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ABSTRACT

Af |l eet manageamerett LoyWstceomput ati onal routine
with the médi sopwvi pdhhoevleé @t bokati on problem (T
controlling the dispatch system of a fleet. I
responsi bl e for,aodl cebastpegjndethdi bgst possi
shovels and otheachitcdhwee pe oeqgueit pment argets whi

operational constraints.

Due to the nature of thiedatraovbollevne d,t hteh e aurngi

of each mining site, the computational i mita
activexystthg research work and commercial so
the probabilistic variationa Bnptheooatcalul atdi

oper atmos ttfthef padaadmeitsd d encgi-sarkodnng . prMTdic sshruman ag
ulti mately resgonbabl ehéofl eaber bestr pessabeée
However, since the dispatch operator is a hum
sol uti omwusmadauleatteod f actorexpeahdammenxipeati ienrc es k
among others.

To provide a solution for this prohlem, a
which discusses a different solution process
Researmnahc hdenmade ni ng technigues to evaluate best
opti mal-mdkechgi bar a variety off hdad speart tcdninmo peac an
opt icmalr se fodr axxctdetn of opeapatieobnalal cowmdicobimen §

deci si.on made

To date, there is no algorithm, either fro
avail able in any software package, that can o
Ther etfhoer es,et of steps, |l ogic and reasoning des

mi |l estone in thehawmel ysalil totolartdbgh pnobékgemti on
artificial intael thgemcei hgchkyistees. Ul ti mat el
to provide a smarts ttmowolcotmpadies aatdc e vap airadteonrnt h

deci sions in thet rcuocnkt ian u ooucsa tpiroonc easnsd odfi spat chi
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CHAPTER 1.
| NTRODUCTI ON

Compared to other industr-iasenmimengpesaprtr
constant condition of wvariability and wuncerta
process. One of these steps,ofhitdtel yni :me mgi tciownda
the process of fleet management. Ofamne@n consi d

di spatc&ssigwghsks to | oading, hapl[ingR.@B,d] serv
[ 3.9 b, 3 b,7Tk,3]it aims to find the best eiotshsarbl e a
minimize transportation clog[tésevjotrhnemasi mhonenbpr o
equi psnuebnjtect to mul tiple operatidna]pcoroessainaog
faciof eedesate [ E@qmeceaeint 86] avaidl £BRRI7tfy ons

[ 5, bper at or sdaldemare sk 8, pR.&imong ot her s.

Al t hough the AlARddernrn Masmrameonfent Systemd i s o
mi ni ng operations (inc3)ldiing camalbeopmgemacaptt umil

to underground operations si(n)ai boshageenaft i b

all ocation problem: (1) | oading equipment ass
truck all ocation.

Whil e in underground operations the transp
possi ble paths from t he [llogaldhirnogu gsho uracrep st,o da idf
crosscuts), open pit operations represent a m
source points (high & | ow grade ore and waste
dumps, stockpilesuscpoashiebl eepaths nhomearrive |
condi[tzalmeh seven communifeigdgti on i nterference

1. A.Review of Fl eet OMeaemraddmdmtr ySyst ems

Froamptimization and mat hematical solution
working since the 1960s in ways devebtomuhgt e,
algorithms able to ftibrhde tqlue stie tn Pd s Fiiwthleag ea rsh

now?0, considering both cowdideitemsmi nfisYyiwhemr



[ 2[13,Tph,.TV.2]and (ii) if some vari dgB[84pbBfEI3]Jow a
Howevweea ,t d the major complexities ofmashte ofr obl
the exmpktemgnt ati olnisnaari ecevdehobambeywsr kar oun
the I mpression3,9scostbahashiecprypyblem can stil]l

|l inear. dal vesr § or this reason that most comput

Ol sonés (1986) methodol ogy as a baseline for
capabilities using dif-bengnat aappwye 8Ad md g c faintdm
Gamache (20b@Ga8pdtooodseions stpa@gedbidn t he f ol
Nonet hel ess a$alclustelde owmontkhewsystem only, entir

t he human agent (dispatcher) who wultimately m

To have a betttehper omd @ems twanadviamg ofo addr ess,
under st and -shhoow etlh ea ltlrouccakt i on pr oebpemo adiSAL) hd as
| a4t years. This progreisst oepearivedfopuresitgn st d
signinfiilcecasnttones. Before the 1980kaséerat wempt s
i mpl ementbasoentp ustyesst ems t o solve truck &Il ocati

t hat an i mplementable solution was proposed

(1) bElge mtihmgddrreet managemamt eJd Whth eéms and
J.OIPson present-eds ¢ thedi s patrepatl suga bseyusttheene t o
problem bypdoeawnsd wg wegmppes, stagéngol beesaol v
progr aanmad nNlgower stage t o compudyenanmec tpruocgkr aanhnh
With minor modifications, the optimization al
mi ni mi ze rehandle and meett itmae plrarntk fde esg att &

for concurrent [®Bdrating objectives

Ever since, other authors discussed the pr
scenari os, l i kg 58%hwmii ntetodalced( Th&9)concept of
a descriptive approgsbi@hoondjemm@gsehoalewo( k99
all ow the determination of |ive dispatching,
a negative deviation constraint, ar Hsohwewelr ,br
the most noticeabperddadcius sl 98| nylicddi € Sdme red
a nporneempti ve goal programming approach, di sce

2



the same time without a specific priority on
of the production t artgh@tsstnhpern @ btl ken d e mayu alt i toyn
considered par ament egresneasalf.i xed val ues

(2) The second milestone wals6]swehto bpr Ap ag e &
more complex and mat hematicaplghtamrdeacts tamppr ,m
that the t rpucoks esissepppaccha mtg on. 6 het BEgpt psesént ¢

three (3) strategies to |l et the system find t
resources, al-tsouwikdwolwov alss,t &awhaelmyes itshe system co
truck for multiple shovels, multiple trucks f
ti.me

Anot her i mportant contribution to [t5h7e] fi el
with one of the earliest introtdarhtei pmrs bafbidti &
nat utr eraufck utili zation parameter and the prob
Gaussian diashawwboaestoai hed probl em. Few ot her
in this period, including slhancedhedigdisgiiang ubye
et [&nd the evaluation of i mplementing genetic
by He[ 28]badlt.h in 2010, stil!] encl osed within t

Qrope6é&hd the strategies pr@oOp[dee]d by Al ari e anc

(3) The third mil estodd e brooer sagtasosvgiio nddesv etl co paeldl
bet welelnhd 2Ba¥v could be called the current eng
systems, starting witWetlkeea wodk Al8GRitbomgGERU
preséentedet ai lar etaiemd gpeeurldtoidf t ruck di spatching s
McLaughl in.miéegnerdoadtlesetwas formul ated as a MIL
function of nmaxipmiezsNePnp f viab-ewesimoplt ans.

Most of the future work wowldeenbetbenspdewve
f or mudfeotri mmew case studies and undibsbcgws ssead ecdo n
the dynamic programming section|[6&f6]Whcodorepamat i
mu lotbij ecti ve optimization technufgdms bowrabssome
met hodlon ogotnatorsatstaut hors who addressed the sto

anfdocusedi oimetytae eds paropmdt eamd Ramai&@hpubl i sh
3
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alysis on the stochastic nature of the main
r-a mine in Western Australia, concluding t|
r tiweotvredclka!l | owlaitwdosn pprreovbilceurs,l y suspected b
idence from the field tests.

Anotihnepror t ant cont rHabsuhtzimwn Svaa & ado2zaégnjdby n 2 0
al uati ngt aadida $£tiiommad ondartriiovnasl sf,o rwatirtuicnkg ,i nltoear
mping times in theca®dzl)er gsuthu a&\.p plephadiaiey( 220n1d6 )/
B¢formul ated the problem by cemkkeiempng veal Igota
ogramming approach, i ncluding a normali zat.i

i chonwascritical condition closely evaluated

One atppemakated to the goal programmi ng mo
n 288B71 sessmobijiecti ve opt ifroidrian(diowni dvihalr eg d dle
al thatghd i ghti npishesf aoe Ohwali dree ftelwe pwdil g lttat
B di 6199 s exdaxhh2mdehsdal | goal s were e gqpalr tiam c)
ny other approaches have been evaluated by
ailable techniquevs tihn mogled a tisiruaenhd  ef@enshersmgredr|s |
ogr ammliingeamomraongdloammipm@gr asnai ngi o ustzryat egi
near prdoigsrearveetnen g s i amud agtei noentsi veh iad hg oa d d rhensss, e d

fferent conditions and scenarios but wi t h n

(4) The fourth and | ast noticeab396] milesto
esented one of the first applications of ma
e of an artificial neur al net work (ANN) to
the training data botl bdghbi ghtengat hepamp
teorological features and how they i mpact t
i ng statisti esshavoelevalllucactaet itohre pirraubclkem ( TSA)
techni guegs tihmtamnsadst ibvigi Wwewabse actinsel olrs@gsi ¢ a | r
this area of research. Nonetheless, from t
rk was conducted, | o0RebBakhOpatviami aadi2dd IBMmR O
4]or-dtelpe hi @ n aolpyesriasi nmfnrattilae nt i es nt egehe stoch
ogramming model devel opeNasdab]Aaflrsaop oiln ,2 0Tlad.e

4



N

02B)aek andae¢edi deep neur al net works (DNN) to
trdthaakul age systems, | ittle outside the scope o

production planning with the dispatch dat a.

The | ast two and probably most i mportant p
202tlh,e fbysMobhashBamsi Mabadeladffli &d e ctaidmed ea
constrained goal progr-amechi ol &gpn vaeclprwlibd reanss
di scusmnxddndi hgpl e met hods t o appreyn sn oornmad | i0zbg teic
functions, goal weighting and the i mportance
Theecwndk was publaitselwdhrd r mo Moms-BahiamabdMdyr zAsk a
Nasab and 3®Ilirzdaceh di scussedmethleofgpsgiooarli toyp ta nmd z
and how it has a significant influence on the
grade and truck fuel consumpti on. Il n both <cas

not offer a concl esiapepl seldufioonat hatasesl d b
1. Research Scope

From the dispatcher perspective, the Fleet
that reteimees nfealmati on from each el ement t ha
n schematic environment thawellepaegepodossilhlee

a
destination (ore stockpiles and waste dumps)

are on dtihdagtlea ynaame mati c al model salbvhextrack i
a

Il l ocation problemggarradybgthée caalkcul ati on

|l f we evaluate the background and expertis
often related to the operati onand OQpeereat ieognusi p
Researcéal ®Red positions, therefoobasignering il
calcul ated, to the extent of wusing the softwa
[ 1L.1]Depending on the expertise of the dispatct
system can be usedntdrruwcerk aa sssiingon nee ndti stpdoaly wi t h
wor k, to -amt iompienersettfuck all ocator that requi.l

di spatch operator.



However, the dispatch system is not abl e t
the system works based on snapshots of the mi
destinations, truck current amgflshgnmamtthandal o
environment al conditions) and runs every ti me

operati onal parameters i n t hae cfoirgllBdp,pMtyhe sy st

| f otpheer agaroamdt ers are not updated and do n
being computed but incl ddichmeg as i natan@it eonfs nd e mo
algorithm is not run every time a truck requi
outcomes such-tasucikeklded hanwe|]| gysasm enif t ankononesy u
rerouting in travel paths (someti me[sQ9bacduse
ulti mately overflow of arbitrary destinations

systematic and 3d3yy@ammansohbhtut oboni ssues al so pl

system performance, presenting complications
di spatcher, or i f tditieh ewh obleec asuysset eoni gwoeeast hoefrf Icio
communications infrastructure failure.

Anot her important fl aw, ofOReel iagedr agppiroad
the broken Iink between the |live prodyction (
al so known as | imiting constraints)tangrekent

compl etion of the production targets over a t
if the sytstedghkis andehe di scretion of the dis|
cumulpatoedducti on, destination priorities and f|I
produced at the whariad stthlee sstleitdedri tohrse ddbiyesrp at ¢ h e
l' i kely to have a phmagroirtit isdotdfv &b uicekesal hgc ahe
trucks operating with a mii[nl,8juarh wadylse atiimmen gf ofro

mi ni mum number of active trfuekck]s to decrease t

Wit hout the intervention efgastdae sptarticpheirng)
been met before the time | imit, the shovel wi
excessive truck queuimmgdg airmyothér asigovelinstruck
avail able (e.g., due to a mechanical failure)

the system wil!/| keep the truck as a selectabl

6



cal cul dtni can I cases, the decision to redirect
than the ©Opsaedcdi fteereeht scenari o, where there
production rates from previous time periods,
pl an the best solution, iIinstead ofetaildrmwi atge g
and project ahead to continue, increase or de
productiomr teardg e®tfs tdte tweekl y, monthly or quar
usually analyzetdermtglramaniliyg begngihmeder s r at her
blinding the dispatch routines from the big p

Hi storidaf tiygpecamy di sphashdbemduatiegdtfiroom ar
Oper ati onBR Reepspeeaocrigdehh NI LPRGPMI Nbhedusg of solu
strategereat il ¢ kled, g8 tphmsduce mat hemgwhicaH opti
areexpected to compute gl obal o@ltoicnaall ospotliumailo ns
sol wt,i ornesul ti ng -dda petfdteictda vtecooyREoAmIWweohvEODhhheEe
TSA obl em. On mhehlemddernbandchni ques have been
areas of the mining process, -lamdl-t @mmg mmheer a
producti pa,2apmrad ysdtsi vity ratios, fuel consumpt
mod¢UPpHbo66]ri sk management, etc. Unfortunately,

artificiarleliantteed |a pprncceeches for mine dispatch

Since the umaechlichamidnggappr oaches aorfe base:
usisngati stical methods to find correlation pat
i mpl ementation of such technigues must be dir
by the stochastic and variabllda]mattaadc off rceplts
the current sol utORah getrhiadhertsi ers QR pilledreibgd e s

scope of wtipil® peosmlpe@de da smetsisodol ogy that i mpl
artificial intelligence capabilities to reinf
identify, describe, understand, and solve com
systemspimhnopgnoperations for the truck all oc



CHAPTER 2.
CONCEPTUAL THEORY

2. IruBhkhovel Al l ocation Probl em

The shwwl!l al |l ocatiisonanp raodbalpet nOg( efvSaAt)s iomrs o f
Res eawechidaIlse at ch porobdelm veor ¥ he Hweirreiet g oif n dwwtrrc
equi pment must be matched to a set of transpo
sel
by

ected destination whil eWmeethlean gmidn if f g rmmett h «
0
main sets am@&@ pauvamesec®rrespbhdstedtimat eoadli
k

pem wndetrlyge opurnah |l em framework can stil]l be
muckpandsstoonkpheesase ofdrogpwpfodpn tugmdbdaamadl st ope
oper 3whene shovels or | oadéerrwo kminlelr ibad a ssiog it eh
transport uni Thsel ogt inm antiinagn & raurcek st he target poi
(stockpiles, crush®@ravel dampsngowopesappPphdroad

consecurces and destinations

Given the sizeuniffohm setef the mamameter s
system as a whole, the TSA problem has been r
comput ati onahtdeclswea itchhd omrsobl em itrmpra vdadmresiast er
solution in a short periad@wofsetciomels()calThel &t ir
approach was devel oped] h6/]sWHivtiengarnc eOlfd omw irmat
meet the plam@kmeguu ingeahmoed retx aof materi al t o b
t hpeat hs sbher sgdt amsttlgen t heoks to each path so

could be met while minimizing costs and meet.
This approach i mproved the uskaod!l icoemnput at
frameoMortkhe moded rs padmrme rsgisalems. The second s

di scussed by Al ar | éyhadld rGagnacdhre o mt i2M@i02Zat i on
all ocation tasks based onThéy e srkudtdisde t r uck
shovel s met htoltherlsd gp otsa i bil ted wgrikvseemng ebnBebnots echfs e o r
sour dehxe .immTnhee t hird and more recent noticeabl e

aut bpoeres ti me under different;sténariagdanve meao

8



an additional stage tobtfhiendsionlguttihoen boefs tt hseh oTvse
accordandeé owikt ts pthrea@purbensdegt t i ng t he most effici
shovels beforegadé&cmdt egi ahet DVialwlddiaghaamoo osa @am d
Dimitrakopoul os[ 3paupb leixsahmpd ei mf2 Q16 i ntegration
the production schetdrhlee i prpaacdas s,f adoeo smtoivred a
the calcul ations. Uplardédeg aye dlmdathgtkeag emitead 04 9,
integer | ineamMldiG® pprodgreramwhrerge the shovel p
optimizattiemmogr schwati on pl ans.

Additjonallyg i mportant to mention that mos
is designed to find a solution for a short pe
controlled number of periods of apelwasi snpnaton
parameters between the calculation of new sol
deterministic scenarios, with bfyi ¥edal wavi negs an
stocmedgthioddo address t lod grhaebpodpied i emgs tnrait ur e
second optitohne iTsS As eplrenchtéeedmes at empl exi ty and conm

time required to find a solution.

Lastly, the TSAI ipmiottedstesimochsad ede rwtidaihn t he unc

the input parameters commoni gl @atvad uadc enda wihe #.
ot her i mplementations where the sources, dest
periods of ummeawi abhirehat eoi ciasgs are more co
uncertaiomt t hfeacsttarbi | ity of the input paramete
cyclical condi tions atnadb I nmisnhiendu np rdoedvuicattiioonn ptloa n
Besides the |l imitations associated with the wu
' imitation related to the applicability of th
mi ni ngi oonpewiatth an installed dispatch system i s
bet ween the control room and the fleet resour
not capable of delivering the required tasks

The explanation of hofwot hep&®BAdmpteonnil g ioM
of the pr oblsetima gfer @sm daatt eegycur r emt hempbementastl

software is described as foll ows.



2. 1ShownlellochoScohned @Opt hni zati on

This fitlkaenh adayfsptstod t ruck shiosgedr @dsusphgchhepr
| oaghd -tnreirdm ppraome Migne pl adecetridse nteyepde babn du nni utnsb e
of | oading eqmue eothedsugtshiov etl s.¢ Ph ey utaxdt S@lina ead
t he di starlilb uteigoone panheihléek i ng i nto consideration
I i mi ¢$(asthioovnel s ar e commonlayndmd thret ggce oaned 1r i cr awlne

t he pit expaonpse roant)i(nng na rimeuam

Thal | ocati oncah adhddrsddssethdasretr m range, eithe
repl acaobwmolsdno peliority benches or tsf opl an stehe
of schedul ed bl ocka&s oav al umotnd ch | lyM abshgla dhyg a0 4 0 «
[ 6,4] th the objective of miniwhiezé Ingawa thien @ hok el

wor ki ngwhbigleec atghe t arget grades at the processi
2. 1Materi al FI ow Rate Estimation for Overall

The $lkomt pl ans from t lpe opdredduncet i ao ng i svcehne daunhc
mat erbehd | etdoer t he processing facPluyitshieesassioct laée
waste dtsreiqupirergl to have acceshetaourhenpr aduacf
persiwidtthe i nformation for the minimum amount ¢
and quality of the fnaotwe rriaatle iiensthith@artbiecnlc @ epr ot
forecast anwompmiebhmindevi ati ons AftkBbbherabnegekt g
anal yasddi toinonal opt,smchatisomi objmeamt iredsandl i ng,

utilizatrancypyblo&werti me, and many other parti cl

This uphpesi swdaligpat es the flow of material t
patchonsi dlceoinmsg rpari envt esn tt aeolrleo cneattienrg al t han t he
production capadittafswsidtghteiref ismiotve Itnou miadarntsdnfe t r |
same time in the same haufli,rrsatded. nByxts acltweipn@ft
probhasm as iheut odat hown ko8 0Obsehcohrdti ssttance from t
sour caetsd ithhet h®@nsequi r e d ed marwemt emaacthe rsihaolv etl o a n

profile from the selected patth,ucrke dapd oolciget it lroen
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.1TBuck All ocation for Dispatch Optimization

Once t hes isihlbargdhoed if | rwe rdad ceisde-tl ef ooy pt lh@ s ho
Xt step is to allocate the trucks to each s
th, or the prodbUkits oins fquwimt &€ aad hp arotuircwel.ar p
nsitive to the uncertain conditions of the
Roneh4,81t918i89 ki nd of problem has often soft

violated at some cost i f it is globally pr

The approach to solve the-tpr ablmumhtmoeuad ef rs
mplify the solution and accounTnheftssucsacasddi t i o
fferent -lliimear madelno nard ea ITEAraiptr i 4f € tea esna |
vel s dNonetbhee¢ess, the ultimate purpose of t
uck to maximize the satisfactaenmehtooneedr b
d Gamac[hG] T#RtOWWRi)ed t he pryetiheud zwedar-kK haeermd i n
own dt kmpstércaht egi es t o get the right assignmel

d integrated in the modern Dispatch systems

. 1. BTrudlenrShovel s Dispatching Strategy

Thkt r fesrss hovel s met htest i and hmost di scussed

iterature. The B hwhaetreeg yt oc osnesnids rtas mth rewr cdiae fow teddn ro v a

e available for dispatching, evaluating the
sired obtecmepreosd U{fcarigoent s whi l e mini mi.zi ng t
e main | imitadgitome olfadkiesf sitmfadremgayt iion f or t
l'y one truck is evaluated at a time, making

nsequence generating a different result for

There in® isrolfialctrulabettd detinthedgwhdatf f erent ¢
(I evaluate whhorishébmany passedbeetiGlyersafi o1
ually sol ved wvhyerhee utrhiestdics pnmeettchhoedrsés cri teri a
suboptimal deci sions. As menttihoinse ds tbrya tAd gayr |

nsidered as a myopic method since it cannot

11



2. 1. BTRudk&S hovel Di spatching Strategy

Thi s strattlgg cphismamr sad nhboecra tcefd ttrou cak sgi v en

selectinmgnbam othetshokel will needeirnngheé heeaimh
under &anamyshe bsyhoavepr ipooroilty criterion, from t
the shovel that is far behind the production

negative i mpact of the current stataendf the s
di scussed by Whifted6handeOlrs®n sph2&&) commer ci al
approach solves ma#ay droaws ho sdetrmdreg yf,r ametrlee al e

' imitations related to the global conditions
prioritization of the shovel selected for ana
heterogeneous arhee tmad eirmmdr ttaonade lafvetr may var

2. 1. BTBuedkerShovel s Dispatching Strategy

I nitially discussé@OPbw)sAlaardees iarnedd Gaomadcihtei o

nowadhayepted as a baseline f or tnhoidse rsnt sdatsepgayt ce
simultaneous!|l ydndtednaassti gmomks veo s hovneelasr, pr odu
opt idmalpat c hgidveecni stihoensgl obal vision on the whol
the different constraints for all shovels and

egotist behalytpyr cofnstildertirmngwgckshe effect of the
a truck is allocated to the best destinati on,
with each other. Al though this is the most <co
some complexities and shortcomings related to

| ayer of required computational time that <cou
2.1Cémmercial Software

The mar ket of Fleet Management System (FMS
| a¥t years, starting with niche software devel
for tapget Momers mal | homogeneous fleets and | i
currently having expandenmhi heesgetrtregmseantfiornbe
bi-gata cl oud services, including as wel at addit

to the dispatching purposes such as tire and

12



The devel opment of fl eet management softwa

maj or groups: dedicated software developers a
di stinction exists in response to thhe mar ket
devel opment, but wultimately aiming for the sa
production maxi mization and recently introduc

