshatoccurred at any combination of age and residual value

A hypothesis was put forward by Ponnaluru et al. (2012) that the price of asstiuction
machinery wasin addition to traditional factors atuding age, brand and physical condition,
directly influenced by its geographicharacteristicssuch as théocation and neighborhoaaf sale

A spatial hedonic price function was specified and estimated for used excavators sold in the North
American maket. Both sets of features were found to bapable of reliablydetermining

equipment prices.

Data mining is a field irtomputerscience that involvethe discovey of inconspicuougpatterns

in large setsof data Numerous recentimprovementsto data mirmg have populaized this
technique forexploring various sets of dataincluding those associated witkhonstruction
engineering.Akhavian and Behzadar2@13 developeda frameworkfor extracting useful
information from historicaata of constructionoperdions, using techniques such &smeans
clustering,to improve simulation modgl Other processes such as the selectiomighway
constructiorbids have benefited frortechniques such as neural netvgakd general regression
models which havefacilitated theidentification of projectrisks that are likelyto lead to cost
overruns(Wang et al. 2011) Classification and regression models have been used to predict
disputes in Bblic-Private Partnershipprojectsprior to project initiationto preventdetrimental
effects orproject phaseshatcanresult indisputegChou and Lin, 20120Omran et al. (2016) also
applied nine different data mining modelspieedict the compressive strength of a new type of
concretebuilt from environmentallyconsciousmaterias. Finally, data mining has been used for

the estimation of equipment fair market value analysis with reasonable success2@B)g

17



Given the success of this technique, data mibiaged methods will besed for residual value

analysisin the present #Bis
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Chapter 3. CASH-FLOW ANALYSIS OF NON-

OPERATED EQUIPMENT

3.1 Introduction

The ability of a firm to sustain itself long term and become successful dejpeaddity toplan
and manage cadlows (Lucko and Cooper2003). With regards taconstructionequipment a
comprehensivanderstanding of costs relatedtwnership and operatiasf equipment is essential
for profitable equipment management aonstruction (Gransberg et ,a2006). Ownership and
operatimg costsrepresent two distinct types coststhat compriseverall equipmentcoss. Cash
managementrpcessesequire the input of equipmeperformancend classification information

for determining bottownership and operating costs

3.1.1 Ownership Costs

Ownership costs aredke associated with equipmepossessioandmaintenancéVorster, 2009)
Ownership costs include the initial investment in the asset, insurance, taxes, permits, property
taxes, and its salvage value and aceimulative result of cash flowthat anowner experiences
regardless of wéther a piece of equipment is utilized or @éurifoy et al, 2010. They are
typically accrued on an annual basis anenot significantlyaffectedby the number of hours that

apiece ofequipment is utilizedndividual elements of ownership costs detaikedbelow

1 Acquisition Costsi The acquisition or purchasing castthe initial outflow expense that
the firm incurs as it acquires ownershiptioé equipmentAcquisitioncosts include albf

the expenses required to deliver a piece of equiproets hew ownemcludingshipping,
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taxes and amounts for alidditionaloptions Notably, he cost of tires is usually deducted
from the purchaseostif the machine hepneumatic tiresas ires are highwear itemghat
are replaced many timeturinga ma ¢ h i n eTéis initlaliadqaisitioninvestment is
consumedhsequipments put to use on projectsvhich is normally spread out over the
economic life of the asset as a depreciation amduanteturn, the company generates
revenues angrofits from use of the equipment

Salvage Value The salvage or scrap valueazfuipmenis an inflow of cash received by
a firm from the disposal of eetired assefThis revenue is usually difficult to predict and
depends on a number of factofhese include the ghical condition of the machine, the
market activities of new machineg a particular locatignand the possible secondary
services that the usedj@pmentprovidesto its new ownerAccuracy ofsdvage value
predictions for used machines can be improbgdconsideringhistorical sales data
avail able from auction price books, onl i ne
recordsfor second handquipment

Major Repairs and Overhauls - These are costs that aregendedo extend the useful life
of amachine and areherefore similar to theacquisitioninvestmentfor a new piece of
equipment. Major repair costs ayenerally distributedvervariousprojectsthat have used
the equipment

Insurance - Insurance costs are incurred to cover the cost pdssible fire, theftor
accidental damage to equipmeiithese costasually range from 1% to 3% of the
acquisition costThis cost can be paid as premigro insurance companies or can be

allocated as seihsurance funds maintained bguipment owners
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1 Taxes- Taxes are equipment ownership takest are charged by the governmenhey
aretypically expressed as a percentage of the book valtreeeuipmeniand can range
as high a<l.5%.Taxes usually decreagsslongwith equipment valueasequipmemnages.

1 Storage and Miscellaneous Storage facilities areat times necessaryor equipment
duringseverewneatherconditionsor betweerprojectjobs Storage costs of equipment that
must bekept in shop®r yardsaredistributedover equipmentThese expnses include the

costs of renting space, utilitiempdwages foryardlaborers andecurity personnel

3.1.2 Operating Costs

In contrast, perating costs are costs that are incuwhdna piece of equipment is put to wavk

a project They arein most insancesdirectly dependent on the number of hours that a machine
is utilized and includefuel; grease tires tracks and ground engaging to¢lgreventive
maintenance costsepair partsand labor Other factors that may influence operating costs are
opetor skill, operating environmepand the nature of wongerformed Hourly operating costs
are generally expected to increase wigjuipmentge due to thmcreased frequency pfeventive
maintenancgrepair, and rebuildostsdue to wear, teaand falure. Individual operating cost items

are discussebelow:

1 Fueli Fuel consumption is best quantified from actual measurenaken between jobs
Records kept by the owner can reveal how many galloresliesen cosumed over periods
of service and under wth conditiors. Hourly consumption rates can then be calculated
directly. When suchrecords are unavailable, estimates canchkulatedfrom the

equi pment manufacturerds dat a.
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1 Lube Qils, Filters, and Grease- The costs of lubricants depend on the workingditions
of the equipment and the maintenance practices ajwimer: certaicompaniegperform
lubricant and filter changesccording to thenanufacturels specificationswhile othes
have developed their owpreventive maintenanggiidelines. Irbothcases, the hourly cost
is derived from the duration between changes in hours and the qoameyerialrequired
for a complete changd#usa small consumption amouatrepresent what is added between
changesEstimating tables or rules are usuallyyded by equipment manufacturers.

1 Repairs - Repair costs represengxpenses incurred on the job site durgqguipment
operation. They include the cost of parts and labor and are distinct from major repairs and
overhaulswhich are consideredwnershipcoss. Costs of repair are expected to increase
with machine agéue to increased wear and tear

9 Tires - Tires forwheeled equipmerarea major operating cost due to their short-fifian
relative to theequipmentitself. Costs of tires includboth repair aml replacementosts
Due tovariation intire wear based on site conditions and operator skill, tire costs are
difficult to estimate Tire life guidelinesdependon tire type and applicatioand are
normally published by both tire and equipment manufactuféese can be combined with
local tire prices to estimate hourly tire costs.

1 Replacement ofHigh-Wear Items - These are items with very short service lives and
differ depending orequipment They include items such ascutting edgesripper tips,
bucketteeth, body linersand cablesTheir hourly costs can also be calculated based on

manufacturer life estimates fsom priorexperience.

Cashflow for non-operated pieces of equipméras, in comparison to operated equipment, been

relatively unexplored ithe literature Operated pieces of equipment alassifiedasequipment
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thathaveengines, one operatgrand a mandatory requirement to recadual usage houmn the
equipment timesheeExamples include dozers, excavators, forkldisd cranedn contrast, it is
impractical to record actual equipment usage hfmrrson-operated equipmensuchequipment
includestrucks, computers, formwork materi@nd attachments to other equipment such as
buckets.Notably, alditional requiremest such as thoseitth a certain acquisition value and/or

useful life, may be imposed to determine whether or not an asset is consigigiatent.