Il n the case of software developers, the ad
di s paantaclhy spirso dwictth on pl ans, mine design and or

t hbease mini.ngHoswefviesraiaétlhyeyr equire the i mpl ement

sof ttwareompl ement the data collection, sensor
software in the equipment to transfer data to
restrictions are | ess notcitauea®blse adil oave ermcsyt i @

bet ween both nat ieseM®Poafotvwadreed. bS/o nsemfroadwatrhe dev e

f HxGN MineOperia({ HERRGPNYD, LPor mer Jigsaw Jmi
f CENTHEI((MDat amine)

f PitE @aki cr omi ne)

f GroundHog OB é®BrBundRBEME)

Regardiihget hmanagement systems devel oped b
(OEM)t he advantages are more related to the f|
specifics of the equipment design, sensor man
direct technical support with tmeb@EMartefal ¢y
fully controldae®dabygomplt dmendt pay tyervice of t hi

of the shortfalls are relfdtwad et 0 otulte n@®we 1t foi ttth
trucks, having some difficulties to integrate
these FMS provided by original equi pment manu

f Cat E NMi SeelSutairons (Caterpillar)
f DI SPAECModul ar Mi niEn(gK &ma&tosnt )r a x
f WenEOHitachi)

f Opti Mi(®andvi k)

13



The software selection wildl be a tradeoff
di sadvantages offered by the different option
progr adnst anidnt egration tools wild./ be avail abl ¢
the gaps thasommapyfexihetm already integrated to
packadre recently, many cell phone applicatio
the main purpose of data visualization, |ive

purpose of data management but npnodegs.ctly I
2.QperationdApRevaahels

Given that the nature of the truck dispatc
known values (design and operational par amet e
mi ni mize (production targets orafioomrsatsd edonm®i
(e.g., fleet capaciftey,d dfldaeaki ingge rvesrt kiircg itoinme)
need ttohe&k nmovwst ©Oetamadnmgeasyda hrecdd eee¢. g., truck
operations researktched ORysmembdodsgi aéespni ng met

preferred option for most authors

Di fferent OR methods were evaluated by the
ways to model the problem and to find an opti
and the comput Somgner et tihesieomet hods are discu

preference for each and the future work to do
2.2L0Lnear Programming Approach

The simpl-aestedahdrmulati ons tosthownael aalslod wa
prohl e6Bg definition(,LAmueaad |pmagdhammedgeukr es
objective functi onl iannedart hoer cloinnsetarraiiznetds ptroi obre t
aut hors wappuwedédtWhiste af@&60QLis MBI EB®BE) ebi al
Basceti[n2,]eMWa0h®w)to al [ 5.02DH® )main | i mitations of
related to the nature of the probl em Tolfe maki n

met hod was i mplemented in DISPATCH computeri z:e
installed for Phel ps Dodgebés Tyrone mine, but
miexd nt eger | inear approach in the following Yy«

14



2. 2MRPxd nt eger Linear Programming Approach

Out of all t he mietdhrotdesg eaevaari | parpdiden. £rhrien g
formul ati ons are the pmoasdt odxatléingdya dnpd rearse nd Uadt €to
for the purpoasnedodfeceimpupraoblo@em| Di éddeireementos |
programming, the inclusion of intiegemveriremb Il
for the truck allocatioscoscshdedensssoec mmamnseg
actsi dmwppaena binar ydeddsideidt itohne yo ds@ptplearwi) s e)

Al 't hough most of the base models are MILP, de
complexities related, the decomposition in sm
probl ems for certain purposes (elgwhehasat |l cala
are integrTahtee dc otnopg eetxhietry. of the MILP model s ar
additional computational resources required f
a afsel bl e sol uti on (wint hp eatno eanctrcaegpag)ladb &1 gampt i mal
for this, multiple strategies can be applied
constuwugsfeinktesd, i ni ti al solutions or dtilse bygpeldi cat
Kl otz and Np@&thhn (2013)

Since this is the pr efteirer enda jtabpep rtcoyaecohfl & molre nr
usee full of partial MI L P bfjocercniui lvaet iogont ifnoirz astii nognl
who devel oped MILRImodealts ofno rp rtohbd etnr tacke Sgur e
system[ 5,1P@Wr)gur, DaVYdel ¢n2,6d KadAvhtaht gedttrtaam g (2011
[ 4] Chang ¢€tl,8]Zha@M3d0 and6, Katat d 20dm)db5]Bdj. anfy 0dt7
al . (281MoAfadapol i [&t Banr{40é&P BdtjlPrdkag019)
Upadhyay -BadaBAsk@DJlanh)d Moht asH&8m]Ebr at hog¢eoaa)
who combined MILP model s wi tchonfsuzrzayi nlto grnect haoldgs

model s wi || be discussed in the following sec
This formul ation approach is also the pref
Al t hough not all commercial fl eet management

algorithm runnihgribnbheheppackgr slim@eer opttagne zia
framewor k due t o ,c osefmadngr teisa Iciatny breed s sns®ed bas

informat Ponk ic br dairne)n i mpl emented MILP sol v

15



observations |ike HxBNHEXAGOpPEr atvheOP Phe EBt
opti mum number of trucks for each shovel retu
is based on a MILP model (undi scl osed) . Nonet
and componehnetns ,u nedaecrh doiff fter ent opti mi zation ap

encl ose them under a single methodol ogy.
2.2FB8zzy Linear Programming Approach

Fuzzy progsammt ngnhnhat acdit eggr s from Bool ean

variable cannot be exactly 0O orehl(MNalarsYd)t
and 1 to represent the existence of an uncert
approaches since the complexity of dispatchin
behavior. As meArtriagpmddp abdyh yMdyra aadcnild [AB]|&thIBd f uz zy
|l i near programming (FLP) approach is importan
than solution can be accepted under certain c
heterogenous truck fl eet whleirde fmomr et hHé asnamer eok
targezzy programming is not an isolated | ogic
that can be i mplemented to existing model to

2. 2Nd#hi near Programming Approach

Similar to | i nea-t i pperaoggrraanmmmianggp r(oNaeRh@ablei n g
framewprbhbbfems based on an objective function
the existltdameeardftireesn in any of the component s,
being appilieecgairn opeman i on. Corterrar yt hteo stohaitliio

in a viereegkoaof of tfheemase et i aypr oach where the

wi t whenpoIni negares are incorporated the possible
cont awhre dfeasi bt engegi oew coempl exity in respon
| ocal opti mal solutions but only one gl obal 0
sol veind -bf neani stwhdsetlasnt i al ly greater than | ir
no guarantee that the global optimal solution
time. To sol ve tLhR sf darsmwleagt imomss aogpltyhediNf f er en

noini near equations,soolrv aabtl el eians tI immaekairn gs otl hveem s .
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All above said, the NLP approach may be th
to formulate a model; however, the nature of
specifically for fleet mandgemmaul taisylsé¢ eonlsj, e at |
optimized at the same timeeCceggi zebl &hdi agppco

presented by &S96hmiwherne atthe imom@Ponent rel ated

trucks itineraries between d4honwvalrs egqncatd et i n
model , the objective function that combined t
targett sowamsmrear . Despite the | imited amount of

plubBe computati onal restriovaoloadl eaak in DPSE
i mportance 4fntaki agpaomach since it is, said

way of describing the phenomena.
2. 2 Mbxd nt egelri nNecanr Pr ogrammi ng Approach

The edimxt egleirn@amn programming (MINLP) met hod
compl ete yet | ess convensheavelstalaltegat ifoor pprodtlt
additional complexity associated. Mosmgof the
purpose$inearnones are |inearized in a subrou
the computing time, makingetahe cbindadv @amt ad ean® s
aspect is quite commar fcam sa pteirmitzhat ibd re nrda el
deviations -psepapti oé apmomach when the produ

vari abl es.

For this reason, authors prefer tol isrodare p
ompl exities, which is wuseful for practical p

c
solutions are suboptismalneaonkEmtmplr eqpt rmdl t oas
0

ptimal solwution is ignored or deliberately d
| ocal opti mal solution and the gl obal opti mal
wi || restuloene gqnatliive liempact on the mining oper:

of f analysis the MILP omwodfellese ta rnea rinmdogteem édriotd lvdeynsi t

model s.

Wit hout discardi ngf drhmulmneBBia@& hsodvdrmheamd NUM&Ph
(20L8d¢vel oped one of t Hease dmadelus tf orpta nme zear:

17
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By de
cond

cess

to be testedl| rdaant)talseet Sursgbbrdi ovo gp exrg mih
optimize the delivered materi al and
all ocate the trucks to esaoclhv esrh ouwseeld o
utational muil me pt equiceadbruito strheew acl onectl euds
suggested that a SBRO approach can fi

d at that ti me.

ic Al gorithms

ntioned Db[y2,8d het gaelnet(izZz0®B0)gorithms (G
Holl and and are basically a random g
cally acquire and accumul ate knowl edg
bphdeseabpchchneve the optimal solutio
sel ectsitomrc htas tper fseramch f or solutions

e through crossover and mi2tlat $iomg e atnide

ate a population of high performing s
olutions, the GA approach can be cons
enetic algorithms can also be applied
acteristics of-obhecpruebl emenfiorosingh
approach is the c¢compuotlatoiwsn aal steilneec taisv
nmakr to optimal solutions, while the
rs, arbitrarily selected for each <cas

). Somempermmptasi oh Bahesthe pfFd2®psed
dul i ng opt i[nidzhaot idoens,i ghoexd eat caotn.t r(o2l Ol le7r
s, and AlMxamdrebemclati ive(gebejyic algo

I mi zed tot al cost of trucks in operat

Programming Approach

finition, &a&apprigaaeahomplegtramei aogti mi zat
itions in which two or more targets a
for this model can be preemptive, whe
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Fo
di
un
by
t h

e optimization is sequenced fr om stohlev end gbhye r
erar chi;c aolrp meogninptdisve, when multiple goal s n
mul taneegsel ying additional <constraint.s for
r this second scenario, 1t 1 s I mporstiaarcte t o
fferent targets can be much | arger in compa
its. When such donraittiioomnprexiests, id memumal vy
Grodzevich apd)5Rohrea nnkoor nfa2l0i0z6at i on pl ays an
at the consi st amdywigtfh opph e mad efsod einc ®@nsexpr

maker .

di
an
n o
t h
pr
[ 6
al
mi
ad

[ 2

pr
[ 3

This approach was fiets{dDp@d e meme etdr by k Te m:
spatchi ng porbghbkelcam vfeoropa itmwazati on, applying
d quality control optimization targets base
rmal i zation probl em, btutcovidlhwdédad siimgnti fe cauwnt
at, statistically, the solution for the pro
ogramming method was pretty much -Ndseals ame.

Bl es emit ei@initaeger | i near goal progr arhmivred ( MI L
| ocation problem while considering four opt
ni mize head grade deviations, (c) minimize

(d) minimize operating costs.

The normalization of the goalrsalvase dat euma

5]giving a weight to each goalA snoorteh erye cceonut!

ogramming appsbacal farl cbetitonmnchgrobl em was

,/7]mi xing it with a chance constraithed met hoc

parameters, and applying the probability theo

de
de

terministic equivalent. The optimization ai

viation, (b) grade devi attiiooms daetvitahe ode satti n

facility, and (d)f drottaHe t3wrcdku m pea.pageae rm gmicroe t( |

E u
t h

For tholj enntl itve optimization, the normal i z:
clidean distance (proximity weighting, usin

e decision variables as weightindefaatrgr} s,

19



goal weighbinhgawabty selected based on the opi

equal weights to each DlhHhethaepdmoual goadiss ¢ 25 e ¢

a
t
b

—+

- O O un

o o 9

—
< ®©9 =T O <

- O o — 0

(7))

mount of resear choldjeevcetliowes do gftoirmitzhaet inoun tmet hc

h

e

e dathoberia to decide thhe himproan amale dg Larc

used when evaluating the priority analysis

. 2S8Bochastic Programming Approach

—

o O ¢c

=

= ® d® N

—+

® d® O

Contrary to deterministic approaches that

timization process, thehoctolchalslt oemaamomhe lgsi ml
e uncertaiwntiheds hessdocscipated tasksTha the min
ochastic condition can be applied to previo
euing theory models, heuristic modelling, d
nsst der probabil ity toyr osft otchhea sotpiecmavitaih@naabli Ip ar a
rmul ati on

One of the trlreasloinmi tbediindpl ementati on of t}
ea of research is the additional computatio
al samedt aannedo utshley ,compl exi ti es asstowes atetd wi't
nNtinuous deldiesipambyeaem daksl dshen divided in tw
e formulation is -meamtpltande( laippei @aci i echD’
rget -asdt-he®mmi phlgamrf the fl eet and to set wup
er a time horizon in response to potenti al
Regardi ng etrhme aplporntach, the discussion revo
ochastic condition tAs tnteentd eotneerdmibryi sBtiirog ef aarn
OL16]Jt he main goal i n problems with probabil
terministic equivalents and their propertie
termini stwict hf otrhneu laavtaiidnma bl e commer ci al sol ve
amewmother point of discussion is the repre:

ochastic approach generate not just a singl
nsi dered, so r atahnedre et lsacre n@e i foo rf ok &am,dwasit tna rb
asonabl e option is to solve the expected va
nerated by replachegexpecteknddadbiVelsa emab y o

20



does not necessarily return tate lyé mbiadeopada i ma

starting point for the integration of wuncerta

One good exampl e paofestemitse da ppf Bhatvwehtov adr.o p(02s0e
a chaorcmetrained model to incorporate a probabi
| evel to ensure a steady stream of ore mater:]i
constraint was comvfearnrmdby ousi mMgetiwemae mti asitn  Cc 0 ¢
according to a Gaussian diAnoti bhet i examphtd wWas®
by Afrapa@O@l3s%herad a deterministic MILP model w
programming using thplégciomcsepsonatuei ome met hol

time as a variable parameter.

Il f we wereloogerscdssofoanal ysis, the si mu
a better understanding of the i msphloivceat iaolnl so coaft
& dispatasersechiidetithough the problemrims still e
conditions, the results are not meant to modi

of certai npavemétserbuutvamisdteiaadln t o provide some
t hper oposed, cohdti tsiceodu $ads bset aw t i ng values for th
rough estimations of tahned fil@aneg tp enleh ensoma rewen . f o
simulation frameworks are designed to allow t

in the solutions can be evaluated and even se

As mentioned bly58hatnhede adi.myl2a0tli2gns can hel
understand the behavior of the system, all owi
providing visual an8otgnamampbescofpthoeasappr
Jaoua et[| Bl €vdllkgte a way to minimize the d:¢
material from a referenk8]ftorajaedctramys;pofamteaton.
mi ni mi T@apalonand R&®2iwmo (VWdlRgated the mainter
for 20 BHaehaeami oand SpaPR,7 htrov aenwda |(RaDt1les )t he tr uck
variable truck travel time, | oader cycde time
Dupey et[aR]f dr20d 79i mul ati on modelwitdh eeslpeat e
the truck waiting time an[dl,]wchloe itmprhee;meBa afdi a

event simulation model to maximize in separat

21



ut il iaznadk i@zndemi r afqd#,3lbomr ab-b@B@Wbd ppit omi zati on
usi ng OpftoQuebsste mal ati on software that maxi mi ze
whil e considering the truck travel time as a

competency and performance.
2.8Bachine Learning Solution Techniques

The application of madrei miend @ ssr myuncgh tlescshsni
common compared to other industries, most |ik
accessibility and research cost associated. I
statistical models andapsesliemive laé¢agiom) tadap:

possible outcomes forAsa @desubmdset npfutt paramteit fei

to Iimitate human r eea siompilnegme ntthaet ipoont eonft imaal c hoifn e
mi nired@ at ed r es eaarncdh ffuilell dosf ipsotbernotaidal f or al |l
Some of these i mplement atliikres tairee aaltrievda dywy

predictive model s fofd4Vlreaakledi sphttcham@] dec ms
materi al destination policies wusidglreaiincftadrocne
of fuel consumpti p#a,9]or eni pri ndgth @txilcay @k yo ytsrt leanks
deep neural g2 Wwowaklsu a(tDNoNY) of resi BL,DVwes d oafces
random forespr¢R&EJataindnbaelur al net wor k 1LBPNN)
truck travel time prediction mo[da0]w pftd rmufmMS |
selectoadens [adpld amduakd the additional areas
Ali and FrifMmdehnhagt d20t2d )obj ect detection, trucl

dragline automation, photogrammetry video ana
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Customer
Retention

Meaningful
Compression

Structure Image
Discovery Classification

Big Data Dimensionality Feature Identity Fraud

Visualization Reduction Elicitation Detection Diagnostics

R d _ . Advertising Popularity
ecommender Unsupervised Supervised Prediction

Systems . .
Learning Learning Weather
Forecasting

Regression

Targeted M a Ch i n e Population Market

Marketing Growth

Customer . Prediction
Segmentation Le a r n I n g

Clustering

Forecasting
Estimating
Life Expectancy

Real-time Decisions Game Al

Reinforcement
Learning

Robot navigation Skill Acquisition

Learning Tasks

Fi g2l e Di agnaaimiea® ni ng techniques[ A4¥Jai | abl e,

Depending on the data available, the

type
associ atedl, utainang heeesi red, the machignuel deedar ni i

l earmnedyi,cti ons based o)t puwdssupregnupiaudiasd,r ( t h ms

t hat as swicsihamiel adra tcgdh aroenicrt fea i cseommecrgte ner a |l

di

rect

i nteract witH Fang2étndve mmennwmethihg dr aam i dyd vmall d pye d

Nadeem [(42002 2d)escri be the avail abl e machi

ne

di stributed and asdoygq@ipptreocacwi th each | earni

2.3Sltpervised Learning Approach

b

Y

e a

ng

Thartificiahodéldsdd igre na esuper veivsad du alteearani n

dat aset of kaadn diitmmf demmaptaito np ar a me tl earbse | aendd

out @hijt,e ctitrnagi t hetal gepaghmassowadglet s i n
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condi ticeams pgopietrl y cl as$ ief Yoawbtecccerda tvai tolr g r edri

of acbaseadpyroenviaously unseen arrangement of inp

From itheraviuvew irmel aiteidna@reas of research t |
model most ofwhtohhecasees i per ¢i sed | earningaagpr oac|l
si-tel papdmet ers assionphtyf eatuddepredi ct speci
used as input parameters for an optimization
(20p8B8%ho used truck, road and meteorol ogical |
et al .[,49hD0DPG)edi cted daily excavator fuel con
hours, excavator availability, excavator util
[ 1@ho used height, angle of repose, bulk dens
the resistive forces on a|[ 4Wioo ed p bluickdkets e d&Nodm,
number of trucks, routes and | oader types to
Nai k (2@R2d) presented a prediction model for t
type and status of the truck, | oad status, st
speed, surface temperature, relatiwvashumidity

The previously mentioned prediction model s
technique that analyzes the relationship of ¢
and dependent (output) variablsds,a @lrlevywiorug | tyh
unknown value. There are mwultthi plhe tcypeeswpfonnde
mat hemati cal background, but not all of them
work given the multioutputetrheoglrAd bdig@®i rn ptt u roe

eackgression model applied are discussed next
2. 3. li.li®Ragression Algorithm

The mpl est and most commerdr d gmre sdait@an emat ha
model |l ing that stabli cmed ilniurfa3ss |Vradeluatsincermshi p
regression al gor ibtetsrh iinse asrufpopnonscet & doonb n,k htoheant v a |
mi ni mihzeesdi screpaatyeachvaampbel Mhlenput ovahaees
used are called independent variables or pred
vari ables. As men[t3,0o]kdg pyi i Hepel|l €2@20) hi s met
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of each predictor variable on the response va

which represents the ratio of change in the p

The general form of tHye alt@lpeasri nridgarre stsoo rt hie

of the |Iine but integrating the noise coeffic

@ 6T @ - (2.1)

Wher)e (s the depende@)i soctomeespoinseoefafrii @aiber
intercept, that) dwliemetshe hiendapardoddst {\har icamls ¢
coefficient or multiplaeisotheherieddependent i
and) (is the noise coefficient that could exist
The |inear regreisscomporsatée smu lathip @l epgt @ dhiec tecs!
of the target pvealduetforsmsmunutlitmineous!l y. The f
this condi tEq wat(@2sn gi ven in

w 6 T o o E o - (2.2)

Where €orresponds to the numbeman@fi spmedvi ct

the result of the sum of the intercept, the i
their coefficients, and the dataset noi se.
One major |l imitation ofi st heé el irtrelgaatri rtrele@eme s s

relationship between t hemupsrtleidmjee i htelmewd ssie e yp r

of the estimatboasedutdwhedsownanenddo]of the |
di scussed thisgcamdextxamm|l e of the intelligenc:t
before and after completing a graduate progra

performifng d imeston t he schitg22wep|l oanobbsbadeveamn
results obtained, showing in (A) that t+he ini

|l inear, while in (B) the data was recoded to
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(A) (8)

LATER IQ
LATER IQ (RE-CODED)

EARLEERIQ ' EARLIER IQ
@ DATAPOINT  wmmmm EAST SQUARES LINE BEST FIT LINE
Fi ga2Z eExampl e of gener al Linear Regrep830pn ap

2. 3.K-NRQarest ReiggrBBsi ®n Al gor it hm

TheNe&ar est (NeNiNg dle dproipsnlicdni ne ar trheagir ewsosrokrs U n ¢

the assumption that all values of the dataset
estimat e, aphpel ipase dwecitghotns t o each i nput value
unknown target, similar to the iTAweelrkisee di st an
represents the number of instances (or neighb
prediction, selected by the closeakae WwbdDIt hha
direct | mgaautr acry tolié n hehenoklddNg ayeigtrlems si mpl i ed
the new inwohmilngl sdlebeexabt kaeg data, and for t

a contribution to the average value of the mo

Anot her condition important for the kNN re
i nst,angresne t o biased esti mawirotmh swiniefnet@lsd 9 anad ut
the average Valoue wdvfantuteh enskdledr ge enough to ir

Il n machine | earning KNN duretidmec ttiroani nmondge |sst,e
al so be usepghése. the mesti ogdd,2lyh&Sopgpelt aai o
becomes a niaojrorl acrognrecemondel s as it affects the
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additional computational resourd¢ce®ssbsmdlsi ng it

reduce the operations to solve at a ti me.

The i mplementati eamnofoea alsNNimegdreasonr o cal
average of t-heavasueseiofghbodotsk or foll owing al
(I DW) approach. 1 f the calculation is based o
usdéor the regression purpose of the model . Th
23), Manhatt(249 @Bgu Mi iEdo gk ont hi s | ast one i s
di stance function since it is a weighted vers

of the distance of order.

O 0 (2.3)
W DS (2.9)
W ©S (2.5)

Wh e (wgan()are the values odr fvep@tusrresshe crowombdd
of neighboaa(@doecndgihkcerMedh kowsKiwheéiret ancéenboéger J

As mentioned before, the I|Iimitations of th
and the outlier instances, creating unfavorahb
results. A si mplFa gffaampD &r @ pr sedheomwtna tyxron of t he
di stribution ,ofwharsett hef taamgeltaasambee wil knbiwn
sampl e st on eccodnepdl yv aMi ueénd htehd&n sel ect a distance

i mportance of each sample for the target valu
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‘L\( target value

@
o0 known values

Fi g3 e KNN exawmpbegpreorsainpl es. X1 andlaXasdteat
di stri buwadlonme satnalblki shes the number of sampl e:
proximity to the target value.