3.1.3 Objectives

The primary aim of thischapteris to determine actuahet casklows (from the perspective of
ownership cost compents only realized during the economic lives of roperated pieces of
equipment from information available withen organzationd s d a tResbltsasegusimarized

bothby shopgyards andy equipmentategory

3.2 Data Sources and Preparation

Data for ths chapterwere obtained froman ERP system, SAP ERPs are software application
systems that manage alisential business processesh as procurement of materialsyentory
management, accountinggayroll processingand customer relations managem&RP software
utilizes a shared database systkatsupports all functionsf variousbusiness unitdlere, ecords
were extracted for neaperated pieces of equipment that had been in active use fmtiretyof
the previous calendar ye@016) Befae any formsr filters were applied, R612unique records
representing the entire fleatereretrievedandsavedin a spreadshedor further cleamg and

analysis.
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Asset tag numbsand the internal equipment numbgacquisition dateand prics, associated
yards), andequipmentiobjectty p e 0 o rs(i.¢.,gapegory in fhe fleg¢twere available in the
raw list Otherinformationrequired included equipmeoategory €.g., construction, attachments,
mining and drilling, lifting and material handling, formwork, vehicles and buses, \gi{gog
equipmen), method of aquisition €.g., owned, rental, rental purchasepecific equipment
characteristis of anasset (e.gmanufacturer, year of manufactureode), useful economic life
informationof each asseandequipmensalvage valugexpressed as a percentage of acquisition

pricewere retrieved from external sources

Filters were applied to remove data that did not fit the definition ofapmmated assets. This
included removingtems classified aBco n s t r u ¢ tminmgandddlimglo Data were also
required tobeong to the categories adwnedtypes of equipmeniThose with acquisition values
of zero or less wereemoved as they were anomaliessulting, primarily, frontdata entry errors
Also, pieces with useful lives aheyea (i.e., 12 months) or less were excludeecausdhe in
built spreadshedtnction for calculating théRR for investments requisdhatthey beassociated
with cashflows from several period®talingone year or morerheIRR functionalso works best
when there are both negatifiee., outflows) and positivestreamd(i.e., inflows) of cashspread
over several periodsFollowing data cleaning5039 unique equipment records remained.
Equipment data attributes are described @able 3-1. Datapreparedor analysis had a similar

format tothat in Table3-2.

Table3-1. Description of data attribute®f cashflow analysis data

Attribute Name Description Data Type

Equipment An internal identifier for the asset in the system Numeric, Long
Integer

Description Auserrecognizable name for the asset Alphanumeric
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Yard The shop the piece of equipment ikached to for Alphanumeric
maintenance
AcquisitionValue The dollar amount that was used to purchase the asset Numeric, Decimal

Category The genera!\classification of that type of equipment Alphanumeric
UsefulLife ¢ KS SELISOGSR f S yidnic Kie ighibnths y Numeric, Integer
Salvage % I LISNOSydl 35S NBLINBaSydAy 3 Numeric, Decimal

Table3-2. Attributesand sampldor cashflow analysis data

Equipment Description Yard Acqusition Category Useful life Salvage
Value (months) %
123456789 SUV Calgary $52,000.00 Vehiclesand 48 20
Buses
123456789 ATV KUBOTA Winnipeg $16,000.00 Vocational 36 10
Trucks
123456789 Sign, Directional Vancouver $4,500.00 SiteSupport 36 10
Equipment
123456789 Bucket¢Concrete Regina $6,000.00 Concreteand 36 10
4 cy Asphalt
123456789 Welder Fort $3,000.00 SiteSupport 84 20
McMurray Equipment

3.3 Methodology

Cashflows from ownership costs of nayperated pieces of equipmemére examined froman
IRR perspectivelRR is a financiamethod of determining if an investmentbisneficialgiven its
expected discounted earnings throughout itsllifenctionsby settingthe net presemalue(NPV)
of an investment equal to zeand calculang its inteest rate whichis equivalent to determining
the interest rate at whitthe projecwill breakeven.The NPV of an investment isin alternate
methodfor evaluating the suitability of projects based on the differences between aflaash
expected during p r olifetane at thair opportunity cost of capitalg., interest rate)The net

present value for a series of cdlstwsis calculated b¥quation 31:
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OVwB —— 0O Eq.3-1

Where G is the caslilow realized during a particular periody {S the initial investment cost, r is

the rate of discourdr the interest raf@nd t is the@otal number of time period€zor an investment

to beconsideredrofitable and accegble, its NPV should be greater than zdroessence he

NPV represents theeturns expected from@ojed that exceedhe initial amount investeia it at

a particular interst rate. The objective of IRR is tdeterminethe highest rate of interggossible

to acquirecapital for an investmeiseyond which the cost of financimgaylead topossibldosses

| RR is normally compared to a stmentagtaélRRis i nt e
greaterthan the interest rate, the investment is accepted asongderednore profitableand,

hence worthwhile. In other words, the IRR indicatéise percentage of earnings anticipated from

a project that exceed the earningpexted through other revenue opportunities. For example, if a
company anticipates an IRR of 8% for a project and a return of 5% from the stock market, the

extra amount of intereftomthe projecbver and above the stock market alternaisvég%o.

Anothe method forevaluatingthe economic vidility of a project is its minimum attractive rate

of return (MARR). MARR also known as the hurdle rate the lowest rate of returnfenancial

decision maker is willing to accepefore embarking on a projedtking into consideationthe

risksthe project carries and the opportunity costs it bears as compared to competing alternatives.
MARR is often equal t o an PReurifppetal.z2@)0Hoovevérs | nt e
MARR values are flexible and is a common practice for different projects to use different

MARRs depending on their varied characteristics such as uncertainty of futur8aesior their

expected durationsA project is assessed by calculating its IRR first, followed by making a

comparison to the o mp aMARR. ¢ the IRR exceeds the MARR, the project gets an approval,
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otherwisethe projectis likely to be rejectedin the case of evaluating two or more competing
projectswith IRRs hi gher t hMARR, the mrojeat pvithrthgighest IRR will be
selected even though it is acceptable to authorize all of them if funding iscoast@aint One

major limitation forusingboth IRR and MARR methods as investment strategies is that they only
consider the rate of investments and their sizes. For instance an initial $10 investment having

a return of $100 will have a much higher rate of return than a $10,000 that brings back $20,000.
Another limitation of both IRR and MARR is that they do not compare the durations of projects.
Forexample in a situation where two competing projects are presented, one with an IRR of 15%
and casfflows for three years and another with an IRR of 10% and 15 years ofloashit is

not clear which one should be chosen.

A scriptwaswritten, in the Visual Basic for Applications (VBA) languagand execute within

the spreadsheedlocumentof the collected equipmentdatato automate the procesbEhe script
proceedghrough each piece of equipment information and calautadecashflows using the
ownerslip costsexpected throughout h e e g uecgnomecriifeabasfixed IRRrate A non

linear optimization waalsoperformed to adjust the asset ownership recovery amounts to achieve
the desired IRRA sum of thecashflow amountsare summe@nd summarizedrhis technique
offers a practical benefit as practitioners are not required to transfer between telén
performing the analysis. In additiothe spreadsheatocument can be set to perfoartain
computations on its worksheéts c autorhagicallyfu r t h e r i ncreasing the
particularly when performingeveral calculations concurrentln additionaladvantageof the
spreadshedtased method is that the spreadsheet can also adaabmse for informatiohy
stoiing data in cells,aws, and columnshatare easily accessible through their simple and intuitive

user interfaces.
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3.4 Financial M odel Generation

3.4.1 Equipment Ownership Cost Components

Financial calculationsonsideredhe following ownership cost components of equipment:
1. The acaisition value, which represents a negative cash outflow at the beginrang of
a s s ecbnorsic life
2. The salvage valyexpressed as a percentage of the acquisition vahieh representa
positive inflow of cash atthe endbfh e asset 6s | i fe
3. Capital epair / rebuild costswhichis incurrednt he mi ddl e of an asset
4. Annual insurance expensehich iscalculatedas a factor of its current year of life
5. Overhead recovery rate

6. Owner ship recovery rate based on the compa

It is important to note thassetepreciatiorwas not included in the calculation

3.4.2 Script Execution Example

The macroproceedghrough equipment records one row at a time. For each row, it begins by
extracting the acquisition value of an asset from a listlainm the ondn Table 32. Then,it
retrievesthe useful life information for an asset. The vakegievedis in monthsand is converted

to years by dividing the value by IPhesalvage valués read as percentagethe value is a whole
numberandit is divided by 100 toemain equivalentor example20% is converted to 0.2 hen,

the half-life year ofanassets calculated dividinghe useful lifeby two, wherean asset with an
economic life of 4 years will reachsihalf-life at year 2 the haltlife of an assetepresents the

time when the piece of equipment will be due for capital repaidéorrebuild.
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The salvage valuie then calculated froie salvage percenbtained as describethove Capital
repair costs are determined based mtespecified as a factor of the acquisition value of the asset.
The net caslilows of the asseare calculatecnd projeatd over its useful lifeas presented in

Table 33.