2. 3.Dedi.si Ragifessi on Al gorithm

The mostarmaod mmomelee ed . mwWdkesl under the proces

Ssubdingptdtasets into smaller subsets imodeére for

]

epresents the beandprlediendrngrteomitnalosear e

subdivisions in the between are the internal
features or characteristics, and the connect.i
call ed hrenxcdhewsrracy of this method is directl)

and the numberiofthett matoregqupedcpesf oremanmitke
compl ex datasets if the model i's poorly gener
(20p9y]decisamanhysireetypically | acks predictive
Net wor ks (NN) and Multivariate Adaptive Regre

assembling multiple decision trees the perfor

There are multiple methodologies to decide
divide the wai hei nedusubgetése dissimilarity w
i's meant to perfoBae hmamke gared sGiodd jpy ekkts(sR G & 9 Y s

the classification and regression tred heCART)
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objective is to minimize the Sum of Squares E
(Equd26)i onwhil e i f the model i's fofr tche spmaiftictait
i's to reduce the&7Gifnar |aldle xs UlEgluaag 3 eo:.

D Q¢ "Qa VOD AR W (2.6)

N N

WherYdiY corresponds t ow)t hies rtehseu | atcitaga lir sergei sop

the predicted constant.
0 p n (2.7)
Wheme cCorresponds to the probabi®i by ovhean

proportion of sampl &s &haié6arkeepotabfnombego:
Gini MOndiex dn adjusted versprompomded hlkey GCorir acba

(1912) to measure inequality in uneven distr.i
The i mplementation of decision trees for p
type of data, the possible subclassifications

partitioning is not necessammbyp mbehodl|l whposses
nodes are subdt wpasgi hlne moptei admsani s by the rec
devi athieore, each set is divided by attribute an
branch. The differdprpueabebwebrfbdohe shandabdiv
deviation from the resulting branch is what <c
attribute with the resulting | argest standard

t hi saabpaone related to the number of subdivis

nolneaf Dbranch, increasing the computational r
recursive until al | data i s prakleissedsomer]| it imi
on the dataset metrics, |l i ke the coefficient

in a branch.

Back to the bamairlyl patrnat i we | eBgaenhpnikee waansd p |
Greenwel[ll7@®20iEFPeusds fference betweebwsimgl a an
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dataset of 500 cont i nudsucsatvtaelrueeds wiitthh aa Gsai unsgsli
Figl4tehe deci sion treecpdafoimdashet mpearvaltiendafng r
total dWdawasetubskitedorewpir esent s a3 dleeywelrs,tree wi
subdivisions and 8 | eavy®isgmirn @ r efdd fceati lment a pe@ii e
splits.

2 truth  se—

decision boundary —=—
-0.026 1
100%

—{eshx>= 3.1 ol NG
>0 %

-0.67 0.64
91% 49%

-2 split

i g4 e Stbrgglnech deci sion tree for the example d
200 9.Y]Decision tree di agrwa mpsvhleirtes tthlee vdhd tuaes &«
ubsvetd the corregqderddi)nag@nmdr dparitsiiooms boundary
epr e

sentation of the dataset (right).

-0.026
100%

x>=3.1

-0.67 I
51% 49%

x>=3.7 x < 0.52 > o
-0‘77 -0.21 0.25 0.72 . 7 '
42% % 8% 41% P ). %

x<55 X < 3.2 x<0.28 x>=23 e
20.95)(<0.32)(<0.48 (0. 0 14 0 39) (0.44) (0.85 2 ;
30% 12% 2% 5% 4% 13% ) | 28% 0 2 4 6

Figa eMoranch decision tree for the example d
(20p9.y]Decision tree diagram with all subsets
boundaries on the graphical representation of
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2. 3.Ri.dRegression Al gorithm

First introduced by[ HD]dirdeg ea nrde Kreenangal ada (Medt7f

type of | inear regressors proposed to solve t
regression, this is, a high correlati-ompwtf t h
regression process I s perdfiacrtmed,s parso d thei nwariim

al t houghk qtuaeeehseralsitased. The met hod requires ¢t}
variables, reducimagdéedlh,e kwtmpdlesxa ttyurodfi nmdhet he t

treodd analysis between tol dhablpeolkbieas andrada

number of Iimportawittheat ueeassipgeidhed elsgdi P «
regul ari zattymi ealocfeers ri dge regressi wnshand :
respect ta | asso method
The forrmdgé té&dgression is similar as the ||
mul tiple input param8.ers, as shown in Equati
W o - (2.8)

Wherde (s the dep®npvwelctt ovra ra fa, i) besr eerpwr aetsienn ss |
predictors or (natsritxheofserte prie ssrsdgrpse,ssdfon coef f
regression coe,ffaijcdieqrttsie po eecsttdrmaafe er.rors, or
Similar to the ordinary | east squares i(nOLS) e

Equa®.on
I OO _0wbw (2.9)

Whe¢(e is the leastf)s@uasesd hesmammtims odsf pt e
the ridgeQPpasambeerdenti syt matdependedt (vari a

I n the ridge regression, the objective of
in Eq@apPi @amdjusting the L2 regularization el em

0 Q¢ Qa Q& W @1 o 1P
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Wherig (s the nWhbéeheotlepasdent ( @prithble fo
i ndependent varfi)abtlhee fcoorn setaacahh dccdpseef ,f i(dgenpar amn

this optimi®@atiisor oprmmommnd sys ,sel ected as the hype
influence in the effectivity of the regressio

undfeirt t edf iotrt eodv efri n al state of the model

As mentioned by Boehihkg]aamed Gregewmbdbdel 2104

cases that require retaining all available fe
selection but a weighted. i Mpiostaocei tioom hmay n|
counterproductive in caseot hpawasietoan $ fhitdlel yn

must be conducted taking into consideration t

u
creatteidkee by i mpedimatyordevi at evheeredhessandi ng
s
generalist prBhgaa eBoetdemkier add [Glrfeleensween tle d( 2a0nl
example of lvheuempact 16f whedecsomevafii abhkesj d
coefficients even after a scalliom &duond a¢ht of i
shrinks t olWaH dsl hzerexaanmpl e uses a |l ogarithmic

i mprove the variation of thenomomefficients for

coefficients

-10

1 10 100 1000 1000t
lambda

Fig2aac e Ri dge regre coef f
Boehmke and Gfad@hphwell (2019)



2. 3.lasso Regression Algorithm

The Least Absolute Shrinkage and Selection
propoSethshyr dida$( A% @let dri maethor appdgeachegr essi
feature sel e@antornariys troeqruiidgeed .regression that
under differentandadcevteHe odefifmpoirgamtnscear e appr o0 X
zerolasso uses a met hodceal aéd fhisaskdepekdeged vhi
towards a centr al point (e.g., mean)hiseguoice
is called L1 regularization, typical to |l asso
regressor coefficients -fsihtrtudnekrg /t Wn ngrTahdeh ek p snew
ul ti mate purpose of L1 and L2 regularofzations

the predictions, making them the most I ikely

Thgoaf the | a@asosr ¢ @r ens $ii diga e @4 fhe wheesruel tt hoe

second component corresponds to the L1 regul a

0 Q¢ Q& Q& T _ 1 211}

Wher e all tiheitmger asmaneeras iinn rHod®@&ep irdengtr e s si ¢
with the conditilgnwihadt ma&krege hwealcwed fofciE@nt s
Boehmke and GfdadhwebbsedOoiBe Ppermfyprempraca meft etr
showhi gh%t eobser vidhmmotshtato ff otrhe coefficients ar

regression,pmowhliyy e5 fwari ables are still retai ne
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coefficients

-10

15

0.01 0.10 1.00
lambda

Fig2aitmelLasso regression coefficiph?”¥b, by BoO

From this, i1t can b¥ eavnaltuhaet esdh rti hiek aignef |pureonc
the estimated value is equal to the one creat
whel® mt he variance is increased as rtehseurlet iinsg liin

ove€rtted model ,t oamd &uHbtghrer @metseerds i s i ncreased
remaining coeffi,ciwmdeéet idndg ftemenmod ol zeaobverty f

can al so i)mpilsy ltahragteriefinmfuigmi t((em) all coefficien

't i s Iimportant itroplmemdn toant itdmmd ,o0fi nr imbgd ar
model s il mpywtthuenfo(r L1 and L2 regularizations

for the tunni nvgalpirdoacteisosn.and cr oss
2. 3.Radom Forest Regression Algorithm

The r androam rf edbssseiad n ybpaes eodf atlrgecer i t hm t hat wor
ensemble | earning procesoambongsogpueedi pteadinst i
regression models to produce a more accurate
independent models are decision trees configu
ranges of randelmnerseasporatndt ueé tmenman of al | i ndej

out put of the model
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I n general, the random forests follow the

subdividing the dataset in subsections based
all ow the (€maeatieoan odf pamssi bl e d&eé g&iedlrhs st rees
combinatorial process will allow the predicti

the complexity of each decision tree should t

X
(input attribute)
Decision Decision Decision
tree1 () tree 2 () (...) ) treen
() () ()
() O ( l) @
Prediction 1 Prediction 2 (..) Prediction n
y

(average of all predictions)

Fi ga& e Di agram of configuration of Random

As part of this configuration process, the
considered as the hyperparameters for the tun

Greenwel[ll, 7B &9accuracy of the random forest

trees generated, (2) the number of features i
tree, (4) the desired sampling schemes, and (5
construction. Depending on the type of datase
degrees of influence in the tunning process,
features in each split ahre ttuhnenipnrge fperrorceeds sh.y pe

The higher the number of independent deci s

error (RMSE) and the more generbalti zaend etxhcee srsa nv

of trees would also result in an unnecessary
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maj or predicti ®©m ither oxdmenthand, the paramet e

features d&@n)iesacohf tsepnl istel(ect ed as the primary h

bal ancing of the |l ow tree correlation. I n reg
of the number of i1 nput features considered, b
avail abl e.

2. 3.Gaussian Regression Algorithm

The gaussian processes regression (GPR) is
wor ks under the condition that any coll ection
di stribution, this is, any fimltailsitme drutd omb
to other regression algorithms, the gaussi an

nature of predictiomriadbgokmoWwimsdgenaknogumuser O:

i mprove the prediction process.

An excellent definition of the gaussian pr
[ 6,5]who describe it as a probability distribut
Given that there are multiple functions fitti
functionsnéwcpmedit ©ditei ve function, and the var.i

of these predictions.

The gaussian regression@lnociooporatgingemnh

di stri but i-doant aa ncdo tkpncormenn t s .
0 & ~ G (21

Whetke @ X) is the vector (&f at)r ac onrirnegs pocbnsdesr vtad
array of ob'sed& we)d rpeopgmeassent(s the arrayi)of the
i s thfeumetaindn ,Qado)d s(t he kernel function. This
correlated to the covariance function, repres
of the functi[oWb]memidng tmavdelll elepend on the typ

constant, ' i near, gaussian noise, sguared exp

Wang ([260p210e)s emitgstiQaensi mpl e exampl e of how th
regression mode( amd esvtad utad esd datpaosesti bl e func
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di str{ bTuhtei cenval uat ed

functions

wi || create a r

tion variances.

area to indicate the predic
10.0 10.0

7.5 7.5

5.0 + + i + 5.0

2.5 + * * + 2.5

_|_|,
0.0 0.0
-2.5 + —-2.5

-5.0

0.0 0.2 0.4 0.6 0.8 1.0 0.0

(a) Data point observations
Fi g2 e Gaussi an

For the hyperparameter t

kernel (covariance) to eval

be

basi s

conduct

fu@aeBi o

optimization can

is the radial

WhemdH2) (represents t wo
fRunadh dabhe t he
t he) fdefcitmiomg

For ktelrinse |

span of

correThe i sel.ecXeédwvalueesgul ¢ in

known t he

t he

poigntwi Iwlhideent(r ol

mo d e |l

2. 3.Rol8ynomi al Regression

The
bet ween
i

pol ynomi al
t he

regressio

predictors (ind

near

To properly wunderstand

the framework of multiple

(independarctt i ngr itablees) i mat e
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processes

safmpl es
hypeApacametet sing

tamel fhaxi mum di stance

how

regression

0.4 0.6 0.8 1.0

(b) Five possible functions by GPR

r e[ger5e]s si on mode

unni process, it
uat e ng
ed pr opuesreldy .i nOn&EP R

n (RBF), defi

ng

accor di to

ned i

(213

beengigmal ua
t b
b e

either

ng

hi gher

overfitti (smal l

Al gor it hm

n is a type of

ependent

reg

var-i abl es

functi¢éomeigm eteh e off ygmm ma fal a

the polynomi al

model s,
t he

dependent var



array of regression functiofgséefald uaaceh phedi

fo

r

l i near regression models wusingd2lat si mi |l ar
w 6 T T T E T o -
w o0 | w TooéToo E T w - 211
w 6 T To To E I o -

Whe(eg i s the & emgumnbsesranaj fcoaaisebhe {(ntercept,

ak,T X is the cons@amimbeoe bf,iop)r eind cthtloe spredi ct ¢

e a

e a

vV a

or

of
ce

me

c

c

r
d

(7]

(¢

h & fnutmber ,ofa-ntdas(e st he noise associated or

h ¢ fn utmber of cases.

On t he otthherp dilaynrdg mi al regression structur e
i@blfeor( a set of different condgtoamt podefnfoind
er, as sh@wn in Equation

w 6 Tow fw T o E I o - (21 5%

Wher(eg dorresponds to the degree of the pol
the regression model. This simplistic meth
tain | evel of prediction aoctuhaecympbemealk s
ti oOdstde rbtyag p ¢,8]f(i2t0tli2zng t hi s regression mode
umptions, and one of the ameounassuebpbaieds

iables with mean zero and constant varianc

This condition induces a biased prediction
ired results. As part J[o4&@Wahleu adti esdc ussosmeo ne x aln
i mpl ementation of t ki g2lC g(rdedstsdAsoent noofd ell0, p
presented along with 4 polynomial model s t
ression models are in the order of 1 (line
t one the selgcpreradcennsdel (bprreaehifogta hE5 %

presented conditions.
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Analysis of fit "polynomial of degree 4" for dataset "eps vs. h"
T T T T T

*— polynomial of degree 4
95% prediction bounds
*  epsvs.h

x epsvs. h

gf| -~ polynomial of degree 1
e polynomial of degree 2
------ polynomial of degree 3
— polynomial of degree 4

-
.
.....

.
ve®
o
.

Fit with 95% pred bounds

of o
2t . S
4l -. /}__"
5 " e
6 LN .."/
(a) 05 1 15 2 25 3 35 4 45 5 ) "o o5 1 15 2 25 3 35 4 45 5
Fi g2arCe Pol ynomi al regression example for four
(20p22]Pl ot of individual pol ynomi al mod el (|

2. 3.1lo®i.sti c AReggorreistshino n

| n gerneegrraels,si on al gorithms are designed to

cont iinnupwts/ out put variables and features, havi
degrees of fitting and accuracy. However, whe
form of Dbinary (i .e., zecrloass/ soince sr)e gorre sBsoiod ne anmo c

l inear regression have a poor Ipyermodaeanandceaet aaset
di stributed between fixed bounds under differ
model s (also known astbuvgl tamedehse)parobabntitbd
classified as one of only two possible option

selection.

The general form of the | og2lsht i cr ¢ atnichn g oa !

shaped function characteristic to this regres
R — 1%
p z

Whemed)( is evaluated as the probability of
¢ )i s the ifniertba@dptoonst adt icodfhfei diearnttu,r ea md (p
the regression. The | oginw)t rtaon safdojrunsath itbhnen eeaqruta

equation, helping with t hie),i nasrgphrcewBlt)i mnE puat
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f @

"Qw aqQ e&—————
p Nw

I I 21y
|l f the dataset considers multiple predicto
the independent variabl e2lB seekog@insieidc asumhot.l

=

7 E

p z

213

n o

o

Wherfg (is the consétnanmtbeao efff ipaieadntctfoars. Thi
variable arrangement will also result in a bi

ot hers, so the co) rmagniitdiechea iifd ciamp cornt aorft (f or

The analysis of theypafiri e&gr egosrnabhu nse dteyfpsel io
dat assetdsi scussed by BoeHnddg a&smdwvglEmnwliedre (201
|l inear approach is not able to set a Ilimit be
predictions below zero, performing a poor reg
nolni near -shagmed dfalincti on allrli gthhte) wankfkolrenabtiiocoonh t &

Linear regression model fit Logistic regression model fit

1.00 o0 e e 1.00 o0 e

0.75 0.75

0.50

0.25
0.00 e
0.00

Probability of Default
Probability of Default
o
3

o
]
[%)]

0 1000 2000 0 1000 2000
Balance Balance
Fi g2arle Compari son of |linear regression (left)
probabilistic dataset between [0l.Aalnd 1, by Boe
Regarding the hyperparameter tunning, the
to the generalt raaansdtoarrona thieo mceo € fofgiicti ent s, but i
for the calculati on. I n the 1 mplementation of

di fferent solvers are configured to have diff
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mputati onal resource

s, size of damasesti ®nasp

nditions associ atéArdotwharh parea mentpeurt tvoa rd aarbd iec

gul arization (penalt
e solver sel ected.

y ) (aes.s.c,it ditalé,d nitady) tdlee eqel

3. Bibh@hput -oMulpRteigr essi on Model s

This is a special t
ndependent variabl e)
common when the req

ke coordinates predi

Since the
predict a

c
S

gression algorithms
aining proce
e

rpose as th

The configuration o
mpl exity to this cas
edictions are overfi
r different possible
p with regions of po

ype of regression i mple
for two or more regres
ui roerd coountbpiuntantgiwoen ec po ald!

ction (2 or more di mens

egression algorithms re
sult, the multioutput r
are ablheo troe gpueirrfeo ram perxot
|l tiple variabl es, makin

sel ection must be cond

f a single input to a m
e study, suggesting qui
tted to waneiapeei tha Bh
predictions sets, then

ssible solutions from a

ature type h(ec aptreogbolreinec atl uyrontsh eilnmtses i & | scealt @ wtni @n

rong bias -bowpudscasesi wpuh the highest fre

edisgstarconti nuo,ust mametrh e¢ ad o wtad wre map produc

ere the desired outp

entroid) of the solu

Some classic regres

ut can be | ocated at t h

ti on pmpoanlv etxh ate gd omwmlsd ol e

sion algorithms have an

gressions without mbype medréssnanbhomedel ska

il e others wildl requ
erfitting conditions

nning to maintain th
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One of these unfitting regression algorith
vector machine or suppotrhtatv edcoteosr nroetg rseuspspioornt (n
by design. Although there areowbpktaroegdes $i001
create the form of a multioutput rfegr eddi am,s e

2. 3UBAsupervised Learning Approach

Contrary to supervised | earning where the
|l earning approach analyze unl abeled datasets
evalamnd ei dentify hidden correlations or patter

them in clusters based on common characteri st

This flexible characteristic to handle unk

makes the unsupervised | earning approach i dea
data segmentation. The mamayn beegrofupensumeérnvic
met hods and di mensional ity reduction applicat

The clustering al goruintl hanbse | aartdeo ddaensail gl neerd steot sg rboa

similaritie or common patterns. The cluster.]
to a selected target (also called exclusive o
segment at. i , hi tthdeart @ah ii sals eplau satt eerdi g0 isfmal | er

based on common features, and pr

>S5 QO S o »

0
aggl omer at e
0

di stributi s associwawmneas wsoht thleustaemiseg) ( al

On the other hand, the dimensisnmplitiyyrehda
evaluation of big datasets and i mprove the pe
i nformation contains several featurcesmeor di me
di fficult to visuali ze,whsd et hmaimddumtiingn tdfe ti
ori gcihmalacteri stics is required, commonly wused

elicitation.
2. 3R81i nfmemntecar ni ng Approach

Despite the di fsfuepreernvciesse db eltewaeaenna otgheeme zt 860 df o
guided in the data | abtehuehis ng e a n dtslecdtaunsot deer | saenl de
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co
t h
i n
t h
mu
se
| e
re

i n

mprise unl abeled data, both approaches requ
e prediction function can obtain accurate r
formati onover fpiftetdiémed mioolde | . I n the between o
e reinforapmeeadtaheatrems nag condition where t he

st be bgyemtee rad atch negn wiisteintmemg ,t he act of prog

guenti al decigiencompomgni Bebwktlhies adappmaadh.
arning models, the ones considered as part
presentation of the stochastic nature of th

vol ved.

For ai mietti alf, dtihree cmoidveels i rctoenrda dti 0intso &txhH es t mar
ven environment while receiving |Ilimited fee
ided to obtain maximum benefit for a desire
itdeest arting 1 nstwiulclt ilbanse nd ef wnrotdredr hel p or
teract with, and reach the goal-an@&@hrerproce
ocess where each teppssiwblld demleivrad tuiadre do ft os f

equence of decisions to obtain the early rew

(secondary objectives to optimize).

Reinforcement | earning model s r-legaimieng se
process, being these dfl)l emarlmeiamnithg malke etstse oc
action t(a)t akne environment to explore and inte
follow for the decision making, and (4) a rew
deci si on ma(krienwgardd rceedgiiroend deci si ons and/ or pe
outcomdéele number oft lveage adll @me n tne fetaat feseecoltiti en gt r
algorithm into a sl ow amndé ptoalyl e@ffr owkedasmhmetoamaeial
environment to perform optimum results. Nonet
recognized as strong and powerful algorithms
r etaill me deci sions, robot ngamgsaifibeararngfiasl!/
acqui si[t4i.0o]n, et c.
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CHAPTER 3.
METHODOLOGY

This chapdescwsslthe i mplementation of cur |
(FMS<) open, pcommaniesg them with the tradition
the major differences 4dama@eansnprave melntismatvelry ti
mo st n osthiocretasholengir mtgoollhvean,e w met h o deov aolgwa tteo trhee
deci-md kinngi 6 &dri sstpeag chsspespegmptosd ng a WKWowf er ent
the -$haovél all ocation (TSA) problem should be
of the new technol og,aemdg, cwoonppeebvoaptayoaudil otrrtse.s our

3. Iraditional Approach Review and Shortcoming:¢

The truck dispatching systems were origina

i nteracti on bet ween the shovel and trucks in

(7]

resources could be met supportedr bypnany maahagaeata
these initial models were the maximization of
constraints, or to reduce the operational cCos
' imitations i n computsatweornealp rriensaoruirlcye sl,t ntehaer no

inear condition was present.

After White drogpji@lseann edb@8 & mpius gpat ching s
split the problem into two stages for solutio
defined as the baseline for TahHils cappremac if | seteat

o
h

the upper stage must be the solution of the o
b
S

represented y the flowrates in each transpor
facilities i gndragteedstundentsheubing | inea
this purpose. The second or -dloweel salalgec ataison
problem, or in other words the allocation of
by i mplementing a dynamic programming formul a

information to solve these two consecutive st

operational parameters at the mwaese, raklovadin
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only resolving the upper stage of the probl em

occurred.

Ever since, multiple improvements were mad
devel opment of new technologies and the avail
sof t,wafriel | ing the many gaps in the traditional
uncertain nature of the mining operations and
equal amounts, the compl exiti esclhhdsttihce sncehveme s
mu kgtoial optimizationtappreaualtd eoebft@edudihreggcdn vy
indirectly related to the reque3@0d®dyfitmandagi alb

cri,siasd supported by the previous ¢gwdHatat i on

]

epontagpaoc®PbBdte odf t he oiprercapdrm nmilitr @mdnless ar

related to the transportation activities.

Some ohithal shortcomings have been al so s
to deal with heterogeneous fleets, |l arge inpu
|l ohgrm targets or |l ive data sysstteinmsl, rGPngaiann,d
specifically those related to the framework i
noticeable in current 1 mplementations regardl

manufacturer 0]

]

mi ni rgg | gistte ilso matti cre.c eBlsaarfidly

i mpl ementations, but to a certain extent they

(72}
—

management Sy e ms and present under average

- The FMS rarely aarhd elveersm tehxep erbdaiv e nwhen a
compl etion anal yoirodiucstpemf dramegeten (tfloe ec a
|l ong periods of time. Al though these plans
fleet capacities, efficiency and availabil

part of the hesk mapragkbkmwmansi,ngatphse afnidn adle vn war
result of small variations in the planned
due to the occurrence of wuncertain condit:.i
deci si ons inmsapdet cbhyi nchesywlst em and authorized

shdritme i1 ssues.
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The FMS keeps track of fixed conditions an
must be a reactive response to the observa
operati onal parameters. When the exrmactness
or dispatch analyst must provide an approx
compute a solution (e.g., mechanical avail
equi pment manufacturer), and al toldssugh t hes
analysis, to simplify the calculations the

assumption t hat .Tthhee ys armeemaipmp lcyornsot amte obj ec

optimization, either to minimize or maxi mi
following a priority sequence, it does not
by the di spatecshterri catsi nigt tshhiosuladc,cerss i n most

anal ystlsewal hgidgthhei so fsfh ocritad osmiomg tihse it mhadriitti e

approach, that stablishes the truck all oca
are no changes unless informed otherwise.
(e.g.droaddseand it is not wupdated in the sy

such parameter remains the same and the de
resulting in suboptimal allocations, del ay
tmme this condition wiceamuriss @ameatheleési wietdh dtelv
cumuérmter after c oanss eecxuptliavien edde cniesxito.ns ,

The FMS can produce cundel ackvefvarcicatriaacrys i

correctness of the input parameters may r e
that, if cumulated enough over time and, i
i n major subopti mal &ddiecitondhet h atr gwitl Ic ome
i mportant, it turns even more difficult to

produced by the system itself. FRAMSr htahlvies ar e
dedicated crew to update the system and th
avail able roads, broken |inks, opeuvuateahal
capacotyalthough not possible to eliminate
deci-makinng .process

The FMS keeps the system working, Twiet h no

di spat csh asystdeemsi gned to have a complete co

4 6



neces

with a

for Iong periods of time, subject to all t

di scussed. Unl ess an external agent (dispa
cyclical and fixed. I n systems witwh |Irhi ni ma
be all ocated wherever they are regaecuedngn

t hper i mdarrye c tbhiewes tafuck destination for the g
full). This is the main r eaosocnomhryola thhuemasny
update the I nput parameters, approve the e
communication system i s HMSNtoanamput ¢ euwmrmerm
suboptimal, or wunfeasible solutions.

The FMS is, in most cases, a black box for
t he di s paatrceh tshyes treantdaigamwlftatpdtleemi zati on al gc
suppyrsttemssoci at ed -thraa dwfae e op lgautdfrdrmise e t h e
fl owchaftoromat make .a Qlnectihsei oont her hand, t he
workers with expected extensive experience
and performance, mi-nemm plpeam@Aaitn@nss antdh ath ot
background pr epracyaad eorns dvthon thhaevged i spaéshl siys g

in a selection pool of new dispatchers fro

With the empirical knowl edge and personal
person, the new diosnpaat cthreari nriencge iivne st haed dFiMS
control the software to a desired perfor ma
the optimization algorithms are kept confi
|l ogi cs remain olbesrc,urelrudg ot henier dlispkataf e xpe
research or any other method used to desig
di spatimheaer viser position, able to execute t
incapable to repeicfattehewsohtowar ¢ het he st e
a given problem. This |l ack of wunderstandin
one of the many reasons why it is so diffi
made by théespeseéempossi ble outcome or just
This set of shortcomings are not unique to
sarily the only one, but they are presen
n installed FMS. SoftwgreedWwetvetbtbpelegne
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di minish the negative i mpact of the uncertain
l ong run of analysis and i mplementation to re
di spatch system. Although opamainitans troesedr alp
foundati ons of the FMS, the most recent appro

techniques and heuristisofdwlautei cwrap atbo | fiitli le st. h
3.Rroposed Adaptative Al Methodol ogy

The proposed met hodopbiggnconsate g civeetne asimyd$ |
happening during a dispatchisagl opeoarbsbbde mes
have been selectddafrarattilbpenssame tphwer gosenul ati o
solution .camMml tbheo gohuntdher e is virtually infinit
soluseéeony small wvariations in the,coms$tyr &ienmnt
scenaanobe real i stainda i hegx e cmipil m@mechd lds o ment i o
by Bastos [ddtbhala. st2@h&astic evaluati.on of shif

TheseeXnlomsi veev)a louattieontshr ee of the most i mp

FMS 1) The awmmnc & ratad ia loepcefr attheonal mpair agpeo@es ait n

(2) the probabilistidibBehatieorvehttshe amdc (B e
past decisions in the performance of the disp
compl @ agidtdireessed by a novel approach so that n

provided but an expl @gneansi canl soof dh osw utsos eudnder st
3.2Ghbal Weight/Priority Rearrangement

Based on the goal fproghbpapéeomi ngchapedalhamdati on
t he opti mi zatairogne tosf amu Itihieelcsenpmiei Y€ mapgmoach) e
weight or coefficient of i mportance Dliega@ach t
weights are wusually not disclosed Hysphéechuth
rel ated i mplementation the m8,dEPktlhgcreewstahiee ds hbayn
equal weight for (2151% w®@pt i6gno2abadf ioowpbad relir yaett iso h  r ¢
no target withoweheatotrharmsp,ortuatncreost | mportant

decided by the author based on own or externa
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mat hemaupppgadetti ng them as fixed coefficients

corresponding model

This first | evel of analysis evaluates the
uncertain conddiitrieocntsl yofmotdh ef yminnge ,t he way t he o
in the | mplsehmartl ®e¢ attn wank al gori thm. This is th
interpretation of, homw telae ho pourerndn ad efvemul t i g
ti e | | i mpact t he-tdaomeplteatrigeent so fa ntdh evhreg ahler a s
be prioritized orwipirled ecorsdi derirnddh&ehlobges si bl
variability of the operational parameters f ol
goal weight rearrangement is exclusively dete

at a given moment at the ins nree.gwheesnt adhe truck

The proper i mplementation of this approach
model s with two or more goals, increasing the
requtio ecdotmpaitsol uti on agitskednoumberretétgoalt s§on
applicaoponmiseagtulkeenrci ngolwheo@ttme zhti on of t w
goals must be computed simultaneously +n any
based goals where absocbwmesoa ocbnatpeaewtobsrst
next Aompe) mar yi ncaonhdist iaoppppr oach i s that the sum
equal to 100% (percent basis) @i.Althohbfghacti o
bal ancing of the weight-goab &aocomwkiqgboonamenadai nt |

even more important during the i mplementation
accurate prediction of the independent wei ght
1 P8t (3.1)

Wheieg (represents the 8&eiightt heef nauanbhe rg md |l ,gc
i n nmuhlethij ecti ve opt Omez &t hnah tonsestdenation to
di mension and scabéjettithe godkess asnmubder th
that are not necessarily under the same magni

be nodmbleif e e appl gammgandhemeet gopproach, by a
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di scussed in the | iteratUdrogiraevainedw Nardi at lperi snt
di scugeod zlew i ch and Roimaanrkyo otdGe®Ee)d i sd ramalei z at

progfess

Regarding the i mplementation of the machin
wei ght approach, thaend | ®wedhuwatr it osro fdf erisakifi epwboerak i o n
31. The starting point is to identify the scen
di screteperoveatdar ¢the transf orbm ntareyagv et | o deu
explained | atefThenfihet cplaiptiieed i oo thegaqgli $th mof
wipeérform a search function ratherfithdntaepr e

current scemardi d hteo asswalcuatteed configuration

Once the case scebaeico i voef iftdhees ta potniendi, z & thieor
adj usda esdel it fodb er e ntargroaan glemebdegthst he combi natori al
in Eq@&tiBach reformul attead amomdpepdt @ sa theelnu tsiod nv «

function, | ater to be used as training par ame
t he goal weight arrangement(s) with the most
regressionngprnmucletsisplues machine | earning regress

is conducted so that the optimum arrangement

selected for this purpose must be a@l)tender com
a sHmepluda-omuputi | ogi c. The combiFnag8lceinasli daerrrsan
ont wree weights as part of the analysis, but
for angyoamMulopiti mi zation with at | east two goal

coordinates to fi nd htehea ebdeadtl egoddiolwlcéh ag dlsu toifo
algorithm with the additional <considerations

available in Appendix A.
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GOAL-WEIGHT PREDICTION

*.csv files containing binary- ALGORITHM
based definition of each
case/combination
: ______________________ COMBINATION
SORTING Al
! }
[ casEl | [ case2 | [ casE3 | [ CASEn Jo---:
[ |
{ ! } o= =
. I odals In eac ase |
§ (I:I) ﬁ % % % ﬁ (|:|> g“_ N *.csvﬁ!;’s containing results for I Scenario formulation |
LR IR EE T I T e B
y and/or scaled if |
' i J L _ required _ _,
________ wl, w2, w3
o PREDICTIONAI |
' Tunned regression_; : Each predicted result is returned to |
| algorithms are | - i~ = == = the implemented FMS to resolve the |
I tested 1 R ‘ L _ .optimization TSA algorithm. |
———————— arrangement T T s e e e e
Fi g8t el nformation flowchart for the Goal Wei
Anot her consideration evalwuated in the ana
the weights to train t e g8ktaoen darprraendg ecnrhe notn uasl €
accuracy (or 0.1 in fractional wvalwues) for a
accuracy value ibse nnadiafbiseod.utTehiasn di nciatni a | deci
of 10% for the goal weightsé arrangement i s t
without increasing artificially the size of t
the results are not significantly different,
mul tiply to unsolvable sizes without much i mp
Nonet hel ess, the more comprdtex héemp e@miorbd eant btelce
more operational parameters, and multiple pre
more recommended to have controll able accurac
the tighter tshetmhreamosicomntleewaeli oins wi | | be re
each scenario.
I n Egqg@Bat hengaussian formula fdro tels#hanar eo f
Si ze codsectemdaeepeondi ng on the precision | evel of
~ EE P
v (3.2
C



Whe(¥ is the number of possible combinati ot
i mpl emean@toonesponds posshbl aumhkbuesfit hat ca

(any goal t wedroghtmne arrangement of three goal w
| f accuracy Eeppel i s 1Iv0 @@ £ Qi
| f accuracy EeprEpPp is ITr%ulpoupé Qi
| f accuracy Eephernpis O. dfdpngé Qi

Dependi g adenttheeamdobhemnumber, otfhegoal s eva
computationwadi e mp | Rigd @ gm atwaetf ipooms e wti ¢ ¢dh @xa mp
approXitnfate@ t hedriAt itciarini ng the problem i mpos:s
reasonabl e caompuwti st iacmmdly swwistnamumdr d ee wiea i §iti teal
predictive model iI's expected proedbdies ithogdllesradll &
thanTHé&.i mpl ementation of the methodol ogy eval

response to the expected size of the problem

regions with respect t.o a 1% accuracy i mpl eme
3. 2E2emased Probabilistic Assessment
Anal ogous to the probabilistic ttraeeba&anal ys

model | ed ascemathae&bisl ipsvaldaibes tiatfpga Dend hi st or i c al

records arrangebaspddbatthbufreWYhuemot/ybese oev el

occture operatiameal mpairamedeats di fferent | evels
the numerical value to the deletion of entire
i mplications of the probabilistic nature of s

makihnagn tit was previodbusheg eovesidéoédows a stoc

occurtrlreentceaf fects conti n(@ogsf uoep e rcddtB sounnaplt ipoanr ar

probabilistic model will evaluate the 1 mpact
ti me wimidowscenbhséepbpvednwbenoa shovel operatior
spill: should the assigned trucks keep waitin

should they be redi Waatedftohardi ffenenbnshde
shovel wi || be back online after 30 minutes?

wi t ht rtuhcek s I f t he shovel i s not expkreted to be
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independent probambalymsedrc tshcee naag s wmp taireen t hat

solution must be computed in accordance so th
created, and each value weighted to the indep
occurrnenbcee mteaasured and any action to take dec
of the possible outcome and the probability o

A primary consideration for this analysis

be created, were each branch will represent a
and the number of branches txtemamgkienganhéec
problem i mpossible to solve. Because of this

a t@ioree probabilistic branch) to consider all/l

]

educing the size oflehwiphohl amreasmakbl etts

solution is once again heavily influenced by
stochastic characteristic of the problem from
approach i stthkekaprobabstumtoes of all possi bl e
100% (percent basis) or 1.033fraction basis)

Lido 6 p8t (3.3)

Wherme" [) corresponds to the inteppeoadeatupr

i nidicahdftion amd psesdrt tot al number of disecr
anal ysi s. From tohecmmebieotheexamplal @conditio
of fli@ie¢, tAedscenari o where the shovel i's back
not being available for the rest of the shift
not orifoars,t ius | mpl e me ot eithorsosh atlzhgdairat i vodl |t be

anal,yyismpl i fyingatseenglkebpembthdowdvdry, btrteencahppr o
fact support combined probability scenari os,

mo d e | and the computatmnonal solegsbiuocesor egqherpg

3. 2TBnkor i Agncan ysi s

One on the major issues in the exi-andng FM
t he-treirdn pl anni ng, either in aespbaesmi hbngheit
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(operations and mine pl adhenpg aargt md rnttesn) ,woark st mes |

knowl edge of the dispatem mopernatson(dispgqarcdieng

participater mnpltaenimng meetings). Becawse of |
decision is to provideora anlatdeoem ffowi @hguv e e
paying much attention to the implications of
However, itnhteerred eipseinateinec®e bet ween shifts or
cumul atitvei s eisaa] twhat happens in a previous p:¢
period if some conditions are metsetForf axXasmople

events are negativelyeafjfectiang ohetowvuekprodu
bencaoeashortfall of materi al i s cumulated, in

target wil/l have an dijruhseriintge dnhaad drinteieceroesls evse if o
t he previous percioondssi dwdireéahouyd d ad ff ie@wuri meangeds f

(could also result in additional production i

As theesmompt ans in the mining sdaielay gqets us
are schedtuh &td weekdgcdmplgiessed amy htebdayend of t
deviation in the target completion on a daily
days. This type of analysis masks the issues
operati onali ndcelcuidsiinogn ss o me t.i nTehsi sd iaspppar rocahcihd iear i encst
solutilboséorssues related,t@antdhevagisspat ¢ mpa etm

met hods and techniqgues to evaluate solutions

preventive response to uncertain events in a
The i mpl ement & heexopnemiaoseelndasadcd dn me t he chang

operational pafdmeteerset akeangbaicatr reacehe do

the negative i mpact of such coAdiheevahuwdii ber

t he di spat dtlsi g avaneec ibsiigo mps ¢t ut lceua fr etnht e cooprerl att ii
t hhei-der m pr odu opthiesre ngl/dmut uupeetledenceesesgtcest |
benches, ambagmot &liactnesd dcaonn dbiet i ftti enger ati esd att o hti

deci sions, making a proactive response rather

Al t hough the periods of analysis are now e

i's stildl computed independently based on the
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approachstielpethei stakchastic simulation of the

events over a tipmebhmhdriilzecn ilcasaedheaorefa aackptin

evemtl y when the probability is over aadgtwem t
solving the optimization model with the modif
with the specific discrete events in each per

be the completion of hemajme bptimomatand/ bar

independent objective functions of each perio
3. DBatpaocessing

T he anbeonvteiaopnperdo@aarmelse eval uat e(di ml pairealolrelc)or
dependidg@gsometdhé eard ©DODheaoampkeési ty ofThtehe se
fl owchart of i nf omentah o d osllad guysttFiigB2ge ® no s @ d
specific steps dmd exdsutmperemewtay stoeem wor Ks
installed FMBshytasingmthbe di spatch deci sion
genetl alaitawhti ghly adaptativeanhd ampl pmenat bt eoac
adapted to any existing commer oifaijpopaempwave a
mul ti goalaroegptmeSti)maéei oh saycsttse nmtshsehtanp heeka | & lell o c at
algorithm, its main functionsdesndri @elrdwem at :
solution, pEgreadbipwuetds dcs o rviieo dmoedde Ifsorommul at i ons t «
optimizatdepenmhodg!| onantdhe cormrzeki toifondhe avail abl

OCCURRENCE OF ONE OR NEW CONDITIONS ARTIFICIAL
HISTORICAL
MULTIPLE DISCRETE EVENTS — T e ¢
STRUCTURE
NEW ARRANGEMENT OF A A
GOAL WEIGHTS
EXEMPTIONS
THE SYSTEM EVALUATES
AVAILABLE RESOURCES
ADAPTED OPTIMIZATION - COMPUTED SOLUTION IS
MODEL IS SOLVED COMPILED FOR COMPARISSON
TRUCKS ARE REALLOCATED RESULTS ARE COLLECTED
TO THE SHOVELS - AS FEEDBACK DATA

B

The cycle repeats SYSTEM IS UPDATED

Fi g3 el nformation flowchart of the Adapt
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res

ste

The description of the data preparation, i

ults sorting and delivering, and outcome s
ps:

.FM@ata is collected and organized to ident
vari abl es, obj ectsavned fluinsctt ioofn caornrsatnrgaei nmetnst.
create af bakeli mel émentaeg swystami on of the

.For each scenari o (uasreadanbgye meme ifs patrcamea lec

a solutai onu) ti set of small wvariations are

adj ustiinpputt hced of feiac iud n tomn ,med rhd dod losggythe usi ng
di spatchasalfgroromtthhme i nstalled FM®Bansemi dhlr
20)1[258Bpr a GPS tr uc(ki fterra,cgka anlg waeniag hyts/ipsr i or i
rearrangement, a variance in the order of

wei ghts oqf feoastdesvepdndgr obabidutsdome asweisgmead
i ndependentarmgfdoabahbimei thioes zon analysis, deg
the cumul ated) production target

.The sol ut i o(nosutfcoormee aocfh tsheeh roeb joercgtainv ez efdu macst i

model s for | ater use as training datasets.
better the accuracy of the prediThtei wa zmode
restrictions dB3cshcsled bea &vgadaaparioemcdi smhoem | e

sel ected

A single file thabtskioettspomeée bive héteremmtonaidnsgg y

datasetimachitheplr eaiadiginoge t hm. This | ist ca
any possi blie fionnprhatme(ratiraatditioard s e q u etnycpee of b
values for |1 og idernggrfeascsgibpamnhm Bs &Abhg 8e
find the -caseedcmomaeelk e | i st

.The fl ow of information in the predictive
approaches: (1) by training a single dummy
after the scenario has been properly i dent
time the predictive model is compiled, all

fdrow complex case studies wjitandi 2Y) ey num
predictive model for each sceranioo stkeafracrheh
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predictive mddalidmaitaaghestr, trheacnommended when t
amount gefnedatad by complex conditions

f . Theecmadhi ne preanaditgnoyge t hm requires two val
information in the framewor k: (1) thobe scen
predictli vendo@z)y eslé t (or deviation) from
value i f the moded ypepeptashmaghsa shtio mv, Zrait a toino r
percent or as an absolute value) 1 f the op
maxi mi zati on process.

g.The output of the framewdrok demdndveigrtt/ hpea
rearrangement, the solution wil!/ return be
of weights for the goals to be rdmwmal cul ate
evebnatsed probabilistic absessets sproesnsti,b loeutcpouur sw

for most pr@amablfersdeéemar  homri zon anal ysi s,

rearrangement of productian capacities and
h.ln all cases, the solutiFMS iisnstoea d,i rietctil sy
to the dispatcher as a potentitalmes @t spfatadc
system (suggestion of best actions to take
di spat ch styismee nf iinncduéda nagl uwehse dffnsct hbed i n
predictive model does not require addition
backgroupdat g atafidreiteags et s aft erd eelammdistdeci si C
behavi meilnifkke ced | earning process (the mor
precise the, ppetdi ke e pinsg atrleg supervised | e:
scenari o encountered must be evaluated and
Theetails of each of the two predictive al
di scussed next, describing the reasoning take

providing a pseudocode to explain thezdatanpr

of each regression model wil/ be discussed in
3.3CadsSeenaBr nadoynf i gurati on

First machine | earning predictive model i n

fl owchart, the step (d) mentpiosrse dslcdmhaasied e f i n
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evaluate, so they can be used as index for th
From an operational perspective, it tihatdi ffic
happen atsittheeermafnbinegar y/ Bool ean configuration
occurrence of i1 dent itfoi eede pdiesscerndtae Ipevteentesmtt isTemic
happening, the information provi-dew armridheofpr
binary 0O0al aed noc(cUrfrerncreq ,1 dror( dciumrkRoaleg a
FALSE or TRUE, wherkethandhepdtapraceiasp lsdmovme
i BRI gB83 e

Event 1 Event 2 Event 3 Event 4 Event 5 Event 6 Event 7

M e N e e T

Binary

Configuration 0 ! ! 0 ! 0

Boolean. True False True True False True False

Configuration

Fi g8x eBinary/ Boolean configuration of

The foll owi ndgelpiseeaded ofd@r t tlleeo ws caefnrasgyi eon twh e |
occurrence is provided in exbraatgdfasmatstTh
converted into an orsdi nhlatf e hmatse(aurdicralofs dbda
to predict the corresponding index by wusing |

Index selection predictive algorithm

Data: List of events in binary configuration as a *.csv file

Result: Predictive model returns index value

Read -> Binary values as string for predictor

Index value as string for regressand ;

Transform - > Predictor data using ordinal encoder;

Fit -> Model to encoded list using logistic regression;

Predict -> From 1 - row array of binary values, return  index;

The i mpl eme nthet ipcreudocode wi || depend on t
the configuration of the | ogisti cTheegmeeesd ifoor
the i mplementation of a regression model rath
obtain the index of a given arrangement of ev
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t he

mo d

3.3

for
par

i mp

compl exities added by increasing one or m

el i s b-asewmalslog uan oalstifieap . t hi s
MAl-edenari o Formul ation and Solving Proces:s

Anot her major component of this proposed m
mul ation of the installed dispatch system
ameters as a result of the occfurtrreexcmo tf d

ortant shortfalls of current FMS is the co

(objective function) and a certain degree of

di s
a b

wi |

pro
FMS
req
res

con

patch analysts as paoptiohi 2 &dtei ®1y stt @amg eitpidrad )
ase model is fundamental to apply the desi
I respond to the occurrence of the discret
This base scenario formulation is the conn
posed metrheopdoilcoagtye s atshe tresults computed by
all ows a full integration of the model , t
uired to be shared with the external syste
ults, otherwise in case the FMS does not d
sidered as confidenticalext etrmal lhhyditfoi dat ic@m

simul ated scenario inside the installed FMS.