Table3-3. Sample calculations of arsset's net casflow amounts

Year 1 Year 2 Year 3 Year 4

Investment -$47,880.44

Ownership Recovery $14,135.65 $14,135.65 $14,135.65 $14,135.65
Capital Repair / Rebuild Cost: $0.00 -$3,830.44 $0.00 $0.00
Insurance -$454.86 -$341.15 -$227.43 -$11372
Overhead Recovery -$1,436.41 -$1,436.41 -$1,436.41 -$1,436.41
Salvage $0.00 $0.00 $0.00 $9,576.09
CashFlows -$35,636.07 $8,527.66 $12,471.81 $22,161.61
IRR 9%

Six different net income and expenditure soureast and areepresented by spowsin Table 3

3. The first sourceis the acquisition valuethat has beewronverted to its negative amoutat
represent it as an outflowZapital repair costsre incurred athe half-life of the asset andthis
value isalso negative. Insurance amogndecreaseas theage and use of the asset increases
Overhead recoverys a negative value to represent outflow, is also inclUeadlly, the salvage
value is incurredin contrast to the other valudise salvagealue is represented as a positive value
to represent thimflow of cashthat will berealized from the saler salvageof an asset at the end

of its life.

3.4.3 Ownership Recovery R ate Amount and its Optimization
The ownership recovery rate amoistlso referred to as thumiform series recovery tor. It is
usedin financial calculationso determire the uniform amount of money required to replace the

presenti(e.,acquisition) value of an assatd is calculatedsingEquation 32:
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01 | IO QI QO'RQ Eq. 3- 2

From the example provided inable 33, the ownership recovery amount is calculated to be
$14135.65 resulting inan IRR of 7%and a net casfiow of $7525.01. Howevetthis value is not

fully optimized and the IRR rate calculated internally by the spreadsheet document is 9%. A non
linear optimization igperformedon this amount to correcthe results aboveNeverthelessthe
uniform series recovery fact@rovidesan initial estimate forthe optimization algorithnto
increase the convergence speed of the solution. Indie&te optimization begins aerg an

optimum solutiormay never be foundResultsof this are summnréed in Table 34.

Table3-4. Optimized calculations of an asset's net etisivs

Year 1 Year 2 Year 3 Year 4

Investment -$47,880.44

Ownership Recovery $13,772.12 $13,772.12 $13,772.12 $13,772.12
Caital Repair / Rebuild Costs $0.00 -$3,830.44 $0.00 $0.00
Insurance -$454.86 -$341.15 -$227.43 -$113.72
Overhead Recovery -$1,436.41 -$1,436.41 -$1,436.41 -$1,436.41
Salvage $0.00 $0.00 $0.00 $9,576.09
CashFlows -$35,999.60 $8,164.12 $12,108.27 $21,78.07
IRR 7%

The ownership recovery amountrecalculatedy theoptimizationalgorithm in solver and the
new amount is $1872.12 over the 4 years of assesg andthe net caslilow amountis now
$6070.89. This value is stored in a separate celiuimre computationlf there are more records

to process,ite macro advances to perform the same calculations oexbasse

30



3.5 Results and Discussion

The total amount ahe cashflows generated by neoperated pieces of equipmexttive in 2016
totaled$29750573.43.Analysis results are summarizby yard and category Tables 35 and

3-6, respectively.

Table3-5. Cashflow analysigesults by yard

Yard

Net CaskH-lows

Arlington

Calgary 27th Street
Edmonton Mcintyre
Fort McMurray
Kelowna

Minneapols

Omaha

Regina

Saskatoon 56th Street
Saskatoon 57th Street
Spokane

Toronto Edwards Blvd
Toronto Ninth Line
Vancouver

Winnipeg

Grand Total

$116,998.54
$4,885,473.87
$8,754,120.72
$4,090,430.32
$194,697.42
$569,306.60
$477,777.05
$548,315.81
$4,269,837.93
$2,921,192.53
$719,018.87
$101,541.00
$363,909.34
$1,517,853.27
$220,100.16
$29,750,573.43

Table3-6. Cashflow analysis esults by category

Equipment categories

Net CaskH-lows

Aggregate
Attachments
Concrete &Asphalt
Formwork

Lifting & Material Handling

$42,045.25
$713,817.28
$2,616,928.18
$150,627.54
$4,570,786.10
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Marine, Aircraft & Rail $101,354.46

Masonry Equipment $57,368.52
Site Support Equipment $12,498,338.0€
Trailers $278,729.72
Vehicles & Buses $5,381497.66
Vocational Trucks $3,339,080.65
Grand Total $29,750,573.43

Equipment associated with tli&imonton yardhad thegreatesexpected enaf-life cashflows,
followed by Cal gar y " Steet gardYdidswith tBedeak equipmentn 6 s
associatedashflows werethe Toronto Edwards Boulevard, Arlingt@and Kelownayards From

a category perspectivaite support equipment ddahe greatesexpectedcashflows, followed by
vehicles and buseand therlifting and material handling. dgregatesmasonry equipmenand
marine, aircraftand railhadthe leasamounts oexpectedcashflow. The results are detailed and

depicted graphically in Figures13to 34.
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Figure 3-1. Cashflow analysis simmary of results by yard
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Figure 3-2. Cashflow analysisdgails of results by yard
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3.6 Verification

Verification for this chapterwas performed byperforming net casfHow calculations for
individual assets on a separate spreadsheptatmwhich waslesigned to perform the caibw
analysis to estimate tha rates. Here,theacquisition price of an assstsupplied together with its
useful life.In this example, thisorresponds to $4380 and 4 year3.he halflife year is calculated

from the useful lifeusing a spreadsheet formulBhe insurance rates and overhead recovery
amounts are determined from their fixed percentagesa factor of the acquisition pricEhe
salvagevaluepercent is required to calculate the salvage value. This is given as a figure of 20%

and the actual value is calculated as an amount 57 &9

IRR Template - Excel

Insert Page Layout Formulas Data Review View Developer Q Tell me what you
‘D E‘E ) Calibri 1 AN T == - EPWepText General - I}i
Paste 3 B I U-~- &~ &'A' =E== E= EMerge&CemtEr - $ -0 0 A Condi
= Farmal
Clipboard Font [F] Alignment [F] Number [F]
H15 e fe
A B C D B [? G H
1 Replacement Internal Rate Set Calculations
2 (In 000's)
3
4
5 Assumptions:
6
7 Category example Office Complex
8 Acquisition price new $ 47,380
a Useful life (years) a
10 Target utilization (%) 50%
1 Half Life Year 2
12 Capital Repair / Rebuild Costs -$ 3,830
13 Insurance Rate 0.95%
14 Overhead recovery on new value 3.00% Salvage %
15 Salvage value S 9,576 20% 1
16
17
18 Year 1 2 3 4
19 Investment $ (47,880)
20 Ownership recovery 5 5 % 5 5 5 % 5
21 Capital Repair / Rebuild Costs § (3,830)
22 Insurance 5 (455) & (341) & (227) & (114)
23 Overhead recovery § (1436) § (1438) 5 (1436) § (1,436)
24 Salvage 9576
25
26 Cash flow 5 (49,766) § (5603) § (1658) § 8031
27
28 [irr -51%]

a
El

Figure 3-5. Template for individual asset caflbws calculations
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At this point, the IRR and ownership recovery satave not been determined and optimized.
Optimizationis thenperformedusing thesolveraddin availablein Microsoft Excebs dat a t at
The objective is to set the value of the IRR, in this case eqadixed valueof 7%, by changing

the ownership cost recovefiye., cell C20on the spreadsheet documjeiibhe model is nottinear,

and the optimization algorithm is GRG Nonlinedhe generalizedreduced gradient (GRG)

algorithm is a method for solving ndinear optimization problemsvith an implementation

available in common spreadsheet applicati®&esults are summarized in Tablg 3

Sobhver Parameters x
Set Objective: 5C528 2.5
To: ) Max ) Min (®) Value Of: 0.07

By Changing Variable Cells:

$C$2d [C ==
Subject to the Constraints:
Add
Change
Delete
Reset All
Load/5ave
Make Unconstrained Variables Mon-Negative
Select a Solving GRG Monlinear ~ Options
Method:

Solving Method

Select the GRG Monlinear engine far Solver Problems that are smooth nonlinear. Select the LP
Simplex engine for linear Solver Problems, and select the Evolutionary engine for Solver
problems that are non-smooth,