The wmweletniari o formulation and solving proce

a)Thienitial formulation is prepared based o
parameters in the mine are at optimum per
roads are open, all sour,&eda xainndu nd ecsat p ancaitti

are evaluated

b)The i dentificati on, anal ysi s, evaluation
i mpacts of all possible discrete events t
From this |ist, only the events with reas

consi deraacltl d ni mhe mining operation are s
pur pdisset, r-b & saepdporno ac hes pricrheiaglD&®aofettohe
operati onal di sruptions are produced by 2
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fildt
di sr
asi d
c)A se
oper
even
t he
mo d i
appl
t oo
sol u
and
d)For
arr a
wei @
mo d i
comp
e)Al |
wi ||
| BM,

er the most iIimpactful discrete events

uption of the operations over a fract

e foBaséde Ewvebabilistic approach.

t of

ation
t inv
Eeksec
ficat

i ed
s ma l

ti on

i ncr e

each

ndg oeme

hts
fied
osed
t he
be

modi fied formulations are comput
al parameters based on the occur
olves the wunavailability of a gi
bbbl e trucKklio fpaorevtermnuc k nanlelcesatairo
ions i n sections other than the
o t he !pard memeelrést iuosnisn gt dbirgepr es e
values respectively, to force t
as unfeasiHolwevepti ohns mMag amasluy e
a s e dE acconrmpnuotdiinfgi etdi nfeor mul ati on de
of the modified f orcrourba tniaa s i(ailn
mte wei ght of each Jg31lp(ls uins oafp palile
s h9O0@Weored. P)ef®%H] oh%FEa@kl %)Y e. g
objective function is considered
by all the | ogs created inside.
ew reformul ated models (number o

olved in the same sol ver softwar

Gur obi by Gurobi Optimization), eith

e n vni meon t

asso

scen

or externally in a | ocal comput

ciated with the corresponding |l og (ar

ario

as future input parameters for t

f)For eMdimxt eger LineemaroPrBNgnamming opti mi za

uncommon to find that the same solution c
arrangement s, an i mporftoaamé¢ cobgreaessieonsmod
i mpl ementation. As each case scealalr itohenow
|l ogs can be plotted using the weights of
The regions defined by the common values
will createoclbnmourthenpsessi ble combinat.i
From the | ist of all possible solutions,
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optimizes the objective function the most

contour |lines will separate the regions o
optimal solutiono.
g)Al'l the solution | ogs for each case scena

as training data for a single prediction

with a single case scenari o).

Al t hough the previous steps are dbpsecti bed
function of dach headessaemariacgi ati ons, this p

simple iterative process described in the fol

Multi - scenario formulation automation process

Data: Baseline formulation ( Sets, Parameters, Decision
Variables, ojective Function, Constraints)
Result: Set of reformulated models

Procedure COMBINATORIAL] );

1T h h B h = 0;
Vector = [];
for) <= 10®
for] <= 1@®
for) <= 10®
é
for) <= 100
for] <= 100
i f 1 1 E 1 = 10tOhen
Vecter=vectordi[h Bh & ];
end if
1 Y1 - precision
end for
1 Y + precision;
end for
é
17 Y] + preci;sion
end for
17 Y1 + precision;
end for

1 Y1 + precision;
end for
retuNvmctor ;
end Procedur e
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Procedure REFORMULATION{lodFile .txt , Vector, Sets, Parameters,
Decision  Variables, Objective Function, Constraints) ,
j = 0,
k = 0;
while j < size of Vector do:
while  k < size of Vector][j] do:
in ModFile .txt write Sets ;
in ModFile .txt write Parameters;
in ModFile .txt write Decision Variables;
Objective Function Y Vector[[l#oTarget 10 +
Vector[[24doTarget 20 +
Vector[[3l06 Target 30 +
e
Vector [l fFl0Tar gkd
Vector[j][ k] +0Target ko
in ModFile .txt write  Objective Function;
in ModFile .txt write Constraints;

kY k + 1;

end whil e
i Y i+ 1,
end whil e

retumModFi It et
end Procedur e

Ther evi ous |pys eduedsoccrodbee di s i mpl emented for th
build, but it can be adapted to any recent ve
file (formulation) is integrated to the Dat f

commamds )t hfe sol ver softwhitethe sempoatedtdhel s
the same computer that redabrimuéradteisve heeotoide

C++ code to integrate the sol wer npursac ebses .c ofmasri
such as All owable Gap% and Maxi mum Executi on
convexity of the solution is not reached with

these two paramet er s Cwialplt elre 4e X¥ wlra itrheed biars ed arno
3.3R8gression Models Evalwuation and Hyperpara

The first predi cthieve nnidoedxe In gp roefs etnhtee do cfcourr rte
events followed a classic machine pdreaacgensisng i m

based on multiple inputs to evaluate a single
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machine | earning al gornadthtmputdi enp| mumletnit pli & ae!
al so adding t heonceo nspilnegxli & oyr nopfu tulsvianlga €y s i s
Al t hough the machine | earning algorithms i
prediction approach, there apbetpaomerabgesstit bm
and also few cases of predict itoino nmobdye |ssp & chiaatl
wor karounds and hyperparameter tunning. Howeyv
the condition@Bftovebal anEquaheowei ghts of the
coordinates. Explained next is a |ist of the
simple description of what they will do for t
associ atpead almeger s for the tunning process. | n
explanation of the accuracy of each regressio
process in response to the case scenarios eva
The final I mpl ementati onnéoes$ &winisy tdeeg s & thee
selection of a singleprediessioos, mbdeéel eval pat
performs the best in each case, to create a p
there is one algoritHmtetghradtsosiisalddle moase s ata@dp @
of this scenario wil!/ be di scussed after the
- Linkbased regression model s. |l ncludes Linea
These models are expected tshhpeeraggood p
feasibility around the center of the mul ti

nomonvex regions for complex scenarios as

training. Alttyywagrhegrhesdiicomreamodel s are i nhe

out put regressions, thdimaoksboafafurther adau

associated with these algorithms and push

t o

the center of the multidi mensi othgpespac

model s is expected. The hyperparcdhmet ars s el

expectdd val be {or L1 and L2 regularizati ol

provided, a tunning process wil/ mean | itt

K-Nearest NeighboNe-hi @ag@graes algormodenl t hat wi

sensitive to the shape and size of the reg

6 3



advant ages -ttyme 4dlhemeb-mmremdaped blioacsaetdi on s

of the opttiomaar dcso notnoeu rtsar get wi | | have a ne
t he pr elfdhiec tkiNoONnsa.l gori thm i s also another mo
mu lotuit put regressions. Regarding the tunnin
considered in the analysis, starting with

pernfaonrce depending on the numbesrkiofdidsitnmaenncsei
function would be t()e ddibwtimucse cdfoi acred aevri t s
hyper par amet 25 ( Sewbhi EquaheoManhattan funct
di scarded as it can stild!l be applicabl e de

second opti onQutao uaen alay zneo ries ptrheef erred and p

to evaluate given how sensitive the i mplem
i mportance of one specific goal over the o
Trdased regression algorithms. Includes cl

regressi oAnalkt geri ekmmpl ecofpttther @agt-é y®0 ms )

based algorithms are able to subdivide dat

the case of the decision tree, it is known
randoens tf oarppr oach that generalizes the mode
proposed methodol ogy perfor ms ebneetrtaelri sitn oonve
as the contour | imits are known and well d
rather than an attempt to predict another

decision tree regressor i s coxypeadatead ttoo tteav
random forest approach. Wi spliréespeatest andh
of categories will be the selected hyperpa
maxi mi ze the overfitting.

Gaussian r e dqNoéhd sniemar mddgelr.it hm capable to p
where the fitting process is conducted thr

bet ween two data poi Altisneaanrd faudnjcutsitoinnsg tsoe vfei

possi bl e Tphreeodriecttiicoanlsl.y, t he gaussian proces

©
@D
—

formitthe bketpurpose of this mectandol og
be created are not mapping stssobbgebbonddsi
would be expected that the predicted arran
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t he EdJ3adpftoiront he we, gden édradtainrtg ngal ues with

devi.atTonhave consistent results witihs thi s
conduwattheed kernel function, prioritizing the
@@ that controls the distance between point
A) related with the vertical span of the f
Pol ynomi al rdédgseesiah mgpel of regression a
relationship between melgrieg!l @ op vy eSimditldars umn
to the gaussian model, the polynomial func
along a fitted function to the known point
tune the parameters. However, fsomca muwmltyi o
out put regreasigomipdhomdbes a, ptoH gpneorniiocalmionfg de
al most | inear. reigmes st ben ipmplcemasnt ati on of
requires the pol ymemifalt tterdan snfpant maltait an dfhe
wi || be different than the classic |linear

mul tidi mensional spacgodlexqu.alThveerieg harse bred wg
modi fy for the tunning process, making thi

regression model s.

Ot her regression models such as Neur al Net

Logistic are discarded from the anahpst-smgl ve

out put regression process. Evemawi twe iexhtte rbsail va
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CHAPTER 4.
BASMODEEVALUATI ON

This chapter wil/l di scuss the theoretical
a controlled environment descri bedass anogyert h
configured to represent a classic mining oper
manage t he .flTehed o peeroautricoersa l parameters are ev
conditions such as pit configuration, road pr
ot her condition required for the calcubations
applied to this base model to evalwuate the pr

4 . BRadMeodBPescription

A sample open pit mine is designed to test
opti mi zat.i olnh es epcatriaonmest er s, configuration, si ze
to represent a regular mine site where the tr
and trucks. I n this carndrreoplsleesda nssceetineloryo eon ¢ it ehe
(production) and wadgtwibebBeéendbhledhahsti ei pireognat ea
each bench, there are two roads to allow the

destinations. The diagrarmiagfirtehi s synthetic m

Fi g4t Sa mpil ®@grdam of the base modeéelb, angf.eeahc ei

6 6



The par amet earrse osfi mphliisf ineidnet o e da he tsh e ec alfc

the problem for the sake ofsthe ebmphitmdinonal

resi smamndbhg@equo pdent availabilities, truck spee
deacceleration factors, dumping and spotting
included in the operati ohlhhd wioeddliica a&tniten tof st

bet ween the sources (shovels) sanhle mahtei ademdap nxat
i Fi g442 ewhere the road notation will be used a
and truck all ocations.

- " , 5 = P galbal
0S1R1_— / 7 TN
/ ORE WASTE '
SHOVEL 1 SHOVEL 1
O0S1R2, WS1R2

T 0S2R1 WS2R1 —

~= g
\ ORE WASTE ,
&  SHOVEL2  SHOVEL2 _ WS2R2 -

Fi g42 e Schematic diagram of the base case mode
formul ati on.

Thgssem compededtebiogmn (0or e btewienh ewsa satned benche
t wbest i rpatoiceemisslilngand wasteedump) 16 7t rlODAOR S Cc 0 m|
trucks -aad OBr mbRied ERpected #ouk&kedl, i antyl vy et
the fleet resourctersedly st emesuhablie o smeaedtrt h
as they .Alrfleo sph cavenlesdi ar eno epgricadauncdt | o D Oap ddmist/ ynhr ,
for -har 1sOhi ft periAcd memt amalyls be weéirfehacent road

the correspondomg wdeasdiwiat h olmedIteese rr adiest & rhae,

road prdohel ejyucks are all owed t o Tcoh oroesdeu caen yt hre
compl exi ty adh tthrematoedwilhl, lome shovel only in on
whol e period, but the number of chPcbessmiaggyva
mi | | requirement pdr,opwdriilod expgedipPd Agad DS t or
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Deviations from the product i ceemateasr, g eatss ivginliln gb

$/ tfomr ore negamnd vEO deNt @an i omrrb .waste negative

The operational par amet eTrashdlfeorn neaap otrrad d kn g
modi fying factors to reduce the number of <cal
cost evaluates an avenatgelbok81&aesatoosn/ ftornu clkbsd. 1T
cycle times are differentidatedalyyedt yme mo fnuttrews
required to be transformed to .ho@Qme /icpmrdret & rotr
condition is to provi denmorod dfhee b wmaewd tplagya m
are selected as the primary option for alloca
forces the styhsatenofnteo meckabhdeudeti mi zation, the <c

all oomawi | | be more noticeabl e.
Tabdlle Truck operational parameters pe
. Cycle Time (minutes) .
Truck ID Truct(t;a)\pacm Ore Shovel 1 Ore Shovel 2 Waste Shovel 1 Waste Shovel 2 T?::tp(c;;ttztr:c)m
Road 1 Road 2 Road 1 Road 2 Road 1 Road 2 Road 1 Road 2
1 100 25.0 35.0 32.5 20.0 26.0 34.0 24.0 32.0 1.30
2 100 25.0 35.0 325 20.0 26.0 34.0 24.0 32.0 1.30
3 100 25.0 35.0 32.5 20.0 26.0 34.0 24.0 32.0 1.30
4 100 25.0 35.0 325 20.0 26.0 34.0 24.0 32.0 1.30
5 100 25.0 35.0 32.5 20.0 26.0 34.0 24.0 32.0 1.30
6 100 25.0 35.0 32.5 20.0 26.0 34.0 24.0 32.0 1.30
7 100 25.0 35.0 32.5 20.0 26.0 34.0 24.0 32.0 1.30
8 150 30.0 40.0 22.5 37.5 28.0 38.0 42.0 36.0 1.10
9 150 30.0 40.0 22.5 37.5 28.0 38.0 42.0 36.0 1.10
10 150 30.0 40.0 22.5 37.5 28.0 38.0 42.0 36.0 1.10
11 150 30.0 40.0 22.5 37.5 28.0 38.0 42.0 36.0 1.10
12 150 30.0 40.0 22.5 37.5 28.0 38.0 42.0 36.0 1.10
13 150 30.0 40.0 22.5 37.5 28.0 38.0 42.0 36.0 1.10
14 150 30.0 40.0 22.5 37.5 28.0 38.0 42.0 36.0 1.10
15 150 30.0 40.0 22.5 37.5 28.0 38.0 42.0 36.0 1.10
16 150 30.0 40.0 22.5 37.5 28.0 38.0 42.0 36.0 1.10
4. Base Model For mul ati on
A master formul ati on 1 sc adseevse |socpeenda rtioo ,a cwchoeur
resources and geometric configurations are in

modi fied for each optimizati on ngppdrhea @harwmdktd re
affected by the di scrckdfeawlvtentia lpbae ga ewrala gthavv &
oz( smal | enough value) to discard their sel eci

the formul ati on.
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Al t hough the master formulation i s common
one parameter that wislhle lgaovwd owven gthant awg ruisa teid
each optimizaThos &ppmabadaehi on model represent
the installed commeanwarli &FtMSo mmtc drhree srtg cnred s atnal
conducted eptreoempmoasleldy masohucthsoh @degFfyMSI u(nisn par al | el

Seasd I ndexes

Ny O0d 0@ QA@i Q¢ Qi

oN Y 0@ 1 6 OQI

EMNUOTY ORI IMW L QG

OiN WYY XEOQ O AL Qa i

PN YY GBOR QA Q @io £Ha@tmnd 0 0R6 1 @ENRQI 0 QE OO QE &
O @QE QQENE DN DO DI B 6 d QB N 6 Q& QNG O ®E &

Parameters:

"00 4B 1 Il ¢ Q6 ®WNEFFAQ & 0EMO QAN "QaotEEE |
"00 YEh Gi O & QRONCGREABENQ ¢ £EMO QA "QEOEEEE |
0"Yid | Rl ¢ Q6 ENEEFN0T RO & |

0 Yodd Gi 0 & QRONGREEBEQT ROR £ |

Op 7 Q0 @O MOI@ED T 0GXI 601 (W 0 QHEQET ¢ TR 61 i

Os

6 0 FdM®DITEM 1 60X ££41 (B 0 OEQEN € DB o1
0 dQ"QQQ QOERV AN Q1 PEXO | |

0 "YE 0 & B0 WD QGRIQT "ROR QO i

0 6dQ "Q"QQ CrHGPVCD @A ¢ GSCE € |

0 "Y6d@ 0 1 '@ QQ dHUCHED BA B 0 Qdo ¢ FQ
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®"Y6 @ 61 A'WQQ HABIERD VXX L Qd 0 ¢ FQ

0 () Q& ORI QN E NINQE Qo6 ROVEQID! BLED T "BIDOE &

Ca

) Q& QNN QMO @ B @ &1 QA CDEADH QI ‘Googo | "RIDOE €

YOD I WE T N € WO & DQEOTOAID £ &

1 doi | ¢ ONOIXDEQE did) Qi BEM Do Q¢ ¢

Decision Variabl es

Op (dp QI 6AXIDI | QOEQUAR 0 QHEQET ¢ DB G Qi IO 0 Qi Q

Op (dp QW 6AXIDI | QOHAN BAR0 QEQET ¢ DB G QI AT 0 Q Q

C

00 61 nNAdiirR ¢ QO '@ £ROR £ |

Cs

00q a JAEQ Ml ¢ Q6 @i EROR ¢ i

C

Omd 61 NABH®I O I QNGB I'IRHR £ |

600hd & Gaidi o ®i "QIEGGIIRITRDR £ |

"00 £ df |08 8 0 & £461 (B 0 QIR ¢ GI0E GO Ql RPHR FT@ 6 |

"O® fd) O WRE 0O 6N £WGT B QESTD ¢ EIQE GO G QI ROR T® 6 |
BYYH rdbObE @I 6END | QOEQAB L QIR £ EIQE GO H QI BOR QO
BYQ rdd0ha @il 0IHQ | QOHALT BE VAR ¢ EIQE GV G Q1 ROR QO |
8 YiUh 6 6 6 & &b MEMHO'QQQE £ QOO ROR ¢ |

8 YOdM 6 G 6 & B HRABMNHQQVE & BNV RPDHR £ |

00 dp' Q06 & 6 & 60 VNQFD & Q"M QO MEDFHI it PO 0 Qi Q
0w dpQB6 6 6 & GHRBRQED & Q Q6 QO MEDFHIR i PO 0 Qi O
61 Q0 Q¢ dda &) aExDd DO QD IINE a®d DI RIAQ

DOi 6 Q0 QA LR XD 1D O QDN ) V& OAB DI RAQ
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Yi O i g iEQ0 XD I ® QDO GG | N £ é @6 ERAQ
YE O OO GOEE [ OQ 0D XD 1 QD © QNOCE AVGCEOWINE OCED ) Q1 REAQ
"YE O GG 6 gbd AT D 'O @'Q a 60 RN OO & Vil 6ANG Qi RAQ

Objectivie Function

0 Q& 1 201 Q0QE DO FOOI 0 Q0 Q& s GEi NoE (41

Subject to:

Overmapen oducti on bal ance:

0"YO ©O 00 j 0O0 00U "00 "Y0 (4.2

Ov e walsdtter i ppi ng bal ance:

&Yoo O 06 00dm 00d 00 Yo 4.3)

Ore production balance per period:

60"YO ©O 00 j DOUO GO0 U"Y0 b Aavo (44

Waste stripping balance per period:

0 Yo ©O

O]
e
c
@)
€
c
o
8.
c
-<
€
5
c

(4.5)

Bal ancuommub&ted completion of ore production
00z 6"Y6 OO0 m AN 0 (46)

~

0 "YO 000 000 00 2z 67Y0 0 0V 0 "YU 4.7
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b av cad

Bal ance of cumul ated completion of waste

Owz 6"Yo 00w 1 I AN D (4.8)
0 "Yw 00w 0 Ow Ow Z 0"Yw 0 Ow 0 "Yw
(4.9)
ban cad
Ore flow calculation in each road:
06 _ . e T
FZ(A)HHZOY[':‘H Ou AN ORE MO W NTY (41D
Waste flow calculation in each road:
!06 " e L] ”n v \ TV!I '“v €
.OZOOHHZOY(.F}F] Ow AN O iNoO™M NY (41)
Truck all ocati on:
O § AT b~ 0N Y (41 P

(I)ﬁﬁ (I)ﬁﬁ 0"Y lr‘]Nf) (41 3B
Hauling cycl es
0O . . .
T O0'Yy j 5o AN OON " INO W NY (41 %
L e O T e e
T 0YQ® ; g av oy "YW ivo™MNY 41p
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YEOWAOWWA QIO YY [Z2Wg f oOYQ Z2W; §

(41 p
LA~ 0RO 4
Shovel <capacities:
00 0 Y6 b~ ORE iN G Y (A1)
Oo® p ©'Y6 b AN ORIy @Y (41 8
Cost Compoerentperiod
01 Q0 Q¢ @ 6zdd OO0 IAND (419
WO 0 Q0 Q& d ad o IAND (42D
Yi ©Ei nNOEl O
062"Y62 6§ pz0p 6@ §20n f 421
L AN D
YE O QUGB N0 QE DOBdIKHO QD QE Yadodi N6ei ol NND (42 P

Vari abl es -negat iawmidt ineosn:

(I)ﬁ ﬁhI)ﬁ ﬁI'DU HO @ OQE DI ! f]N OMN "YE iN O N iv 0™ VY (4.2 3
0 O OO Owh) O ™ JAND (42 %
00 A0 M Y{ MO Y@  m JANOON Y NGO INOYINY (425

& "YUD "YoliYé 0 a6 wda Qi bAND (425
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01 Q0 Qéfbddo @ QO QBYDadE D NIYE 0 dda 6 ati o bavo (425

The for mul a de g4dydieldda dch eisn tHheeu aothijeerct i ve func

on three economic components. Each target s
factor ionbjtehcet invuel toipti mi zati on. The parameter s
avoid tfhea nseceadl iong met hod or normalization proc

conducted.

Theal ance of the forecast production for t1l
42and3), while the balance of the prod4ction s
and5. The constraints to keep track on the cor
are in Bgaa@donwshi l e the evaluation of the bin
surplus of material from a previous period is

foll owing period i(4H)am(d8)d ent @d ei mnEg watsit@ng esp

The mat erbiead seiigop ve atcdh avail abl e (4lophdri s gi v

ore, and4lBfomrnt waste. Constraintsalsel avatdutoet
both trucks and shovels. For the assumption t
(whether ore or waste) in a given rod@d,p2 the t
while the number of trucks that are in use at
available i s e@aRuarthsddedayfld&Erqgatdiyacro e a | number
that each truck wild/l perforl a4l baa@dbp peri od a
respecthievdllyow rate of mattoeralall rtohaadts ccaonmibneg afsr
is |imted by the shovel effecti v@lg¥Efaopracortey,
shovel s, aMd Bfi nmr Ewasatte onnhovel s.

The cost components considered for the mod
evaluated as ancillary variables. The monet ar
producdeisocnr iibsed 4l 8 Bwhudtei arhe monetary costs r
slack in waste stri p(#dhigheisse densoc riinbietd ailn cEgmpao
to be decision factors depending on possible
production or the waste stripping, (@®hlereas th

corresponds to the transportation cost, that
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probabilistic occurrence approach when an eve

partially affecting certain operational par am

The frequency cefaethheemstadicceaid riemctehiod farti al
all kBaseso be considered for the second (prob;
horizon analysis) | evel of i mplementation. Th
base cas es hsocwehn agréad; e whser e t he warning sign repr

by the discrete event. I't is Iimportant to men
others: while blocked roads only affect the a
avaiWwiabl edeacti vate any road connected to it,

that section of the reetewmdr lo.f t@nuadsdess Hheabd eeer h an
range of workarounds, not restricting the sho

required at etvleen macmemptt i ng the replacement of

another truck i f the case configuration all ow
Ore Shovel 1 Waste Shovel 1
Road 1 blocked Road 1 blocked
1,400
0$1R1 ton/hr WS1R1
/ WASTE N\
20,000 / SHOVEL 1 SHOVEL 1 AN 25,000
ton/day 0S1R2/ \\wsmz ton/day
MILL ’ )
—

Waste Shovel 2
not available

Ore Shovel 2
not available

/
WS2R1 /

WASTE
SHOVEL 2
=

_—

- oszRz

. 2x 100-ton trucks
not available

Fi g4 eDistribution of occurrences of the

One final consideration of the | i st of di s

occurrence wi bsl nleaesdte df,ororasi nmuocthher words f i tt

is, for the i mplementation of the prediction
horizon analysis, the events wil/l stagt at th
shift, having a complete disruption of the op

76



mod el based on probabilistic occurrence, the

probabilistic distribution, affecting only th
4. 3Cémbinatorial Anal ysi s

The selected discrete events will modify t
repl acement of the affected parameters by a n
selection rather than del etitrog thhegmorThe oneswa
depending on the objectives ofbitghaen do pztmanhilz at i
not ati on (ree.sgp.e,ctiifved yshovel i's down, rather tfF
and constrai-downte®showel pbrokenfor mul ation wil |l
shovel to an #dAi‘nf irneistterdi cvtailnuge ,i tosr ubsieg wi t hout
optimizati ohhif®rmoamlaitnangori al framework altho
excessive cormpeuatcaht icahmsaelc r withmee edependent to the
wi || modi fy exclusive masamanens @if fectsbwe d

that the i mpact of the occurrence of each par

Considering that over a single working shi
unrealistic, the possibility of occurrence of
analysis with no repetitioaeagsenftFesr asaeseh pbssi
can be ,evstlaratt4emdg nwi Dle cmo r e pecvee nht ass ec ocnebsi en att o oanl
calcul ation of the possible combi4R8t otrtyatar r an
describes the possible combinations that <can
¢ A
0 T E QA 423

Whegecorresponds to the number of t @ al el e

represents the number of el ements in tThhee subs
equation wil/ be repeated for each combinator
events occurring, for 3 events occluam?2eng) . Th

T a b4l3da a bdl4d a bdl5,a a b4l a b4dl7a nTda bdl8e wher e the occurre
event is¢)shawnd adve(l acky of At hetatbtcafreéacdi ase

without repetitions were computed for the six

77



for the 66 | ogs in each under., acnl@ét asgli2btcyt
optimization formulations to solve.

Tabd2e Combinatori al scenario for no ev

Scenario 1 - No events

1) 2 100-ton trucks not available
2) 1 150-ton trucks not available
3) Ore Shovel 2 not available
4) Ore Shovel 1 Road 1 blocked
5) Waste Shovel 2 not available
6) Waste Shovel 1 Road 1 blocker

<[> |x > |x H|O

Tabdlde Combinatorial scemantoafoa bDCmarre
. . Combination
Scenario 2 - 1 event at a time >T3lalsl6l7
1) 2 100-ton trucks not availablg o | x | x | x | x | x
2) 1 150-ton trucks not availabld x | o | x | x | x | X
3) Ore Shovel 2 not available X|x|]o| x| x| X
4) Ore Shovel 1 Road 1 blocked x | x | x | o | x | X
5) Waste Shovel 2 notavailable] x | x | x | x| 0| X
6) Waste Shovel 1 Road 1 blocked | x | x | x | x| 0
Tabdde Combinatorial scenario for occurre
Scenario 3 - 2 events at a tim Combination
18| 9]10]11]12]13]14]15|16] 17| 18] 19 20] 21| 22
1) 2 100-ton trucks notavailable o o | o | o | o | X | x| x| x| x| x| x| x| x| x
2) 1 150-ton trucks notavailabld o | x [ X | X | x[o]Jo|o|o| x| x| x| x| x| X
3) Ore Shovel 2 not available X|o|X|X|x|o|x|x|x|o|lo|o|X]|Xx]|Xx
4) Ore Shovel 1 Road 1 blocked x | x |o| X | X | x| o | X | X|o|[XxX|Xx|0o]|O]|X
5) Waste Shovel 2 notavailable] x | x | x |o| x| x| x| o| x| x|o|x|o| x| o
6) Waste Shovel 1 Road 1 blocked | x | x | x |o| x| x| x| o| x| x|o|x|o]|o
Tabdse Combinatorial scenario for occurre
Combination

Scenario 4 - 3 events at a tim

23|24[25|26|27|28|29|30|31|32|33[34[35|36[37|38[39[40]|41]|42

1) 2 100-ton trucks not available
2) 1 150-ton trucks not available
3) Ore Shovel 2 not available
4) Ore Shovel 1 Road 1 blocked
5) Waste Shovel 2 not available
6) Waste Shovel 1 Road 1 blockes

X | X |O|[O|O

X | X |[O|O|X |O

X [O[O|X|X|O
O |0 X [X|X|O
X |O[X|O|X|O
O |X[X]|O|X|O
O (X [O|X|X]|O
X | X |[O[|X|O|O
X |0 X |X|O|O
O X ([X|X|O|O
X | X [O]|O|O (X
X |0 [X|O|O (X
O |X [X|O|O (X
X [0 [O|X|O|X
O |X |[0O[|X|O (X
O |0 X [X|O (X
X [0 [O |0 |X|X
O |X |[0O|O|X X
O |0 (X |O|X (X
O[O [O|X|X|X
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Tabdlee Combinatori al scenario for occurre

Scenario 5 - 4 events at a tim Combination
43|44)|45|46|47|48|49|50|51|52|53|54|55|56|57
1) 2 100-ton trucks notavailabld o | o |o|o|o|o|o|o|o0| 0| X | X | X | X| X
2) 1 150-ton trucks notavailabld o |o[o|o|o|o| x| x| x| x|o|o|o|o]| X
3) Ore Shovel 2 not available olo|o|x|x|x|o|lo|lo|x|o|]o|O]|X]|oO
4) Ore Shovel 1 Road 1 blocked o | x | x|o|o|x|o|o|x|o|o|o|Xx|O0]|O
5) Waste Shovel 2 not available] x | o| x| o| x| o|o|x|o|o|o|x|0o|0]|O
6) Waste Shovel 1 Road 1 blocked | x |o| x|o|o|x|o|o|o|x|o|o|o0o]|oO
Tabd7e Combinatorial scenario for occurre
Scenario 6 - 5 events at a tim Combination
58|59| 60| 61| 62|63
1) 2 100-ton trucks not availabld o | o | o | 0 | 0 | X
2) 1 150-ton trucks not availabld o | o[ o | 0| x| O
3) Ore Shovel 2 not available o|lo|o|x|o|oO
4) Ore Shovel 1 Road 1 blocked o | o| x| o | 0|0
5) Waste Shovel 2 not availablel o | x | o | 0| 0| 0O
6) Waste Shovel 1 Road 1 blocked | o[ o | 0| 0| 0
Tabd8e Combinatorial scenario for occurrenc:
Scenario 7 - All events ea
64
1) 2 100-ton trucks not availablg o
2) 1 150-ton trucks not availablg o
3) Ore Shovel 2 not available 0
4) Ore Shovel 1 Road 1 blocked o
5) Waste Shovel 2 not available| o
6) Waste Shovel 1 Road 1 blocked

Based on t he sacbeogwaer h® sopeismumbedl uti on f or
be in the croanndgiet ioofnsgolondo events -thmapgplkno ng, sys
chall enging conditionsewheicadtumtdmtgpplbé o0Oésoptc
solutions to fTehwe peaomsasliybslies oogft itohnes .set of gl obe
the best possible outcome is interpreted wil!/l

approach application for the base model

4. Ampl ement at iIAdmgoafi tdhenar ch

From the descriptimoeal antaeld t o tSkeetc dne 3s e e
configuration, the identificationbef pteihdé os med

using a prediction algorithm to recognize the
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code of the case scenariesouAkehseseghchhat goali ¢

used, the decision to implement a machine | ea
complexity of the index |lisdangetpleatdi agn ome t hire
the output represented by a | ibrary of multip
regression model i's the possibility to modify

changes in t hectciovde aampalidoefh ,tthhee pfroerdmat of t he ou

The fir srtepsltaecpe itshet ocheckers with 0s (i f bl

the system to have a numerical comabd9er ati on
Tabd9e Combinatorial scenafraromddrt 3 kdiimearry tw:
Scenario 4 - 3 events at a tim Combination
23|24|25|26(27|28|29(30[31[32]|33|34|35|36(37|38|39(40|41[42
1) 2 100-ton trucks notavailable 1 |1 |1 |1|1|1|1|1|1|1|0|0|0|0|0O|0O0|0O0|0O0|O0]|O
2) 1 150-ton trucks not available 1 | 0|0|O0O|0O|O|O|1|21]|1|1|21|1|1|1|1|]0|0|0]|O
3) Ore Shovel 2 not available i1{1{0|0f|1|1j0|0|O|O|1|212|1|0|0O|0O|12]|12|1]|0
4) Ore Shovel 1Road 1 blocked 0 (1 [1 [0 |0 |0 |1[1][0|0|1]0]0]1|1|0]1[1][0]1
5) Waste Shovel 2 notavailablef 0| 0| 1|1|1|0|0|0O|2|0|0O|2|0|2|0|2|212|0|1]|1
6) Waste Shovel 1 Road 1 blocked | 0| O| 21| 0|212|12|0|J0|212|]0|0O|2|0|2|2|0|2]|1]|1
Once all combinations are described as spe
matrices is then created to store this inform
an array of numbers, or trarsfformad two |ld dieng

deciding which type of encodabdl@oe pursees efnotrs tthhee

final array form of the binary configuration
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Tabdlld Array form of binary configuration

Input sequence| Combination| | Input sequence| Combination| | Input sequence| Combination| | Input sequence| Combination

[000000] 1 [001100] 17 [011100] 33 [101110] 49

[100000] 2 [001010] 18 [011010] 34 [101101] 50

[010000] 3 [001001] 19 [011001] 35 [101011] 51

[001000] 4 [000110] 20 [010110] 36 [100111] 52

[000100] 5 [000101] 21 [010101] 37 [011110] 53

[000010] 6 [000011] 22 [010011] 38 [011101] 54

[000001] 7 [111000] 23 [001110] 39 [011011] 55

[110000] 8 [101100] 24 [001101] 40 [010111] 56

[101000] 9 [100110] 25 [001011] 41 [001111] 57

[100100] 10 [100011] 26 [000111] 42 [111110] 58

[100010] 11 [101010] 27 [111100] 43 [111101] 59

[100001] 12 [101001] 28 [111010] 44 [111011] 60

[011000] 13 [100101] 29 [111001] 45 [110111] 61

[010100] 14 [110100] 30 [110110] 46 [101111] 62

[010010] 15 [110010] 31 [110101] 47 [011111] 63

[010001] 16 [110001] 32 [110011] 48 [111111] 64

The i mplementation of tihre ptsleeurdoic oadleg d roirt ham
regressiohoappkdcan, Switdri o nt IBe 8i.dMpuntmap srecpae tadr
values (*.csv) file containing the binary seq
of the correspondi ndec ombiamdtei cd @PEregnedsdmae)
case is of wutmost iIi mportance, since it will a
training dat asetfs tfhoer ptrheed iscetciovned nsotdaegle. o
The | ogistic regression i mplementation is

selecting the fl bf gs oF IseotGehber-Eahbaedabgot he hB)
maxi mum number of iterations of ss50000@roacesss
converpgenallhgeg term applied was the L2 regul ar

with ot hreal gpteendalttegyr ms wer e performed as the r e
purpose of the 1 mpl eareinadamatficorn.t hOen ei nip Ineanhe nctl aatri
the modelcowmyvdr sedimgedi ctors and regressand |
predictors, but reformatting the predictors b

command.

4 . bmpl ement ati on of Prediction Model Based on
Once the combinatori al scenario is identif
| Dshe next step Iis the selection of a supervi

the best possi bl e air yfaonrg etnheen to potfi ngi ozaalt iwoeni, g hctosn
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that the sum of all the weights mus(Bl.beAsequal
menti oned i neiSd8hcttrieogir €3s.s3i.a3n. ,al gor it hms wer e se&
of the prediction procedgr ¢ hien kthloewnbasaé omoa el
stablish the | imits (e.g., contours) of the r
region so that the solution must al ways be th
I i mitthse odpt i mum Tfhea piskeiuldiotcyode of the i mpl ement
al gordebmyraipfgpd dyi ng ¢tfloe -saghémccea sveesr si on of t he al
scilkeiatr n 4 ®&hearregressand values (output) for

reported in each case, selected based on the
gl obal optimal solution. The solution for all/l
Ap pceirx

Thle near regression i mpl emamtnathigomrdiad justt i
the nature of the input and out\aultweddaa fatt aD d
by default as they impact |l ittle to none to t

Linear Regression implementation

Data: Combinatori al values of ¥ and deviati on
to global optimal solution as a *.csv file

Result: Arrangement of values of ¥ for the targ:e

Read -> Deviation float values for predictor;

Arrangement of valwues of ¥ for regressalt
Apply -> Linear regression to model ;
Tune -> Default  parameters;

Fit -> Model to  predictors and regressands ;
Predict ->Values of ¥ for deyiretutni oom |l aufesO;of ¥

TabdlldPr edi ct @od bvamadaiudkson Li hemr 6regmbsanabori al

Combination Linear
. M| +H .0 H
1 37.23| 37.45| 25.32(100.00
10 37.30| 37.80| 24.90|100.00
18 38.16| 35.89| 25.95|100.00
40 35.38| 40.12| 24.50(100.00
60 38.40| 36.21| 25.40(100.00
63 38.62| 36.21| 25.17(100.00
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TheNe&ar est Neighbor regression I mplementat:i
given the sensitivity of the algorithm to the
very few or many neighbors wére kar®owactp®d ntsyve
underfitting towards the center of the model
selected number of neighbors was five (5) for
well for all scenaeivesl)ectUand faos mwaviedg lgthe & walr u e
counterproductive wheaoonWhex optt itmawaregi ome i Sp
goal . Given the tridi mensional nature of the
in the for mat sdfanMien Kows lkai p weealeude aafs 2b.y Qtehf eart

they impact |little to none to the prediction
k- Nearest Neighbor regression implementation
Data: Combinatorial valwues of ¥ and deviati on
to global optimal solution as a *.csv file
Result: Arrangement of valwues of ¥ for the targ:e
Read -> Deviation float values for predictor;

Arrangement of valwues of ¥ for regressalt
Apply -> k- Nearest Neighbor regression to model;

Tune -> 5 neighbors, uniform weights, Euclidean distance;
Fit -> Model to predictors and regressands;
Predict ->Val ues of ¥ for devirewtni oom | aufesO,of ;

Tabdle Predi cteWlasead uers NN regression for 6

Combination k-Nearest Neighbor
.M| -H| .0 H

1 56.00| 26.00| 18.00(100.00

10 38.00| 36.00| 26.00(100.00

18 20.00| 28.00| 52.00|100.00

40 50.00| 40.00| 10.00{100.00

60 44.00| 18.00| 38.00|100.00

63 48.00| 12.00| 40.00|100.00

The Decision Tree rewalewastieodn a ntprl aedmetnitoanta lo
given the |Iimited amount of data and the desi
consi der ed .asThhearodv ebrofuintdtsi ng nature of this pr
hi ghly beneficial forTohmi prmpbpeetdheeLboldossg

was selected for quality criteria. Best split
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i f random. Al Il nodes were evaluated, so no ma:
parameter is the mini mum,numlterdedaf toarbel @ svot
l i mited amount of wien mutt daast ab.y Qltelfearulvialause st hey
the prediction output

Decision Tree regression implementation
Data: Combinatorial values of ¥ and deviati on
to global optimal solution as a *.csv file
Result: Arrangement of values of ¥ for the targe
Read - > Deviation float values for predictor;
Arrangement of values of ¥ for regressat
Apply -> Decision Tree regression to model;
Tune -> Squared error, best split, max depth, min 2 to split :
Fit -> Model to predictors and regressands;

Predict ->Values of ¥ for devireutni ovm | aufe s0O ,o f ¥

Tabdlled Pr edi c1 ebda svead uoens Doefci si on Tree regressio

N Decision Tree
Combination
. M| - H| -0 H
1 34.00| 34.00| 32.00{100.09
10 35.00| 32.50| 32.50{100.09
18 20.00| 10.00| 70.00[100.00
40 41.11] 33.33| 25.56100.00
60 36.67 | 13.33| 50.00(100.09
63 15.00| 15.00| 70.00]100.00
The Ridge regression i mplementatinoonr neval ua

usi hgalaupert iom t he I mpl edmematratilobrlyyscthis val
parameter) in response to the | imited coeffic
and the |linear nature doWwetbeevalbuessdonbubt hl
bet ween the center of pheTmedebnfnduthei oersaf
strongly linear and is expected to be similar

Ot her wea |l uefst ashby dmpaottl astte to none to

Ridge regression implementation

Data: Combinatori al values of ¥ and deviation
to global optimal solution as a *.csv file
Result: Arrangement of valwues of ¥ for the targg:¢
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Read - >

Apply ->
Tune ->
Fit ->
Predict

Tabdlet

The Lasso

Deviation float values for predictor;
Arrangement
regression to model;

Ridge
Alpha

=10 ;

of

vV a

Model to predictors and regressands;
devirewtni ooma | aufe sO ,o f

->Val

ues of

¥

for

|l ues

of ¥ for regressat

Predi ctlellasead uers Rifdge regressi

usi hgalau( o N
parameter) t

i mpl emehteatobahj gur at.

not

mpact |

equal , t

ittt

Combination Ridge
.M| -H| .0 H
1 37.23| 37.45| 25.32(100.00
10 37.30| 37.80| 24.90(100.00
18 38.16| 35.89| 25.95(100.00
40 35.38| 40.12| 24.50(100.00
60 38.40| 36.21| 25.40(100.00
63 38.62| 36.21| 25.17|100.00

regression

t he

¥,

on

I mpl ednematratil obrlyysctihkists

for

I mpl ement at fnoomr neval ua

v al

O ensureStmel avetdi thenBi dfget hegm

o a tradit.

e t o

Lasso regression implementation

Data.:

Result:
Read - >

Apply ->
Tune ->
Fit ->
Predict

Combi

Lasso

->Val

ues of

none

nator i

¥

on

of

onal

t o

al wval
to global optimal solution as a *.csv file
Arrangement
Deviation float values for predictor;
Arrangement
regression to model;
Alpha= 0.1 ;
Model to predictors and regressands;
devireutni ovm | aufe s0 ,o f

of

of

for
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vV a

vV a

t he

ues

|l ues

|l ues

t hhe model [

i near

prediction

of ¥ and de

of ¥ for t

S S

tron

regression

out pu
viation
he targ:ée

of ¥ for regressalt

¥,



Tabdle

The
Deci si

expand

on

Predi cteda

svead uers lodsso regression for

Combination Lasso
. M| - H .0 H
1 37.23| 37.45| 25.32|100.00
10 37.30| 37.80| 24.90|100.00
18 38.16| 35.89| 25.95|100.00
40 35.38| 40.12| 24.50|100.00
60 38.40| 36.21| 25.40|100.00
63 38.62| 36.21| 25.17|100.00

Random For

t he

Tree alg

trees.

hard boundaries d

Deci si

(esti mator s)

Ot her

on

v al

Tree app

wer e

ues wer e

est regaéssated ampl eméaratpo
orithm, wusing mean squared e
Howeaéegoribhédmgemeedlkesst heab
efined by the input data, ex
roach f orA ttlhod agdurodo sled Oo fi ntdh ev
evai ncimmad m2eara mph &€ smao delspl wit

|l eft as by default as they

Random Forest regression implementation

Data:

Result:

Read - >

Apply

Tune ->

split

Fit ->

Predict

Ta b4lleé
scenar

Combi

natori al val ues of ¥ and deviati on

to global optimal solution as a *.csv file
Arrangement of valwues of ¥ for the targ:e

Deviation float values for predictor;

Arrangement of values of ¥ for regressat
->  Random Forest

regression to model;
Squared error, 100 estimators, max depth, min 2 to

Model to predictors and regressands;

->Val

Predi
0S.