Figure 3-6. Solver parameters window
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IRR Template - Excel

Home Insert Page Layout Farmulas Review View Developer Q Tell me what yol
[h FI:' I:' Show Queries @ @ Connec.tions gl Y Clear E’-EI '_E' Flash Fill
DFrom Table L= Properties . Reapply A Remove Du
Get Bxternal  New Refresh o zl Sort Filter o )
Data = Query~ Dr Recent Sources All- Edit Links T;‘Ad\ranced Columns =& Data Validat
Get & Transform Connedions Sort & Filter [
H15 & Fe
A B T D E F G H
1 Replacement internal Rate Set Calculations
2 {In 000's)
3
4
5 Assumptions:
6
i) Category example Office Complex
8 Acquisition price new $ 47,880
g Useful life (years) a4
10 Target utilization (%) 50%
11 Half Life Year 2
12 Capital Repair / Rebuild Costs -5 3,830
13 Insurance Rate 0.95%
14 Overhead recovery on new value 3.00% Salvage %
15 Salvage value S 9,576 20% I
16
17
18 Year 1 2 3 4
19 Investment 5 (47.880)
20 Ownership recovery § 13772 B 13772 B 13772 % 13772
21 Capital Repair / Rebuild Costs § (3,830)
22 Insurance 5 (455) & (341) & (227) § (114)
23 Overhead recovery 5 (1,436) § (1,436) § (1,436) § (1,436)
24 Salvage $ 0476
25
26 Cash flow $ (35999) § 8164 H 12108 § 21798
27
28 [Irr 79%)|

Figure 3-7. Optimized results for casitow calculations

Table3-7. Verification ofcashflow analysisesults

Year 1 2 3 4
Investment $ (47,880)
Ownership recovery $ 13,772 $ 13,772 % 13,772 $ 13,772
Capital Repair / Rebuild Cost: $ (3,830)
Insurance $ (455) $ (341 3 (227) $ (114)
Overhead recovery $ (1436) $ (1436) $  (1,436) $ (1,436)
Salvage $ 9,576
Cashflows $ (35,999) $ 8,164 $ 12,108 $ 21,178
IRR 7%
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The results were then compared with the results obtained using the anéanmated calculations.
The resultdrom the template are identical to the omedwced bythe macro(Table 33). The
transactions performed by tineacro producedesultsthat wereequivalent to those produced by

thetemplateonce theparameters wereerified.

3.7 Conclusion

This chapterfocused orthe development of a methodology fmlculdaing cashkflows expected
during the economic life of neoperated pieces of equipmentO3P unique records were
analyzedwith 3914assetsonsideredor final analysisTheproposednethod ussamacroscript,
runon aspreadsheet documastntaining relevant records, perform the calculationsf net cash
flows for each asseatsinga fixed IRRfor its useful life IRR is afinancial analysisnd accounting
technique used tassess the suitability of investmendjects The validity d the proposed method
was verifiedby comparing themacroscriptderived results to calculations obtainesing an
alternative, much more laborious, procedse method was automateenabing the analysis of a

large number of assetapidly and accurately

38



Chapter 4. RESIDUAL VALUE ANALYSIS FOR

AUTOMOTIVE AND OPERATED EQUIPMENT

4.1 Introduction

Residual valueanalysis 6 equipment isan essentialcomponentof as®t managemenn any
construction firm Residual value analysis usually performed topromoe more accurate
generation of ratestimatedor rening out equipmento ongoingprojectsin the field Ideally,
values lower thamprevaiing marketsratesare obtained foleasing equipment timternal projects
or to other firmsHowever, die to economidownturnsexperienced globallin the recent past
hoully and daily rates forheavy constructiomquipment have beedecreasingResidual value
analysis is also performed to estimate fair market vabfesquipment during disposal or
acquisition of secondhandassetso avoid lossed astly, for administrative purposesuch aghe
execution of financial auditbook vdues forequipment and otherssetsnustbe edimated using

their markefprices toaccurately establish tHmancial position of a firm.

Accurate stimation of fair market pricepresents a challenge farany organizationgLucko,
2011) Fair market pricef equipments heavily influenced by number ofactors some of which
are constantly changindzactors include equipmemhake, model, year of manufacture, age,
service meter readings (mileage or hours of use), its physiocalition and location of s&
(Ponnaluryu2012) Macroeconomic factors u ¢ h  as @DPamdamaunt of ilvestment in
constructionalso play aconsiderableole in residual value estimateSonservative approaches
setthe residual/alue of equipmenrdit zerq assuming that thasset willbe scrapped at the end of

its life. This approach iaot idea) assome gains are usuakxpected to benade from the sahge
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of an assetOften equipment managers apply reH&f-thumb and historical knowledgef
equipment salet® estimateresidual valuegFan et al.2008) For instancean organization uses a
percentagealueo f t he e qui p noesttdrépresendt itsqnarkes grideatnonsages
in its economidife. A construction firm may also subscribethe services cfompanies that have
beenestablishedo provideperiodic appraisalsf equipment fleetsThese are mostlyuation firns,

which collecttheirinformation fromhistoricaltransactnsof equipment fleets

Operating conditions for a piece of equipment have dafgignt effect on its physical conditions

which in turn influences iteconomic lie. The conditions of operation are closely related to the
skills and care given by the machinebs operat
it is operated onA truck or haul unit that is overloaddor instancemay have a production rate

that is higher than average and lower cost of production per unit. This however comes at a cost of
increased breakdowngigher costs ofmaintenanceand premature aging of thenit and lower

market valuationGraders, trucks and other equipment working on an earthmoving project are
affected in a similar way byarying climatic and soil conditions such as stability of the stall

roads with low rolling resistanaisingfrom better surface drainage provided or well compacted
roadsresult in increased production and lower maintenance costsl@mdrmachine aging thus

higher equipment resale values.

A comparisonof residual values ofrack excavatorsand loaders, dozers anscrapers having
different condition ratings ranging from excelleflimited use) very good(above average
condition) good (average operating condition, may nesmmerepair or partsko fair (used

considerably, may require repair and pawas performedy Lucko (2003). It was found that
those categories of equipment lose more market value as their conditionsrdtgtein contrast,

backhoe loaders, integrated toolcarriers, wheehextors and loaders, graders appeared to lose
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less market value withettlining condition. A possible explanation for this observation could be
based on the different rates of utilization that the different types of equipment are expBsgd to.
frame truckswvas an exception in that it actually showed an increase in résalua when they
moved from very good to good conditions. Major overhauls and engine rebuilds that they undergo
at that stage of their economic lives is the most likely cause for their increase in value when

auctioned despite their advancing age and wiagjicondition.

Pricing and sales volumdor the most common types of earthmoving equipmenm also
influenced by seasonal changes. Prices in online equipment markets for crawler excavators, dozers
and wheel dozers have been shown to be higher during eumonths when construction
activities are the moswhile average price drops are experienced during the winter season
Equipment Watch (Equipment Watch, 2018he changes in demand at different times for these

types of equipment are the likely causestifier variation in prices.

Importantly,residual value iglistinctfrom depreciation of an assBtepreciation is a financial and
accounting concept that is calculated to determine the tax liability of an asset to its owner
(Nunnally, 2010).Depreciation redrs to the gradual decrease in valmeer time, from use ashe
equipmentgenerates revenue for its own8&pecific methodsfor calculating depreciabn have

been established, includirige straighiine method, reducing balance methadd the surof-
the-yearsdigits methodAt times depreciation is regularly charged as an expense applied against
the principal investment amount of the asbesome cases, several methods of depreciation can
be applied to the same asset, one for the purposes of regax@syand the other for calculating

its book valueln contrastresidual value is an essential part of the ownership cost of an asset that

is estimated for the purposes of maksaogindinvestment decisions by equipment managers.

41



Estimation of residual vak has been examined extensivelyiterature The earliest effort$or
estimaing equipment residuatalueswere made in the fields of agriculture and forestng
examined equipmentith similar characteristics those used ioonstruction(Reid and Badford
1983; Cross and Perr§995; Cross and Perr§996) Moststudies wergeared twardsthe use
of statisticaregressioranalysisof available equipmertatato determineequipmentesat values.
Ideas from thesgechniques were lateadapted forconstruction managememturposes [e.g.,

statistical methods applied by Luzkt al. (2006).