¥ for devirewtni oom | aufe sO ,of ¥ ;

ead uers Rdndom Forest regressi.

ues of
ctlelWa s
Combination Random Forest
. M| -H]|] -0 H

1 34.57| 33.73| 31.70[100.00
10 34.23| 32.09| 33.67|100.00
18 17.08| 17.68| 65.23(100.00
40 41.26| 33.09| 25.64|100.00
60 39.61| 14.28| 46.11|100.00
63 25.55| 14.54| 59.91|100.00
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t he
The

The Gaussian regression foll owed quite a d
inapplicability of the direct algorithm f

most evident hyper par ameuteer ctoon seivdaelrueadt ef oir

i mpl ementati on as tihreh oneosgue APer coullsu thhoetk s u me b f ( Db

ker

noi

out
t

W i

v al

nel i mpl emeerbani[@)ohdmd gichh & inthiistee Nearenlelo f( 1
se ofAltthreowsglgntahe Gaussian regress-s on al goi
put regression processes, the algorithm is
h E@Whatgemer atinignovap allse of o prodOttleeman exeé

ues were |l eft as by default as they i mpact

Gaussian regression implementation

Data: Combinatori al values of ¥ and deviati on
to global optimal solution as a *.csv file

Result: Arrangement of values of ¥ for the targ:e

Read -> Deviation float values for predictor;

Arrangement of values of ¥ for regressat
Apply ->  Gaussian regression to model;
Tune -> kernel = inhomogeneous Dot - Product + White kernel :

Fit -> Model to predictors and regressands;
Predict ->Values of ¥ for devietutni ovml afesO,0of ¥;

Tabdlleg Predictelasvead uers Gdussian regression fo

The predicted values are iDn cfomatdi matt eabl e t o
Combination Gaussian

+ M + H .+ 0 H

1 36.74 | 36.96| 24.99 | 98.69

10 36.80| 37.29| 24.57 | 98.66

18 37.66| 35.42| 25.61 | 98.68

40 34.92| 39.59| 24.18| 98.69

60 37.89 35.73| 25.06 | 98.69

63 38.12| 35.73| 24.84| 98.69
The Polynomi al r e girse sgsuiotne iampu neingeunet acta soen ma
Linear regression implementat iFrmonm htalme tion g thte ¢
the predictor is a unique value that can be e
bi nomi al i f an error coefficient is( )ansclauded,
trinomial or also as three separate monomi al s
model , the regression algorithm to apply is t
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transformati ohot oather prpepdl gbhomisal (degree of
i nput data. This Polynomi al regression i mplem
constant values, expecting a prediction where
Egat@BH®t her values were | eft as by default as

out put

Polynomial regression implementation

Data: Combinatori al v adndidevation With nespect
to global optimal solution as a *.csv file
Result: Arrangement of valwues of ¥ for the targ:e
Read -> Deviation float values for predictor;
Arrangement of values of ¥ for regressat
Transform - > Predictor data using polynomial features ;
Apply ->  Linear regression to model;
Tune -> Default parameters ;
Fit -> Model to predictors and regressands;
Predict ->Values of ¥ for devirewtni oomal aufesO,of v
Tabdl8s Predi ctielWasead uers Bdl ynomi al regression
Combination Polynomial
M| .H| -0 H

1 33.33] 33.33] 33.33|100.009

10 33.33| 33.33| 33.33/100.00

18 33.33]| 33.33| 33.33(100.00

40 33.33] 33.33| 33.33/100.00

60 33.33] 33.33]| 33.33|100.00

63 33.33] 33.33] 33.33]100.009
The previously discussed i mplementation of

di fferent tunning values and hyperparameter s
prediction process givehhe herypgmpramndmether dan d
parameters of each and all the eVabdlléted regr
providing the average values or attributes te
independently. Due to the nature ofatherptbahh

a traditional generali st performance, as the
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Tabdll®d Tumpanrianget er s of regression model s

Regression Hyperparameter Other Tunning Parameters

Algorithm Parameter Value Parameter Value Parameter Value
Linear - - - - - -
k-Nearest Neighbors 5 Weight | Uniform | Distance | Euclidean
Neighbor
Decision Tree Criterion MSE Splitter Best Depth Max
Ridge & (nbreh) 10 - - - -
Lasso & (-nbrdn) 0.1 - - - -
Random Forest| Estimators 100 Criterion MSE Depth Max
Gaussian Kernel DotP + Ker.nel 1 - -

WKernel Noise
Polynomial Pol Degree 0 - - - -
The base model i's designed to exemplify th

met hodol ogy under a controlled environment of

be evaluated asliomeomnrsdiomat es eg@fi oam ti@L.acAkknor danc

example of the visuali z &t igdidy e wfh etr kei fd ohreo tirtwbéstuil d

nevents baseline sareenapliooDt(edobrienagaht3aamn s 1)

representeable gabdlewelfigahgéoeér aated in Plotly Ch
(onl i nXe atxeegslr)d.sheentpenal ty on or(e) ¥ eaxiast itome gpoean
on waste devi(@tamah agxoiasl twheei gthott al tr@nsportat.
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Fi gd eD3 representation of possible arrange.

Al t hough the plot represBnteosdendbedth ane
on a vakthe rcamgbestransatar medsteh adj uBted to

envirdmmemrntse the interpretation of the data f
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ev

aluat ¢eoweabeati on of contour | ines based on

the results as a heat map with cl| eartleyr ndaerfyi ne
pl,ota barycentric graph on t boeeoynaus efr teese mwth i
compohent sock c¢chamaldwws$ igegoon togryt s
To generate the corresponding ternary pl ot
pseudocode is applied for a Phyton code i mple
all scenarios, the customizati on iqgfuet hen cearctho
caseme combinatori al scenari os have wider wvar
others are differentiated by mi niemunnarpye rpcleontt an
be configured to generecatas @ olsesatbl mapg oad hree groem
evaluated scenari o.
Ternary plot implementation
Data: I ndependent values of ¥ for barycentric
and absolute deviation of each solution with respect
to global optimal solution as a *.csv file
Result: Ternary plot
Read -> Values of ¥ and deviation &gs numerical |
Transfoom -> Val ues of ¥ to ternary scale
Values of deviation under cartesian interpolation;
Tune -> Jet color, variable number of contours, adjusted
scale ;
Return -> Ternary plot as a *.png file ;
The tersscaowhppad(camampbebi nahdsenssol uti ons
di splayed for the i mplemehntadjroan gdalicef@®o nr egr
to an arbitrary maximum value (not possible t
scal e)i s i hreecopbrédushmemad b est pos sdalsltg e ssedlk eftriebpom t he
arrangemenzer awvi(tth val ue) deviation wiamy respec
point wiédkdamthbhe ssel ected ags wheadte pdesirteldd i sl
represent worst possible arrangements with hi
One i mportant ackoen siesdeirdy@atiitonwittdhim t he ternary
feasi ble solution, where the optimization con
mi ni mi zati on oTfheda hteeronverryal dl atosstfsar &l | case s
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Combination #1 : No restrictions Combination #10

w1l : -Ore Dev
2000 10k

w1l : -Ore Dev

8k
1500

6k

1000

0.8 0.6 0.4 0.2 : 0.8 0.6 0.4 0.2 0
w2 : -Waste Dev w3 : Transport Cost w2 : -Waste Dev w3 : Transport Cost
Combination #18 Combination #40
w1l : -Ore Dev w1l : -Ore Dev
1000
14k
12k
10k
600
8k
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Fi gas eTernary plots for [Be a&tomdpdneaviparteéisctm tsvcael nu
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The ternar y hgel opghsi @aale fjaprtrieseat pt ebat hen pL
ential optimization outcome in response to
erpol ation contours where the unknown valu
XI mThegse plote hAereursetl meanevi.eweodr btyh et hsea k
tandardi zed sol uti omi,g4icbeealt eanargoptotusspec
10% accuracy goal weights, that wil!/ be | a

apparently subopti mal region but the sol ve

Given eadert mger nature of the optimizati on
e ac h( 1cOo% toora ml %ers morpeor t ant asi smahé vaput@t |
ame eeétunelairkkel y t o maker mlaijloel x htamglees quit e

cuirmctyhe tr.Hokwealelrgc atmadm variations in the
deed modify the shape of the feasibility re
e regression modabetdoalngnphietmemtt panpshf dbred da

ordinate within the regianpegnfgdmnbavaypypds mad
om the | imits of such regi-oannwvexa.r dil re sess 0 n
gorithm to i mplement for the final predict.i
ast constrained rsediuan onf. gl obal opti ma

. 5Amhal ysis of Results on Goal Weight Rearran

The evaluation of the actchphatyhedheatcdir mamg)

ts to evaluate the graphical | ocation of e

though the regressed jcedraciyonsaamneénigasmed e

aranteed that the préadtscbedeareangemdnt oot h
del 6s objective function wil!/ return a subo
bopti mal region of BAeasmbrkisgnsasi veetoonh
rtain combinatorial scenarios compared to t
Anot her condition to account for is the ex
ntioned in Section 3.3.3., the regression a
gression perfobaesad mwhaeeplestddet onearurn sim

me amsowenrd t he ¢ e mtharl eo fo t-theea rsp sstutodielidgghlike r s
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highly sensitive to the optimalitybdgeedati on
model s more fitted to the purpose of the i mpl

the parameters are tunned towards a more gene

The dlittesteval uat ec cambirrestpomidal toocenari o #1

condi tions with ndoi sepW eagyfeide cidner remge of gl obal

(7))

olution is wide and al most convex, represent

—

ind a desiredbasoedtmocel SheLilimema&ear Ridge and
same | ocati on c(emsi naifhiesnc icdrddf ey @i t i on), adding

around the same | ocation (in case of Gaussian

=

egion of possible optionbassdgendebtsedegress
arotuhd equil i bri ulmoorfe tohre Itehsrse et hgeo aclednri r oi d of

case of Polynomi al regression, it will always

=

egardl ess of the trainiemg athatl y si so ftohermayi £0
scenario. On t-Neamne¢ ht sdidgagmlidtolt mmree k a vague sol
towards the first goal (mini mize penalties du

observable bias that could | ead to subopti mal

Combination #1 : No restrictions
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(S
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Fi g4t eTer nacymlpil mat @rfi al scenari o #1. Pred
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The next plot to evaluate corresphbinglsr ¢ o c

47. Al t hough the original shape produced three

optimal solution, the predicted coordinates |
regression algorithms. This cboedretannrefut he
from each predicted arrangement of goal wei gh
training data for the ternary plot, as it see

enough for this caeak sbepahbbdsoolli sptawmal ity

Combination #10
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ak

LI — .'. &=~ Random Forest
near

Ridge SO Polynomi
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Gaussian

2k

0.8 i 0.2 g
w2 : -Waste Dev w3 : Transport Cost

Fi gaatr eTernary plot of combinatorial scenar |

The new trainepgodasiaedse mMobenifgendemadtracry
showhi g&a& e The solutions for the regression al
of the initial region of optimal solution, <co
accuracy in the training ecatsae,d amipdteinremat oate
a predictive process closer to an approxi mat.
to the true global optimal solution (undesire
anal ysis, so a t rtaidnego fafnbldatteewreagim moreplse mend | ncr
accuracy in the training data must be assesse
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based model s, KkKNN and Gaussian regressed a |o
feasibility within a duabsemgt moalelrsegiuacrc,e swhiull &

solution with zero deviation to the best poss

Combination #10 Combination #10
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0.8-

10k

6k
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Izk
. 0
0.6

0.8 0.2 0.8 2
w2 . -Waste Dev w3 : Transport Cost w2 : -Waste Dev w3 : Transport Cost

Figa& el nitial ternary plot (left) iamdeatttldr r

ThEei g49da spl ays tcloembri ensau lotr 98adflloaswd enrga rai d e#sls
complex arrangement of regions of optimal f ea
gl obal opti mal ibdgreomqisgn holwever ,t o htthe center
(generated by <cooirsdiancattueasl [[y0 .slu b d0p. tdiQmadk GBwWi)t3 B &
with respect to the gl obal opti mal overall co
regression models will be influenced by the i
to generate a predictignons, twki bettvbenmofetb
wiléturn a regressand around,kndwmog!| akalt heep tei
solution coordinate [0.2 0.1, O0.7].

As expect ebda s etdh eanldi nGeaaurs si an regression alg
follow the | ocation of the desired solution,
a region with an apprOxnvmr stehléye kKiINNt imon ed f wa@.
influenced by the training data and generated
away from any desisrodd triesnulcto.r rilelaep emiedaswoldied rs h ew
the Random Forest altgdr iatplpm oati tmearmp toend ba t weeieghh

closer to the gl obal opti mal solution but sti
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a ndail sywleky gdlrgjeror r esponds to combin
or @ ss dowenl athadd t wo roads are bl ocke

|l ess sbapei amdlvel ear trend can be observed
egawadsdieevi atilonstaogeit sPeahn@Dd@Ony eOsul ti ng it

s ol

.4, 0.1]1, sti

omputed sol uti

S

far away as

adeoff abmpdttwoe egnener ate gl obal optimal sol uti o

ound the centebhavsédthedpGatssitare mMohelas ar e

utions yet too close homitalk bou

algorithm. Thevé&dNNmomodel mpont ahee o

t he lainsdt glenerates a solution biased toward

I returning -mageaodbradgropdg s iman m
ons at al most t ih @ csmaveex | zoaccmae |1 aor

possible to the contours. The
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consistency of the i mportance of one of the t

where the waste stripping activity is highly

Combination #40
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Fi g4lrCe Ternary plot of combinatorial scenar

Anot hdrhapgl atonf i gur es a hiusa pceocnmbailn actaosrei atlo s c e |
di spl &ygdlrlenSame as case scenario #10, no regr
to generate a gl obal optimal feasible solutio
coordinates are returned back to t heseolpetcitneidz a
folder, a new set of solutions are added to t
under a 10% accuracy preciasjoas)Y edThe hmeweignr &is

retrandethver nary p,J omodiefneirmag etdiré ggir2t as s ho:

Contrary to combinatori al scenario #10, the m
complexity is added, as the regions of gl obal
favorabl e combinations), g0 stemes idao wreditmatae tti @

The regressed solutions do notbzdadgaenafte
Gaussian models near the center of the plot w
solution attempted a midpoi nt blehteweceans et hoef tthhre
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f orbeassted immoodred scompl i cate to analyze, as

gl obal optimal solution while expanding
Forest model was not just incapabl e ®@o
crisubapti mal region, making it a good

Combination #60
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The | ast plot to evaluate correspond to th

Figar3d his is another scenari o where there are
while in reality 1 hvwerltaerxg ean do ngee ncd roasteerd thoy tfhoeu
a small deviation, and Jomnley ttelxe gemelrliatreaqgibogn t

points is the real gl obal sedam nmad kre gdiornec tTlhye
this particular ar r anSgemee nats afn o phtei npa lekvti yo ucso ns
based and Gaussian models were not able to ha
the plot (it can be concluded that these algo
coordimnlatest we suboptimal contours. The KNN al
not capable of finding the desired region, ha
such as to the number of pvakl mbikgdh&kwnioathiepmi n
area (Random Forest). Nonetheless, both algor
therefore generating an incorrect prediction
Decision Tree predicted aneof{bét waenh hehei dadobd el
confirming the effectiveness of this regressi

opti mal regressor).

Combination #63
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insufficient for the purpose of the i mpl ement
able to follow the shape of the contour | ines
regressed coordinates in a risky area of opti
nonetheless, it is the s etchoen dDentoissti oanc cTurreaet e sa
the most accurate and fitting model for this
al so able wodfi(modsthesadentzone) of the region
combinatorial scenarios. The graphical repres
i Fi gdrde where the effectiveness of the Decisic

Analysis of Ocurrence of Inaccurate Predictions

Number of Inaccurate Predictions
0 2 4 6 8 10 12 14 16 18 20 22 24 26

Linear

k-Nearest
Neighbor

Decision Tree

Ridge

Random Forest

Regression Algorithm

.
|
Lasso |
Gaussian |
]

Polynomial

Fi galrde Summary of occprecdincti ofisifharc.calrlatreg

Having confirmed that the Dentoissti ofni tTtrieneg rneo

the goal weight/priority rearrangement approa
and all the predicted goal weights are resolyv
critical i n the ti mpd ermeequidrtadtc nthdeopmrieaw a@ o ail wei
returning the gl obal d@matdl2eialt hseo Iruetsiudnt sf ofroralslo
combinations are displayed, confirming the ma
model in the proposed methodol ogy.
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Tabd2edde Comparison table of the overall <costs

Ir"C’U'CF:erebOilin‘ xfrefziufsd Glcslb::n Olfrteidmiu Accu
[ 0 O 1 34.|134. | 32. 52,440 52, 44(0100.

[ 1 O 10 35.]132.|32. 89,670 89,67(0100.
[ 0 O 18 20.]110. | 70. 213,18 213,18100.
[ 0O O 40 41.1]133.|25. 144,44 144, 44100.
[ 1 1 60 36.|113.|50. 214,20 214, 20100.
[ 0 1 6 3 15.|15. | 70. 214,80 214,80100.

Up to this point corresponds to the i1nitia
for a single period optimization, where the r
rearrangement. Tk gealsswepghssto analyze the
stochastic (probability) factor in the occurr
i mpl ementation of all t-perpodvanabkysapproaches
4. bmpl ement ati on of Prediction Model Based on

The second | evel of analysis corresponds t
probability or stochastic modelling into the
continuopegr atfi o mal parameters for |l ong period:
with certain occurrences that are not substan
(contrary to the first approach ohetbenmenbod
di sruption over at leas¢tad whet ei mpliyitng & | o
operational time (effective asi nmehe iStt,jatrittaln ga pfp
woul d be presumed that the goal weight, opti mu
and what shobtfrdmbéhexpeteaetdi al occurrence or
certain discrete events (common to the mine s
i mpl ement astihoen deevvailautaitoen of t hexpemémaignmight s d
time in timecwsekevsdntf ti s solved based on a pr
historical dat a.

To complete the idea of probability applie
parameter to evalwuate the scenario that retur
focused on the minimization acgfg ditehlemel dMewas Co

1

02



possi ble overall cost among all costs for all/l
optimization target and the probability of oc
objective is the maximizationabfystbBechar pet ob
Fi galre where the occurrence of tthlee usheocod@nd abi |

a -hOurs shift, configuring a probabilistic mo
mai nt sreany/demensd projecting remaining time if th
in a higher or | ower return of a given target
probabilities or falling into a decision tree

i mpl ement ati on swanhel cbhoembriensattroircitaeld stcoenar i os of

approach and binning the fractional time ever
PROBABILISTIC REMAINING
MODEL OPERATIONAL TIME PRODUCTIVITY

$$$%
W25% 2ooue —aeE sa— $$$

$%

BACK ONLINE
840%’ AFTER 2 HOURS _"ﬂﬂ of of

UNAVAILABLE
SHOVEL

A 4

BACK ONLINE
3200/0 AFTER 6 HOURS

BACK ONLINE
21 0% arteR s HoURS

50/ NOT AVAILABLE FOR
0 THE REST SHIFT

Fi galrse Examploebadfi | i sti c approach 1 mpl ement at
One i mportant consideration regarding the
probability once the probability of a certain
the work shift, as a condition rosf wooulvd nngo tlhoer
apply i f the remaining time of the work shift
To account this additional complexity, the ev,

scenarios as theswesk dghstartdimg phoge that ¢
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recal culating the probability of the remainin

probability of not solving the problem until

Gi vteme pr evi o uasdldyi tmmeomtail 6 ocebdypp rexa da h efsr om an
optimizati(@fnr asdtaimdinpaelic ntiinnge onl ¥y, sphei ficstesba
evaltuheee € or mul ati on of the base model in certa
this new |Telwvee Il moodi fdieedipgar ameters and constr ai
di screte evenntthhrheevalrsdt eapproaohtoabhttheymebidod
only affecting one gofwitthe e IodtghEirfasimred er fser |

foll ows:
New Modi fi ed Parameters:
00 dQ "Q'QQ COERL AP Qi PEMSG 1 |
O"'YP £ '0ET QOROOMI 60aNd Q1 "PEW G OO QE &
00" £ '0é1 QROBEM®I W V'O G Qi REM Do Q¢ &
On'Yd £ Q¢ 1 QRN Oi BAL VAN G Q1 "PEW OGO O QE &
00 "Y'Ydp £ "0 ¢ 1 ORNOM ¢ Wi £&41 (B VOO G QI PEM O DO QE &
OOYY;dp £ 01 ORNOME W £WRi BE0 QAN G Q1 REDR GO Qé ¢

The pr@@voouspresent the effective ®WOrking
to keep the consistency with the rest of the
parameter i s essentially the same as in the b
by the otherOwewl pabeame®lealsst ®l wtdg usdl ue t o r ey
fraction or percentage of the total effective

OO0 "YOw"Y,00 'YYan@w'YY,are the fractional factors t

working time of ore shovels, waste shovel s, a

accessibility to roads for waste shovels resp

As any constraint in thepdbasmemeonrdeil s whee et I
affected by the fractional factoeggui walceantof t

versions while adding the possibility of rest
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constraints to fix correspondd2pwi cEdqwecatdipint y b a

for overall oran¢r b ogavii ®omu abtaB Phnoocree b al ance pe
peraod, Eqa3wii ®mpu a@.B pfnoorver al | wast earsd r&Eguya tnigo nt
45wi EqQua@B pfnor waste bal a@stceheaspgeer owet hedf racti c
of the roads in case one i.s blocked for a cer
6 YO 00 00 Y'Yz 0bp, 0006 600 "O0 "YU 429
6 YO ©O 00 Y'Yz 00, 0006 000 0°Y0 bnavo (439D
6 Yo 00 Ow YY; 20w j 00w 00w 00 Yo (431
6 "Yo O O®YY;200; 00w 0GO0w 0'Yo !Invd (432

The next set of constraints ftumcftiionarde tmer
essentiastlhg sameaj njust repl Dcwin@d.t Ha pragv il ®mwk
irrelevant, but to keep the consistency of th
Equa@BBns repl ac@Bblf oBquahtei oomre fl ow calcul ati o

Equa@Bdrnepl aces4lBloat wante flow calculation.

00 Yo o~ e wE cw wy

-OGZ‘*)HHZOYHH Ov AN ORE INOWNY (43 B

'O(!j © [T} ] »n e \ 5 o T R ]

-OGZ‘*)HHZOYQ?H Ow AN OV iINO™M NY (43 %

The third set of constraints to modify is
par améMwerl | represent a percentage of the tota
active, or available for being assiEqqued iaont as
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43%repl aces constrddlnf ogi vba byuERsabasengned t
Equa@Bprnepl acesdlBbfoati be trucks assigned to ws
this correction, 1 f a truck is down at any mo
truck wild/l return at certain point of fthe rem
the shift,

0 z0"Yz'00 Y

T 6y 50 LN oo "YE iNDO W NY (435

0 20°Y2060"Y B 5
- L AN OO YO i O N Y (43 B
0O Wi p

Tt 6!Y(hﬁ

Lasbnstraints to modify refer to the shove

fracti onaslO0avd ph@@sY mmenectt on t he work shift ti me

the production rates in tons/hr. To ensure thi
restriction in the use of the shovel, it is m
constrakmar®upwot owarTche tore sémesredndcd)apacity i s

repl acemen{4lywi tElgukB@ad tniwhn | e t he waste shovel
corrected @WBRh T reEepuatciid@ysf Eqmat henbase model

00, 0°Y6200 Y b~ Ok iNGTY (43

Ow i WY zZOoOw'Y L AN O iv @Y (43 B

The next step of this i mplementation is th
eight (8dndcderenanmdloyssi s. The sedmrxarieod -fodutjluests
(64) combinatorial sceéesediuostheomntbkeentiir sbma
as additional five (5) sub models are generat
total of 40 cases to solve and test for the i
same agoadi gvhhte arrangement approach, with only
time, while the -eoteretr adawoe s( 29 e lagcet emultased on

to subdivision of The defacti oé WwWbhekbBngahgmee
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the different combi natToarbllzgwhs®ec en d hieog xar eande g

replaced by Os and 1s for the search & sort p

Tabd2e Combi natori al scenarios for testing
Discrete Events Combination

1(2|3|4|5|6|7]|8

1) 2 100-ton trucks notavailablgd o | x | X | x | X | X | X | X

2) 1 150-ton trucks notavailableg x | o | x | x | X | X | x| O

3) Ore Shovel 2 not available X|x|o|x|x|x|o|o

4) Ore Shovel 1 Road 1 blocked x | x | x| o | x| x| x| O

5) Waste Shovel 2 notavailable] x | x | x| x |o | x| o] 0

6) Waste Shovel 1 Road 1 blocked | x | X | x | x| 0| x| 0
Each combinatori al scenari o contains a sub
fractional case. As mentioned before, the wor
hours, as-ta meomrntsiserseaument woul d ioctrlkeeaasmpoitrhte o
making it impossible to solve. Additionally,
to have substanti al di fferences between fract

the accuracy mor e Ot.tbarmhoaver.y Theurdedraidverf eac
presefdabdlgdwmer e each model is to be solved an:q
as training data for the regression model . Al
scenarios,cohearndbahefvaeisati ons required to

ti me.