Improvements in computing hardware and softwaree allowed for the development of more
accurate and reliablenethodsfor estimating fair market prices of equipmefne of these
methods, dta mining and knowledge discovehas become increasingly popular as a result of
the growth of data volumes in ordinary databases in doreagisasealth sciences, astronomical
sciences marketing finance, manufacturing, telemmunications sports and ecommerce
(Fayyad et a). 1997) Performance of manual analysis onhé contets of such sources is
impractical Data analyzedare usually too lowlevel and high volume te@asily understand
Methods capable of converting large daets into useful information, in the form refpors or

predictive moded, is, therefore, desired

4.2 Objectives

This chapter aims to explore available techniques for determining equipment residual values and

their accuracy and fitness for use in a genet outside of the data mining environment. Several

data mining methods have been selected to achieve this objective. Fleet information comprised of

various equipment categories will be used to test the various methods and to validate the developed

tool.
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4.3 Data Sources and Preparation

Auction companies collect information from equipment sales that can be used to estimate
equipment market pricel this studyresults from auctions and resale of equipmenainous
categories were retrieved from the iael service Equipment WatchEquipment Watch2017),
which contairs records of transactions collected from market activity in the U.S, Canada,
Australia, Dubaiand South Africa oveseveral yea. Retrieveddata can besplit into various
categories of agpment based on the flegtformation present for valuationThis chaptemill

focus on a single type of thregiarter ton truckthe Chevrolet 2500 Silverado HAttributesin

the market value dathat were of interest were the year of manufacture, @gesical condition
based on mileage traveled or meter hour readings on the elogikgn atwhich the tansaction

took place, consumer price indaksalein the countryand selling price after adjustment for cost
of inflation. Datawere processeditough severatransformationstepsprior to input into data

mining toolsand techniques

First, market pices at salewere convertedfrom US dollars to Canadian dollarssing relevant
exchange rateg heequipmentigewasderived from thealifference betweethetransacion date
and year of manufacturdransaction type (e.g.,auction ora resalg@ were alsofiltered from
Equipnent Watch data Service meter reading were obtained andconveated from miles to
kilometes where requiredHeets were labeledwith appropriatghysical conditiorcriteria Then
the country where the transaction occurred, as well as the correspoodsgner price indes
in this country at the time of purchasktainedfrom the World Bank\(/orld Bank 2017, was

determinedAdjusiments toequipmenprices to account foinflation werealso performed
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4.3.1 Inflation Rate  Adjustments

Economic inflation refers to the increasee prices of goods and services duataoncreasdn

the supply of currency in circulation. An implicatiai inflation is thathe purchasing power of
currency is reduce@ndprices ofpreviouslyacquiredcommoditiesarecurrently priced higher, in
general, than in the paglones,1982) To allow for an accurate comparison of values over time,
adjustments to pdesto account for inflatiorirom year 1 to year 2an be made using Equation 4

1 (Lucko, 2003)

01 @O0 i WO — Eq. 4-1

WherePrice is any pricefor finished goods at a particular yeamd CPI is the consumer price

indexfor the goodsPrice andCP]; are the price for a truck in yeaand the CPI for commodities

in the same year Thetime against whichlatransactios will be indexeds the year2017, which

is represented by tr@nsumer price inde&Plz anaandPrice; while Price; andCPI; are fran the

transaction yeaForexampleCanadadés CPI in the year 2017 was
the year 2014 with a value of CAD $16,000 when the CPI in Canada was 0.9, to adjust the selling
price to the equivalent of 2017 dollars, the pricehaf truck will have to be multiplietly the

guotient of the two CPIs, i.e., 1.6 divided by 0.9. That would result in an adjusted price of CAD

$24,444for thatt r u tansacion

4.3.2 Labeling Market Data

Cluster analysis providesmaethod forassiging relatedobjects into predefinedategoris in an

objective mannerThere are automated ways of determgnclusterssuch asusing thek-means
algorithm Market data for equipmenteregrouped usinga manuatechniqueHere, groupings,

based on equipment serviogeter readings (i.e., mileage driven or hours of engine use), were
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suggested by thasset management teamth the assumption that service meter reaslican
provide ageneralindication of the physical condition of equipme@n average higher SMR
valuesindicate more usage which is likely to result in more wear and tear to the piece of equipment.
Physical condition classification criteffiar automotive(i.e., kilometeryand operated.€., engine

hour9 equipmentre detailed in Table-4.

Table4-1. Physical condition classification criteria fonarket values data

Condition Range Kilometerg Range EngineHours)
New / Rebuilt 0 0

Low Mileage 1¢ 10,000 1¢ 2,000
Used, With Warranty 10,00X 40,000 2,001¢ 5,000
Used, Without Warranty 40,00k 100,000 5,001 10,000
Old 100,00%k 140,000 10,00k 13,000 Hs
Scrap >140,001 >13,001

An example of market information after preparation is shown in TaBle 4

Table4-2. Sample market value information after processing

Year SMR Location Age Condition Consumer Adjusted
Price Index  Price (CAD)
2016 19.2 Michigan 1 Low Mileage 1.9 $66,926.25
2016 256 Pennsylvania 1 Low Mileage 1.9 $57,543.75
2017 32 Connecticut 0 Low Mileage 1.9 $61,599.15
2017 3.2 New York 0 Low Mileage 1.9 $67,122.00
2017 17.6 California 0 Low Mileage 1.9 $63,738.90
2017 8 Pennsylvania 0 Low Mileage 1.9 $63,613.35
2016 35.2 Texas 1 Low Mileage 1.9 $56,752.65
2015 47,492.80 Florida 2 Used,Without Warranty 1.9 $60,743.25
2015 17.6 California 2 Low Mileage 1.9 $47,248.65
2017 4.8 lllinois 0 Low Mileage 1.9 $58,441.50
2010 88,940.8 Nevada 3 Used, Without Warranty 15 $32,394.49
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4.3.3 Fleet Information

The second set of information westrieved f r om S AP, BRRsystemBrosgdara y 0 s
for extractingrequireddata were similar to those described in SectéB. Notably, afew
additionalcolumns were introduceadto the spreadshettmatch the asset data to the data model
expedationfor variableinput, whichwasgenerated fronthe analysisperformed previouslyThe

first step was to determirghe year of manufacturef each piece of equipmerhere, it was
assunmedthat each asset was purchased the sametyeas manufacturedTable 43 provides an

example of the data that was passed to the dalgs&ntools

Table4-3. Sample fleet information for valuation

Year of Manufacture Age Reading(Kilometersg
2006 11 11,040
2006 11 13,348
2016 1 25,608
2016 1 29,056
2016 1 450
2017 0 14,642
2017 0 6,053
2017 0 5,367
2017 0 500
2010 7 241,418

Attributescontainedn the training dataand adescription of eachis summarized in Table4

Table4-4. Attributes in market values dataset

Attribute Name Description DataType

Year Equipment moddD year of manufacture Numeric, Integer

ServiceMeter Mileage or equipmenéngine hours Numeric, Decimal

Reading

Location Province or state of transaon Alphanumeric

Age Equipment age, difference between year of Numerc, Integer
manufacture and transaction year

Condition Indicationof the physical status of equipment Alphanumeric

ConsumelPriceindex Consumer price indeir countryduringtransaction Numeric, Decimal

46



Adjusted Price Final sale price of equipmeirnt CADafter adjustment Numeric, Decimal
for inflation

Equipment fleetttributesrequirel as inputfor valuationarelisted inTable 45.

Table4-5. Full listing of required attributes in fleet dataset for equipment valuation

Attribute Name Description DataType

YeaOfManufacture Equipment modeD yearof manufacture Numeric, Integer

Age Equipment age, difference between year of manufactt Numeric, Integer
and transaction year

Reading Service meter reading for equipment, in kilometers,  Alphanumeric

miles, or engine hours

4.4  Methodology

Statistical (haching learning techniques are normally divided into two categpnsnely

supervisedand unsupervised learning methods.

Supervised learning problems involve two sets of data, one for iRpan@ another fooutput
(y). An algorithm isusedto developa function for mapping betweehesetwo sets of data

(Equation 42).

w Qw o ¢

The function for approximating values of the outptitizes cases that are known to tratime

mode| hence the term supervised learning. If the estimates developed are perceived to be
sufficient, the function cathen beapplied to estimate values from unknown cabesontrastjn
unsupervised learningxamples with existing solutions are not presented to the learning algorithm

prior to buildng a prediction model
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Supervised learninig further subdivided intéwo typesdepending on the type of output variable.
The first typeis aclassification problemwhere the output is a category (efipot,0 warmo o r
ficd g, @r also referred to asominal valuesThe second type is termed regg®n, where the
output is a continuous variable.g., heights or weighds Given that the presenproblem of
estimating fawmarket values of assetiealswith the prediction of real numbers,ragression
methodis consideredmost suitableBrief discussons of the learning algorithms applied in this

chapterare detailed as follows

4.4.1 k-Nearest Neighbor Algorithm

The knearesheighbor(kNN) algorithmbelongs to a group of algorithms known as insteresed
learning methods and one of the simplest maicke learning algorithmgAha etal., 1991) kNN
functions bystoring or memorizing all data it observes during trairasgexamplesWhenit is
predicing an unknown it identifies k (.e., a positive integgrtraining instances that are most
similar tothe unknown observationsing a distance masuresuch as the Euclidian distance or
Manhattan distance. If it is a classification probl&MN will assign a class to thenknownset of
data based on a majority vote of th@st commork-nearest training casek the case of a
regression problem, the new prediction will be based on a simple average -ofdieekt training

casesThe algorithm is illustrated iRigure4i 1.
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kNN example
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Figure 4-1. lllustration of the kNN Igiorithm

In Figure 41, for the askof classifying thegreen gar as either aed or blue dotwhena value of
k = 3is assume@asshown by the green outer cirpléhe kNN algorithm will assigthe green star

to thered dotgroup since it is closest toareredthan bluedots.

The Euclidian distance measure popularly used in most 4nearest neighbor algorithm

implementations. It has the following equation:

QofwDz B o obz Eq. 4- 3

Wherex; is the value ofthe predictor variable for the training pointi, andx; is the value ofthe

same predictor variabfer a testing point. d(x, X) is the distance between ttraining pointx and
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thetesting point. The number of k chosen is preferablyodd number to avoid the possibility of
having tiesin the number ofcommonneighbors Also, increasing the number of typically
increases the accuracy of the algorithm bttimes mayalso increasthe amountof error(i.e.,

thedifference betweeits predicted values an@luesof the actual observatiomsade.

Notably, KNN is a nomparametric learning algorithmndicating that it does not make any
assumptions about the underlying distributions of the data. This property of kNN and other non
paranetric algorithms can be useful for analyzing #ifal data sets, as many practical cases do

not follow any theoretical assumptions.

4.4.2 Random Forest Algorithm

The random forest algorithriBreiman 2001) belongs toa category of classifiers known as
ensemblemethods. Ensemble learniigchniqueswork by combiningthe results ofseveral
learning methods to increase the accuracy of classificaticggoessioranalysis Random forest
createsiumerougliecision tree modefsom the same data based on random featselected from
it. Every time a splifi.e., branch pointdf the tree is considered, a randsuoiset of predictors
typically the square root of the totalbmber of predictorsare chosen from the entire set of
availablepredictor variablesThear predcted resultsare averaged a majority voteis taken to

obtain a final estimate for regressionctassification exercisg respectively

The random forest algorithm uses a bagdewhnique, whera random sample of dais taken
from the entire set ahclassifiersare builtseveral time. Thechosersamples are replacedhere

certain samples may be chosen multiple tinBzgyging reduces variance of the moadehich is

the amount the model 6s predicted valtfwoemac hange
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different training data set (James et a013). Hgh varianceindicatesthat the predicted value
would experienceconsiderable changes frosmall changes irthe training set Conversely,a
model with low variancas more flexible andwill expelience negligibledifferences While
bagging reduces variance of the model, it doeshsle ensuring that bias remains consistBids
refers to the error that is introduced to a compteatlife modelwhen it isestimaed usingan
oversimplifiedmodel.For example, if a model isuilt using a linear regression algorithm when
in reality, it is nontlinear in natureTherandom foresalgorithmselectsa random subset of features
eachtime asplitis consideredvhen buildingthe decision treesThe concep behind this method
is to ensure that built tredgfer sufficientlyfrom each othetherebyensuimg thatstrong predictor
variables in the data set do not domintle model.Ultimately, his procesgprevents the trees

from becomingcorrelaedand inturn, increases reliability of the results

4.4.3 Artificial Neural Network Algorithm

The neural network algorithm is a machine learning technique that mimics the simplified working
of the neural network in the brain. A biological neural network is compdsadaoge number of
cells known as neurondnterconnectedeuronscreate a communications netwpmeceiving
inputs and signaling appropriate outpwBowing the brain taeceive,processand respond to
information (ShalexShwartz and Beiavid, 2014).An artificial neural network is modeled after
this concept It is comprisedof directed graphs with nodes representing neuraits edges
corresponding to links between theand withopetionsoccurringin parallel.An example of a

single neuron in aartificial neural network is illustrated fRigure 42.
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Figure 4-2. A single neuron / perceptron

A neurontypically receives one or more inputs from other nodes and calculates an output based
onthese inpwt Each of the inputs has associatedveight(w) thatdepend on its importance to

other inputsin the network.A biasterm (b) is added tceachinput to avoid a situatiowhere
weightsare multiplied byzerotherebynullifying the results The node nexpasses the weighted
sums of the inputs to a function known as the activation functibich combinesthe weighed

sums of inputdo produce an output as shownEquation4-4. The output ishencompared to a
known label and themo d eweightés are adgted &cordingly This process is repeated until a

maximum number gbredefinedterationsarereached or ancceptablerror rate is achieved.

®» Qv ® U O Eq.4-4

A neural network is created bpmbiningseveral neurons together in layers. The first |dgrywn

as the input layeiis designed toeceiveinputs from the feanes ofthe data. Thdast layer, the
output layeyprovides theoutputs or results. Theraaybe one or more layers in betwe&nown

as hidden layersvhich do notinteract directly with the input features or outputs of the model.
Rather, the hidden laygperform computations and transfer information from the input nodes to
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the output nodes. A neural network with more than one hidden layer is known as a multilayer

perceptron.

Hidden

Input
Output

Figure 4-3. An artificial neural network/ multilayer perceptron

4.4.4 Linear Regression Algorithm

Thesimplelinearregressioralgorithmis a supervised learning methtithtis used tadetermingf

a relationshipexistsbetween two variablemamely anindependenfalso known as a prediajo
variableandadependenfalso known aaresponsgvariable The relationship is said to be positive
if an increase in the independent variablassociated withn increase in the dependent variable.
If the relationship is1egativean increase in thindependentariableis associated withr@duction

in the dependentvariable An example of a simple linear regression with two variables,
independent variable X and dependent variabigith a positive relationshig shown in Figure

4-4.
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Simple Linear Regression

= Prediction ®
® Training data

Figure 4-4. An example of a simple linear regression

The above relationship can be expressed mathematirsatly Equation 4.

) Eq. 4-5

Wherebo a n d refresent the-intercept and slope of the linear madekpectivelyandy is the
dependent variableand X is the independent variable. Togetbeand b, are knownas the
coefficients of the linear moddfor each set of training data, they are produced and used to make
predictions based on particular values of the independent varfdi@ecoefficients of the model

are estimatedothat differences between the fitkne and all pointareminimized.This approach

is called the least squamethod and is the most commiamear regressioapproachNotably,a

linear regresionanalysiswith more than one predictoariable is referred to as a multiglaear

regres®n analysis.
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45 Model Generation

Transaction datavere obtainedand prepar prior to the application of theariousdata mining
methods The extracted market value information from Equipmafatich after preparatiorhad

3895 instances of unique aucticarsd resales recordBhe values were filtered based on mileage

and price taobtaina more representative setdatafor fleet valuationas suggested by the asset
management team i n the i fMrdngastionr exaeédingp$®d00torner 6 s
mileage exceeding00000km were excludedbecause the fle@t existence had a majority of its

trucks, over 85%, with mileages of less than 200 000 km and average market prices for a standard
truck was less than $70 Q0bhis reduced the amount of records machine learning algorithm

trainingto 1 809 records.

Relationships between each independent and dependent valtiastieated in Figures-8 to 48,

were examined for correlatism s i ng t he P e acoaffciendéThe btue line aclosst i o n
ead plot is the regression line of fit for a pair of variables. The red band around each line represents
a 95% confidence interval for the fitted line to account for uncertainty on eachvpbist
prediction lying on the lineA strong negative correlatiowas observed between truck mileage

and price (Figure-%) and tuck year and price (Figure@), indicating that when age or mileage
increass, the purchaseprice decreases$n contrast, a strong, positive correlation was observed
between year of manufactu and truck price (Figure-4), indicating that as the year of
manufacture increases (i.e., a newer truck), the purchase price will in€easamer price index

during the year of purchasmly weaklycorrelate with purchase price (Figure8). Due tothe

large proportion ofJS transactions in 2017 in the data setpasiderable number of data points

with aconsumer price indesf 1.9 were observed.

55



50000 1

250004

(Qwo) soud pajsnipy

60000

40000
20000

50000 100000 150000 200000

0

15 20

0

1

Age (Years)

Service Meter Reading (KMs)

Figure 4-5. Truck mleagevs. price

Figure 4-6. Truck age (years)ys price

0.39,p <2216

*
r=

L ]
0.86,p <2.2e 16

r

60000

20000

o
=]
=]
=]
=+

(awo) aaud pajsnipy

600004

— 400001
20000

awo) 20ud pajsnipy

05 20

2005 2010 2015
Year Of Manufacture

2000

19085

Caonsumer Price Index

Figure 4-8. Consumer price indews price

Figure 4-7. Truck year of manufacturgsprice

56



The correlation scorewe summarized in Tab#e6. The correlation between year of manufacture
and purchaseprice isstrongest at 86.46% while that betweeronsumer price indeat sale and

market price isveakestt 38.94%.

Table4-6. Correlation scores betweersponsémarket priceland predictor variables

Predictor CorrelationScore
Adjusted Price (CAD) 1.0000
Year 0.8646
Consumer price index 0.38%

Age -0.8077
Service Meter Reading -0.809D

General marketrendswereidentifiedfrom a scatter plot of the dawth outliersremowed Here,
truck mileage was plotted agatpurchase price (adjusted for inflation), and variocol®rs

representingnileage rangesavded were assigned to each data point (Figu8).4
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Figure 4-9. A scatterplot of truck mileage vs price after adjustment for inflation

57



Figure 49 indicates that a majority @¢fucks s ol d ar escrd apei (i &a. as> Al
Table 41) and areeady for salvagel'he uppemileagelimits for typical trucksranged upwards

of 800000km and prices exteratlto an excess dd800000. These results suggest that the market

may prefer to retain trucker longerperiodsdue tothe uravailability of funds to invest in new
trucksand/or thatrucks aregenerally quitedurable Notably, these data do not consider whether

or not a truck underwent extensive repair or maintenance during their life (e.qg., rtgiihe)

Following this the four different sets of algorithmdetailed in Section 6.4ere appliedo the
regression analysesnd comparedlo assist with the selection of the algorithm that produces the
best model, 40-fold cross validation scheme wamployedduringthe analysis.In this scheme,
data are divided intten partsIn each run, nine partreused for fittingobservations tthe data
model| and onepart isused for testing. This i®peateden times such that each point in the set is
appled for both training and testing the data modéle output ofthis crossvalidation exercise

can be used asmeasuref thereliability of ana | g o r predictionpesformance.

4.6 Results

Several metrics were used agsesshe accuracy of the modelengerated by the data mining

algorithms Metricsare summarized as follows:

1 R Squared. The performance of thevarious analysis techniquesan be evaluateby
comparing theR?, or correlation coefficienvalug of the results Values of R range
between 0% rad 1006, where0% implies that none of the differences in the observed
variability areexplained by the data model and 100%pliesall variability is explained

by the model
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Y i fo0Hl e Eq. 4-6

1 Mean Square Error (MSE). The MSE average the squared differensebetween the
actual observationandthea | gor i t h mdaues¢Esuatiom4r}y. eoder MSE

values imply a model is more reliable.

- 3% - ® @ Eq. 4- 7

Wherey; is the actual observation aritl is its predicted valueandi is a particular

observation and is the total number of observatians

1 Root Mean Square Error (RMSE). The square root of the MSE taken to returnthe
measure to the same units as the observed variblaes, this ighe price of equipment in

Canadian dollars.

2-3% - W wh Eq. 4-8

1 Mean Absolute Error . The MAE computes the average of the absolute values of the
differences between the actual observations made and the estimated h@ahersMAE

valuesindicate a more reliablesult

-1 % -B 9 s Eq. 41 9

Results obtained usirtgefour algorithmsare detailed as follows
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4.6.1 k-Nearest Neighbors
The kNNalgorithm wa appliedto the dataset for regression. The numbereaghbors to ansider
(k) was altered from 1 to 1Between runsand model performance was evaluafdsults of the

analysis with outliers removedare summarized in Table4

Increasing the number of neighbors impietree overall accuracy of the algorithaccuracywas
39.87% when k= 1 andimproved steadily untilit reached48.03%when k = 8 Slight reductions
were observed for values of k = 9 and k =Tli@e model version that provided the best explanation
of the observedvariability between observed and the potell prices was the model that
considered 8 neighbors present. This version was associated \WMiSHBof 9 740.97 implying
thatthe average variation between actual and predicted truck market ywase® 740.91(in

CAD).
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Table4-7. Results from the kNN algorithwith 10-fold cross validation

k=1 k=2 k=3 k=4 k=5 k=6 k=7 k=38 k=9 k=10
n 1,809 1,809 1,809 1,809 1,809 1,809 1,809 1,809 1,809 1,809
R 0.3987 0.4374 0.4682 0.4728 0.4781 04786 0.4768 0.4803 0.4744 0.4677

Std. Dev.  0.2467 0.2316 0.2324 0.2274  0.2143 0.2126 0.2168 0.2166  0.2236  0.2283

RMSE 10,580.72 10,181.72 9,919.09 9,787.39 9,721.00 9,709.16 9,760.12 9,740.91 9,764.17 9,783.86

9.84 x
10

9.53x 9.57x

958x10" 945x 10 943x10 953x10 949x 10 10 10

MSE 112x 1¢ 1.04x 16

MAE 6,359.09 7,035.57 7,017.84 6,951.92 6,934.38 6,927.36 6,958.73 6,938.83 6,965.10 7,000.99
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4.6.2 Random Forest
The random forest algorithmasrun with aseedparametesetwith avalueo f 6 .2AGded i6
necessaryo ensure results aeterministic(i.e., replicablg across multiple rund'he number of

trees to be built was set to 588 recommended (8tack Overflon(Stack Qverflow, 2018).

Table4-8. Results from the Random forest algorithith 10-fold cross validation

With Qutliers Without Qutliers
n 3,895 1,809
R 0.8145 0.7994
Std. Dev. 0.1756 0.0896
RMSE 24,717.67 5,752.74
MSE 6.11 x 16 331x10
MAE 8,846.49 4,075.27

From the results, the algorithm hasaverageaccuracy 081.45%, which isgreatetthanthe kNN
al g or bestlasd.es, k=8) The RMSE is 2417.67 indicating thathe average difference
between the actual and estimated market prices for the trucks T4 3B¥CAD prior to outlier
removal Once outliers were removed)etaverageaccuracy of the algorithrwas reduced to
79.94%6. This may, irpart, be attributable to a reduction in the numbdraihing and test cases
following outlier removal. This results in thHmiilding of a lowernumberof trees reducing the
opportunity for pattern identificatior his result also indicates thtdterandan forest algorithm is
less affected by outliers in the dataset. This is most likely because the algorittanbuitisn
crossvalidation mechanismOverall, differences between the observed vabfesuck market
pricesand those predicted by th@ndomforest algorithnmodelthatcan be explained is 81.45%
with outliers in the dataset and 79.94% when outliers are remdvethbly, the RMSE

significantly improves to a value of $%2.74 when outliers are removed from the dataset.
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4.6.3 Artificial Neural Network

An artificial neural networkvasused tdbuild a regression analysisodelbased on market value
data for trucks. A 1fold cross validation was performeavhich yielded certain optimal
parameters for the data mod&he model containedne hidden layeand thenumber ofneurons
insidewas set to 2@s recommended by Stack Exchange (Stack Exchange, Abis8)epresents
half of the number of attributes buittternally(i.e., 4 attributes plus an extra 52 dummy locations
added as columns in the datagles 1) and is equivalent tthe result of annteger division of 57
ard 2. The learning rate parametemsset toGconstanbimplying that the weight®f the inputs
shouldbe updated by the same value at initializatidinis isusually set to a step of(D1 The
next parameter is th@aximum number of iterationsvhich wasset to 500. Thisndicatesthat

each pointrecordshould be use800 timesn the analgis.

Table4-9. Results from the neural network afghm with 10fold cross validation

With outliers Without outliers

n 3,895 1,809

R 0.0131 0.4755
Std. Dev. 0.0415 0.2259
RMSE 68,630.28 9,563.51
MSE 4.71 %18 9.15 x 10
MAE 34,395.08 6968.06

The correlation coefficient with outliers includedtime dataset i4.31% and 47.55% when the
outliers are excluded’he magnitude of the improvement demonstr#ttes the artificial neural
network model is quite sensitive to outligmnghe dataseFurther supporting this observations are
findings that he RMSE is 68630.28and 9563.51with and without outliers, respectivel®n
average the optimizedneural networkmodelhas a difference of #%63.51CAD between the

estimated and actual market prices for the trucks.
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4.6.4 Multi -linear Regression  Algorithm

A multilinear regressionanalysis was performed wittihe year of manufacture, service meter
reading, age, locatigandconsumer price indeat saleas predictor variable§ he adjusted price
after inflation was taken as the response variable. Analyseswoaptetedoefore and aftesutlier

removal

Table4-10. Results from multiple linear regression analysith 10-fold cross validation

With outliers Without outliers

n 3,895 1,809

R 0.4230 0.7025

Std. Dev. 0.1651 0.1271
RMSE 47,552.85 7,033.73
MSE 2.26 x 16 4.95 x 10
MAE 27,015.32 5,307.56

The correlation coefficient is 42.30% with outliers in the dataset and 70.25% when they are
removedThe RMSE before removal of outliers is $852.85CAD, which deceases t&7033.73
CAD when outliers are exclude@hile this value is greater than those obtained usingattdom
forest algorithmit is lowerthan the values observading thek-nearest neighb@nd the artificial
neural networlalgorithm.As with thelinear regression model, thesgorithmdemonstratedhigh

sensitivty to outliersin thedataset

From the above comparisons, the random forest algovithsrfound to have tHeest performance

for producing data models for the market value informationiaa.

4.7 Model Testing

The last proceswas toutilize the data mining algorithnassesmentto perform a prediction of

market prices of trucks The linear regression algorittine  mwad edlected for two main

64



reasons (1) it is straightforward to interpteand (2)it provided relatively accurateesults.
Furthermore,ts coefficients can be stored in a flat file or a relational database and later used to
estimate market prices of assets without havinggfib data A standalone scientific computing

tool, R, for data miningvas used t@btainlinear regression model coefficients from the dataset

As a verification step, secondset of programsvas developedising Python and its libraries for

Machine Learningto assistvith data model generatioResultsare as follows

Table4-11. Results of multiple linear regression analysfis t r uc k' s daamadddt val ues?o

PredictorVariable R Python (scikitlearn)
n 1,809 1,809
Fit-intercept -6.53x 10° -6.53x10°
Y earof Manufacture 3,275 3,274.67
Service Meter Reading -0.07174 -0.07
Location -5,482 -8,438.33
Age 1,154 1,153.63
Consumer price indext sale -12,960 -12,963.91
R 0.8388 0.8388
p-value <22x10%°

Accuracy of the analysiwas found to b&.8388 indicatingthat the data model produced can

account for 83.88% dhe variation between observadd predictedalues Also, ap-valueof less

than 2.2 x 18° demonstrateshat the results are statistically significatd thatthe predictor

varialles (.e.,y ear of manuf act u rloeationbfrsalearid @muakogsemer mi | e a

price indey are significantly and linearlgorrelatedwith the response variab{ee., truck price)

These were applied to spreadsheaiocument andlater on aweb-based toglto calculate the

market value of a fleet of vehicles with an equasonilar to Equation 4L0:
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Eq. 4- 10

With the above structure in place, it is possible to perform \vialuaf a single truck oan entire
fleet ofthat truck modeata companyFor instancefitting sample market value data to a multiple

linear regressionurveyieldedthe linear modediescribed in Equation-21.
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Confidence iterval estimation in statistics is used to calculate the likely valuas ainknown
population variable such as the mean or variance using sampleéCdafalence intervalfor a
variable X can generally be definedRg | OX Ou } = .Cdnfdénte inteyakand errors
for predictions made by the linear model were also calculated ssitigtical equations defined
by Liu (2010) and applied im frameworkproposedby Mohsenijam etal., (2016) that was
proposed to quantify the uncertainty pointvalue eimatesderivedfrom the multiple linear

regressiommodel An estimatel point-values confidence interval is defined by equationl.

66



® o i &0 Eq 4-12

whereRis the regression modslpoint predictiont/ ki 1)is the Fdistribution with significance

of U (degrrikil.6.eisthaerea dimstandao errorebtained from the training

data and determined by equatiorl3.

. 0O Oh ® Eq 4-13

where, resrepresents the residual standard deviation which can be calculatgddtyon 4 15.
[x0] is an array of input variables in the form [L1o1 ¥ o] whose confidence interval of its
multiple linear regression model output is going to be establighisdthe matrix with input data
as shown by equation-414, hasn rows(n is the number of observations) and 1 columns kK is
the number of predictor vatdles involved in the regression analys8SHn the residual standard

deviation calculation is the sum of square errors represented by equatién 4

p w 8 w
~ P ® 8

p w 8 w
. Y'YO o

¢ Q p ® pU
YYO W W o po
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Figure 410illustrates howthe market value of 2016ChevroletSilverado¥s tontruckis estimated

to change over various mile ranges
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$35,000.00

$30,000.00

2017 Chevrolet Silverad8,/ 4 ton Truck
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Figure 4-10. 2017 model3/4 ton truck- Chevrolet Silverado, k2500 HD

According to the linear modehis truck would cost $8957.90 CAD new and $8 24055 afterit

has traveled 1000 km. The rate of depreciatios modest, with the market value of the truck

estimded to be$38197.57 CAD after having travelethetween 10000 and 150000 kmd the

point at which the truck loses its warranyhen it is ready for salvagei . e . Q00km), ti20 O

market price is estimated to $84 61080 CAD. Notably, the consumer prie indexof 1.6 is

applied for inflation adjustmentsithin the province of Alberten Canadan 2017

Lastly, the valuation of an entire fleet of truc&suld be performed using amline systemsuch

as the one illustrated in Figuredl4 and 412.First, the market value filandthefleet information

file, bothin CSV format along with theconsumer price indeixformation for a regiomreinput
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Figure 4-11. Valuation of truck fleetSample inputs

The autput of the process thecoefficientsgeneratedrom fitting the data to a linear regression
modelas well as the applicatiasf the linear modeto estimate thenarket prices for the fleet of
trucks provided in the input filé& 95% confidence intervas calculated for thestimates and the

prediction error is given for each point value given.
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Figure 4-12. Valuation of trucks fleet, sample output

4.8 Verification

Verification of theprices fora similartruck from an independergourceyields price ranges that
arecloseto the estimated valugghe price estimatesom the linear moddbr an entry levelear
2017modelof the truckis CAD $48,957.90 (USD $37,951.8&)an exchange rate of CAD $1.29

to theUSD. At a95%level of confidence the errdor the point prediction made establishedo

be CAD +$1,827.54JSD £$ 1,416.7pwhich means thahe range for the actual market prices

lies between CAD$47,130.36 and$50,785.44 ffom USD $36,535.16 t0$39368.59. A
comparison of prices frolelleyBlueBo ok, @At he most trusted aut omo
and the i ndustgvesaMSRR @arketsyggestdd 0egai) prijcef USD $36,885

(CAD $47,581.65)s show in figure 43. This price lieswithin the predicted interval of the

estimated price.
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Figure 4-13. Price comparison for the 2017 model of the 3/4 ton truck from a standard valuation site, Kelly Blue Book

Members of theasset managementate wereasked toexaminethe valuation resultsTeam

members indicated that, based on their experiences, the results appeared reasonable

4.9 Conclu sion

A study of market value informatiooollected from auction and resale transaction®North
American and dher international markets was performBata from one category of trucks was
examined foanalysis withvariousdata mining algorithm®ata wereclearedandcombined with
othermacreeconomic informationo predictmarket valus of existing flees in anorganization

Results were found to beccuratein two of four algorithmstested The multilinear regression
analysis technique was prefertegcause it is easier to interpritirly accurateand can be used in

tools outside of data mining environmef¢sg., spreadsheets). Future work should examine the
application of the random forest algorithm to estimate market values due to its increased accuracy

and faster performance.
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