107



Tabdl28 Fractional scenar ifoosr ftohre eparcohb acbaislei sctoil
Combination Fractlonal Combination Fractlopal Combination Fractlonal
Scenarios Scenarios Scenarios
1 0 hours left 4 0 hours left 7 0 hours left
1 2 hours left 4 2 hours left 7 2 hours left
1 4 hours left 4 4 hours left 7 4 hours left
1 6 hours left 4 6 hours left 7 6 hours left
1 8 hours left 4 8 hours left 7 8 hours left
2 0 hours left 5 0 hours left 8 0 hours left
2 2 hours left 5 2 hours left 8 2 hours left
2 4 hours left 5 4 hours left 8 4 hours left
2 6 hours left 5 6 hours left 8 6 hours left
2 8 hours left 5 8 hours left 8 8 hours left
3 0 hours left 6 0 hours left
3 2 hours left 6 2 hours left
3 4 hours left 6 4 hours left
3 6 hours left 6 6 hours left
3 8 hours left 6 8 hours left
The previously mentioned probability asses
remaining proportions, where the probabilitie
must be recalcul ated for eachabdl28 tahedftraetnew
adjusted values must still sum up to 100% or
fractional scenarios contain the same opti miz
per f oaursmendy H4BWat i on
0 0 4.3
Y B 433
Whedoéeés the adjiustwhd cvhalrieeprefsents the ori gi
scenario, and the denominator repreesehhe the
number of remaining applicable scenarios. Thi
al ongt hwei tshel ected probability of the most | i ke
the optimization value will depend on the tar
adjusted probability in casé@d4®Pf mirnitmiezanichman
adjusted probability i n case of maximizati on.
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W p L zZA 449

Wheowet ands f cerd pithiemiwzee dg hsto|l ut i'Qo no bftoari nferda chtyi
the product of tohaenddtjhesterdi @irrmdla bdaptuit pidz 6 ch st «
optimization solver Them,thkefeawtli bon,be acpoa
di scarding those unapplicable for each remain
for the training process of the prediction mo
having more than one el ementi oas woweet t\Wwei ¢gmnt
will correspond to the case of the highest re

scenari o.

The regression models to i mplement are the
approach, with minimal customization to accep
given by plain numbers, but a combitnlaeg i on of
corresponding fractional case (still wusing | o
process wil IDees drimencld eaigli e®diyon al gorithm as it
proven appropriate f oradtdhiwsg| tha sl omimn 2%hde¢ toinod 04

plotting step
4. 6 Ahal ysis of Results on Probabilistic Occur

While in Sections 4.5. and 4.5.1. the proc

using a | ogi sttioc preeegdrienosgslieo ni nndoedxe Il og from a se
procedure of recalling the correct dataset fo
an additional step to discretize the binned s

sear clhhe exact steps for -iimpeé emecexathanedfon hk
438 and recalculation of r em@.dRarneg dpersocbraibb e d t

foll ows:

Procedure
ADJUSTED_PROBABILITIES & FRACTIONAL_TIME_INDEX Remaining_Time
input Discretized_ Time array, Probability array , Solutions
array );
m= 0
n= 0
p =size of Probability - 1;
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while m <size of Discretized_  Time do:
if Remaining_Time <= Discretized_Time[m] do:
while n <size of Probability do:
total_probability = 0;
while p i n>= 0 do:

total_probability Y total_probability + Probability[p];
pY p1;
end while
P_adj = (Probability [n] / total _probability );
P.append(1 i P_ad))
nYn+ 1;
end whil e
Wei ghted_Solutions = Solutions * P
end if
mY m+ 1;
end whil e
Solution_Index = index(min(Weighted_ Solutions

returSml ution_ Il ndex
end Procedur e

As shown in the procedure above, the pool

depending on the value of the remaining ti me

time still applicable. Once theeprobkbabhl et eeas
the matrix of optimized solutions is multipl:i
mini mum value (first by index in case of mult

concatenmegr ¢éosi omleproames datadmnfirm the acct
procedure, the eight (8) combrneédaohiampbement
Basedalm2e8 t he optimized solution for each cas

of opti mal s centahrei o sn @l xvilgrelape@tt ead efdr o m

The key value of this step is to extract t
each combination, that wil!/l be the value to w
solution for eatabdleedsehies ediasiplaadged i iomal col u

report the minimum and maxi mum solving time e
t hathe ni mpl gmaht wari rgdan g e me nith ea psporl ovacnhg tthieme wa
rangle. 00ff to 0.1 seconds given tnmhienisneupv igrg par a
0. L%)while for the probabilistic approach i mpl

removed and all solutions must reach converge
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time |imit is still 600 seconds for more comp
is, in some cases, considerably higher accord
seconds), so it would be convesiehe posewvhi b
mi ni mum gap condition to decrease the process
solutions is not substantially affected.
Tabd2et Opti mi zed solutions for each fraction
L Fractional Number of global| Optimum | Solving time (seconds
Combination . . . .
Scenarios | optimal solutions Cost min max

1 0 hours left 23 73,320.00| 0.039363| 2.963450

1 2 hours left 18 64,210.00| 0.060343| 4.013050

1 4 hours left 38 52,440.00 | 0.056937| 2.635050

1 6 hours left 35 52,440.00| 0.050647| 2.654030

1 8 hours left 35 52,440.00| 0.048028| 2.417660

2 0 hours left 29 55,360.00 | 0.046839| 4.131610

2 2 hours left 34 52,920.00 | 0.049800 | 40.602500

2 4 hours left 35 52,740.00 | 0.057789| 0.803862

2 6 hours left 34 52,620.00| 0.051065| 6.351150

2 8 hours left 35 52,560.00 | 0.048641| 4.898370

3 0 hours left 35 117,300.00, 0.050807| 4.291580

3 2 hours left 35 87,280.00| 0.048599| 2.919580

3 4 hours left 35 57,080.00| 0.048261| 2.868040

3 6 hours left 35 52,620.00| 0.051073| 3.015380

3 8 hours left 35 52,560.00 | 0.056839| 2.953250

4 0 hours left 35 52,740.00 | 0.057784| 3.067550

4 2 hours left 35 52,740.00| 0.051360| 2.912200

4 4 hours left 35 52,740.00 | 0.051294| 3.064250

4 6 hours left 35 52,740.00 | 0.048197| 3.098630

4 8 hours left 35 52,740.00| 0.048305| 2.912150

5 0 hours left 35 148,140.00, 0.060632| 0.996552

5 2 hours left 35 123,780.00, 0.057894 | 2.342780

5 4 hours left 35 99,420.00| 0.060018| 2.248560

5 6 hours left 35 75,060.00| 0.043750| 1.819700

5 8 hours left 35 52,440.00| 0.056542| 2.914270

6 0 hours left 15 66,505.00 | 0.046640( 5.916070

6 2 hours left 15 66,505.00 | 0.049756| 7.655180

6 4 hours left 15 66,505.00 | 0.058681 | 10.897700

6 6 hours left 15 66,505.00 | 0.048546| 6.375640

6 8 hours left 19 61,375.00 | 0.047765 | 26.208300
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Tabd2elConti nued

7 0 hours left 34 213,120.00] 0.051147| 2.773480

7 2 hours left 35 158,620.00, 0.050788| 1.454350

7 4 hours left 35 104,060.00, 0.049955| 2.141550

7 6 hours left 35 75,240.00| 0.048457| 2.135790

7 8 hours left 32 52,750.00 | 0.042202 | 35.840100

8 0 hours left 27 214,800.00| 0.046756| 0.203718

8 2 hours left 24 172,135.00, 0.048581| 1.447000

8 4 hours left 3 146,300.00, 0.049320| 3.368850

8 6 hours left 9 122,110.00, 0.049122| 6.218800

8 8 hours left 6 91,870.00 | 0.047970| 19.715200

Out of the eight (8) craesperse sdeenstcartiibveed ,s ctehnearr
gl ob@mtli mum cost and the corresponding
scenari o #4 (road #1 fromishhomedotl dhdckembd e
optimal solution regardless of ¢Alkl
occurring ekoaptrubks2na@a00O0avail abl e)
remaining shift time increases (sensitive
pl ot with a reduced siumbergodl
evaluate in detail wil!/l correspond to
cases wil|l be inclEtdedtasnpayt pbfbars pmpraendii cAtpepde
wei ght s.
To have a better perspective of th

on the remaining shift time, a set o

decl iniimg ptrre@dred2&dori nt he

ternary

Wi

combi

e recal

t h

feaeni 9 nal

a d

t o

gWweibg@ht ogpnn anad e r

na

C |

Propose

i mpl ementati on.

Tabd2d Probabilistic model for each fracti
L Fractional Time until Associated
Combination ) ) .
Scenarios | eventis solveq probability
8 0 hours left not solved 5%
8 2 hours left 8 hours 10%
8 4 hours left 6 hours 20%
8 6 hours left 4 hours 25%
8 8 hours left 2 hours 40%
Once all i nput data is ready, the next ste
each fractional scenarFigab@i shphé aysl|l ebteed ec omb
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generated from the 66 | ogs represetntle@%by the
accuracyFdemetthese plots, the predicted coordi
optimum solgenefalbad bed&ml|ly outcome) and t he
identified (@neo biathp corpttamtum)aot e on this step i s

opti mal coordinate depending on the fractiona
cases (like combinatowoinal scemari os#4ewhemnet &
the predicted coordinates will |l i kely be equa

this coordinate (balance -ad) oasatrged weegavasil al

dat a.

Case #8 : 0 working hours left Case #8 : 2 working hours left

w1l : -Ore Dev wl : -Ore Dev

0
0.8 . 5 < 0.8 0.2
w2 : -Waste Dev | w3 : Transport Cost W2 : -Waste Dev w3 : Transport Cost

Case #8 : 4 working hours left Case #8 : 6 working hours left

w1l : -Ore Dev w1l : -Ore Dev -

0

0.8 0.6 0.4 0.2 0 0.8 0.6 0.4 0.2
w2 : -Waste Dev w3 : Transport Cost w2 : -Waste Dev w3 : Transport Cost

Fi g4lree Ternary plots for each fractional sc
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Fi gare€ontinued

Case #8 : 8 working hours left

wl : -Ore Dev

0.8 0.6 0.4 0.2
w2 . -Waste Dev w3 : Transport Cost

The amdleysuils s i s then per frormeexd mumap segiulke
remaining time (event occurrsngniati taet stamai |
(2 hours or | ess Dré odet aihle i feaemdfsnpacti on:

time conditidabldle2éswhlerseo | @ayeld rnemai ni ng ti me ca:

di fferent fractional scenarios applicable to
probability is first adjuste@3po aaand d fhfeenc tciov &
to the remainihigr tr cBoauteitbdippng f asi hg esti mate t
costAl though the index of the combinatorial sc
selection of the fractional scenario foll ows

perform a double predictiod Ipeolkciegh!| whiginas e |

for a small set of possible selections.
Tabdl2ee Adjusted probabilities and weighted cc
Remaining Fractional Time until Associated Effective Remaining | Optimum | Weighted
Time (hrs) Scenarios | eventis solveq probability probability probability Cost Cost

0 hours left not solved 5% 5% 95% 214,800.00| 204,060.00

2 hours left 8 hours 10% 10% 90% 172,135.00 154,921.50

10 4 hours left 6 hours 20% 20% 80% 146,300.00 117,040.00

6 hours left 4 hours 25% 25% 75% 122,110.00, 91,582.50

8 hours left 2 hours 40% 40% 60% 91,870.00| 55,122.00

0 hours left not solved 5% 8% 92% 214,800.00| 196,900.00

8 2 hours left 8 hours 10% 17% 83% 172,135.00| 143,445.83

4 hours left 6 hours 20% 33% 67% 146,300.00, 97,533.33

6 hours left 4 hours 25% 42% 58% 122,110.00, 71,230.83
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Tabl eCdnt2ibnued

0 hours left not solved 5% 14% 86% 214,800.00, 184,114.29
6 2 hours left 8 hours 10% 29% 71% 172,135.00] 122,953.57
4 hours left 6 hours 20% 57% 43% 146,300.00, 62,700.00
4 0 hours left not solved 5% 33% 67% 214,800.00; 143,200.00
2 hours left 8 hours 10% 67% 33% 172,135.00, 57,378.33
2 0 hours left not solved 5% 100% 0% 214,800.00 0.00
Before starting the i mplementation of the

required to understand the truekudiins otmhiebut i on
remaining time of thhiegdrded K hehitfrtu.c kAs agheown sitrm
ore production and waste stesfipppmnly tcapacarae erse
by bl ue 4diomcltesackb@bgahvielne b8y (tdo® @ oc it mraulcks ) . As
events are constrainingtnuaknap,enroatpiemma,l ttyhe ss

600 OS1R1

ton/hr @ / »
Q ORE WASTE

SHOVEL 1 SHOVEL 1

230 0S1R2

ton/hr e

OS2R1 1,170 1,240 WS2R1

ton/hr e
ea WS2R2. 9x 150-ton
0 ton/hr/ -

ORE WASTE
- SHOVEL 2 SHOVEL2 _,

—

7x 100-ton

Fi g4lr7e Truck distribeveonsdsagnami 6owi ahnaO h

The first sceatartilve tlme givimhiumd eofi st he wor k ¢
time isadn® aburpossible fractional scenari os
occur right at the start of the shift and the
of each target in order to minimize the | osse
having all discrete ewentrs,sdlhweeprwidtiltitn otnh eno
t henoBdlresf tofalacsgdenari o as benchmark to evaluat
The case is selected as it returns the | owest

probabi |lRitgyalr@6i0s%)|l.ays the | ocation of the pred
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43.33% of i mportance (highest priority) on th
(minimize penalties on negative ore deviation
stripping (l,awdrcl mpongawceh a 20% of i mporta
The interpretation of t heastel ame tseepiritosd uics | sotnr aoivege
thmei ni mi zati cw.$df itshe miploedtant to note that t he

in the centroid of the ndoenvcioantvieoxn arreega ogne noefr agtl

Case #8 : 8 working hours left, 40.0% probability

w1l : -Ore Dev
10k

6k

Predicted e 4k
Coordinate

0.8 0.6 0.4 0.2
w2 : -Waste Dev w3 : Transport Cost

Fi g4lr8 Ternarhyouydrlesdtt dfr a&t i onal scenari o wit!l

This first |Iine of occurrence already cons
already |l ost for ore shovel #2, waste shovel
ore shovel #1 and waste shiawel Tl blesgpkoead ef dro
fractional scenario is the reduction of the m
maxi mi zation of the wuse of the roads with I im
for such roads 8icre badtlh tshuckel §)or any capacity
no major interpretation can be m@det waty testl
truck arrangement whehli q4drye v & rhte cmoccow rdd s(t g h dwrnt
i Fi g4reeduces the use of thewbohst kaepedgshhobe:
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actAvethe system is ald4d4eadkedonsheaioped mazat u.l

redirecticmagpatcheé yhitghhcks (lwdsd ec Kelegs ngt @ @roe s
stripping.

7x 100-ton

1,140 OS1R1
ton/hr @@ p

0ton/hr -~ e\ws1R2 170

MiLL [

“.0S2R2 300

ORE WASTE
SHOVEL 1 SHOVEL 1

os1R2

“~_ton/hr

OS2R1 780 1,000 WS2R1
0@ ton/hr ton/hr ! o

ORE WASTE )
& SHOVEL2 SHOVEL2 _ WS2R2 9x 150-ton
N 0ton/hr_~

°'~ —_ton/hr ;

Figar®e Truck distribution di awprrakm nfgo.rh ofurrasc tlie

The second scenari o decreases the number 0

probability of solving the issue after two (2
probability of occurrence of each afcta otniadn al
scenario is the one corresponding to 6 hours
occurrence and the | owest weighted cost. One
scenarios is that as t hoebarbenaitniensg atriemehiigsh erre
| ower number of possible outcomes, and they w
option | eft wiFihgd420®Ro ws otbraeb idiigtyr.i buti on of t
optimality, and | ocatwiotnhior the mpoetdi gt edlomiom:

(Il ess ri

Simil ar

s kydd YAcafn sii dew n, h4gfe®d nand . Dddn

to the previous scenari o, the model S

mi ni mization of penalties associated with ore

the same as when the eventsamadaciurriess abseheall

di fference Iin the ternary plots between both

opti mal

for this second case, but it i' S not w
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Case #8 : 6 working hours left, 41.7% probability

wl : -Ore Dev
10k

8k
6k
Predicted S 4k
Coordinate )

2k

0

0.8 0.6 0.4 0.2
w2 : -Waste Dev w3 : Transport Cost

Fi g420 Ternarhyouydrlesdtt dfr a@ti onal scenari o wit!

This scenario represents a particular brea
end of truck distribution in response to th
ready taken away f r(o2m htohuer sc opnasstsreadi ,n eadn dr easto ul

l ving,thbheisgaegm already minimizes or plai

i s more reliable in terms of fl ow rate, ev

the other hand, the washéestactppnnyothots ubkblksh

(

has higher] giivemi tyheopehal Ones agasiowr, at lee t

mportant f or anycatprauwcd kt yr eegxacredplte sfso ro ft rtuhcek # 8,

affected by a discrete event.
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OS1R1

0 ton/hr 0 ton/hr

\.
\

ORE WASTE \
@ SHOVEL1  SHOVEL1 e
1,125 081R2 - ) WS1R21 015

o

ORE WASTE
__ SHOVEL 2 SHOVEL2
A S =

N 0S2R2 600

—___ton/hr

Fi g2l Truck distribution di awprra&km nfgo.rh ofurrasc tlie

The third scenario corresponds to a remain
of @Aol®s shift). The remaining probabilities
fractional scenario is as afchaece af e54. huo:
Compared to the tErgalrgy tphl eo tiF iepgrdudl kesretiehd oifrer e nt
the shape of the gl pbaxi so.ptTihmadsle vrad ga cosne iccel oodsi eorn

after running the original training dataset,
subopti mal region but with a total cost equal
i nclubdedialxdbutracy ternary plot input data (con
bl ueish regions are small er are more disperse
solutions. This time the regressedncoordinate

(46. 6 7N%Y 48n@B3l1%aving only]l] 10%hi mpoetwwaBscenani o
the prioritization of bot.h @me dwey i @p € atr gted st
ternary plot is the existence of two small er

hi gher; althocwgho ththe seeptriemalo,nst here 1 s an assc¢c

the selected region.
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Case #8 : 4 working hours left, 57.1% probability

wl : -Ore Dev
1000

0.8- 800

0.6- 600

V.
O
N icted
= Predich o
Coordinate £ 4 400

0.8 0.6 0.4 0.2
w2 : -Waste Dev w3 : Transport Cost

Fi g422 Ternarhyouyprlesbtt éfr a4ti onal scenari o witd!

With a more comMbBbuasnpdssgdt & magmfptl ues 2t arotu
ost for all affected resources, the optimiza
di scarding or minimizing any unfavorable di st
flow in the constrainedinndady peshgogvealnd#1 hfeorus
roads i s maxi-mapadifgrtthekbngheuvebks the LGBE@d
constrained shovels (less relmabéei at thow. pb
when truck #8 is constrained by the discrete
ot herwise the penalties would be higher (make
ack online and beffionrael tchoemnsehnitf tt oe nndask)e. fQdnre t h
he | ogi cal response of the optimization form
egarding the material Fbrowhef opkeeatoonsttapae
mabdlle the distri-banhibnuokstbhbhe #“dnlod6BOe and 2 ir
el ection between t-béfraeadbysssbhet wakbhycwgcte

ossible flow rate, and associ atedncost , conc
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0S1R1
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0 ton/hr ton/hr

ORE WASTE

_ SHOVEL 2 SHOVEL2
__OS2R2 560 TS~ =
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Fi g#423 Truck distribution diagram for fract.i

WS2R2.- y 9x 150-ton
0 ton/hr e

When only 4 hours are | eft in the work shi
can apply: the problem is solved either in tw
shift, reducingutlceamasoiln corfe apsoisnsgi bilne response

probabTihliist iteisme t he a-hgalresftth ns creentaurrinos ash et 2e m
with a 66.7% probability, configuring a much
(l'ess constr &iimgdidde ks s hiosvnphaenta pcpurl caarc hc atsce t a k
interpretation is focusing on the reddish are
identifying a trend where any solution that ¢
wil mobe costly and sensitive, compared to the
[51.67, 22.50, 25.83] l|l-aondsexngltdhlealceaptriomal ol

confirming the initial assumption @friarhitghly
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Case #8 : 2 working hours left, 66.7% probability

w1l : -Ore Dev
10k

6k

o
Predicted 7

Coordinate

ak

0.8 . . 2
w2 : -Waste Dev w3 : Transport Cost
Fi g424 Ternarhyouyprlesdtt ddaa@&rnmaroinmlwi th associate

There is not much to discuss for the distr
l eft on the c oFnsgiur&iomdd rrmess dthrecema.xi mi zati on o

avail able road for the unconstrained shovel s.
of materi al i's just to add anyuekéd-pamdl exrxed,l
system.
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0 ton/hr
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0 ton/hr /
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\N
ton/hr ) ton/hr
oo™ oo

OS2R1 250 WS2R1
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0 tonir 2
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Fi ga2% Truck distribution diagram



The | ast scenari o to
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Case #8 : 0 working hours left, 100.0% probability
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di scarding of shovels #2 entirely (even if th

material flow can exist), andst rshhiogd@#&8 ni s not
Given the equal wedlgahtte d otrarbgoetths ,maitteriisall ogi c &
both shovels are numerically equal, only diff
showhahdlee¢ where a | ess number of trucks in wa
cycle times, while for ore s-hpyeha¥ilnghehersh
already uckerd for the installed capadi tpnwe but
ot her trucks report any failure.

Tabd2e¢ Cycles times for each truck for fract

Truck ID 1123 ]|4 6|7 9110|11|12|13|14|15| 16
Number of cycles | 17| 16| 17|17| 0 |16|17| 0 | 15| 15| 15| 15| 15| 15| 15| 15

62
(o]

This overly constrained scenario is much s
fractional possibilities any |l onger but inste
essentially the same as combirnragd g e md ntc asep Hd:

the combination of di screte events are affect

0S1R1

0 ton/hr WS1R1

0 ton/hr

ORE WASTE
SHOVEL 1 SHOVEL 1

1,400 051'3,2é®

0 ton/hr

ORE
. SHOVEL 2

s

9x 150-ton

Ws2R2
~_OS2R2 )
~___" 0 ton/hr 0 t°’f’ hr

Figa27e Truck distribution diagram for fract.i

Theummafynaf r esull &bll2dnirsep |caoynesd sbtopretct widt h t

behavior of the proposed approach, where the
scenario i s weighted to the optimized solutio
deviation to the | owest possible outcome.
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Tabd28Summamaypyl e of the overall cosmaitfiomegal |

Discrete Event{ Predicted | Remaining| Predicted Predicted Values | Global Optimum Total Cost (
. . . - Accuracy
Input Combination Time Input| Scenario .M . H . 0 Calculated Predicted

[011111] 8 10 8 hours left | 43.33 | 36.67 | 20.00 214,800.00 214,800.00 100.00%
[011111] 8 8 6 hours left| 44.44| 34.44 | 21.11 172,135.00 172,135.0¢ 100.00%
[011111] 8 6 4 hours left| 46.67 | 43.33| 10.00 146,300.0 146,300.0(1) 100.00%
[011111] 8 4 2 hours left| 51.67 | 22.50| 25.83 122,110.00 122,110.0d) 100.00%
[011111] 8 2 0 hours left| 30.74 | 30.74 | 38.52 91,870.0( 91,870.0¢ 100.00%

This section expltaheomegdeddhrd sitmapl dme sttt &tpi @
met hodol ogy for a single period optimizati on,
the implications of associatitmge prochadintviog taibd
of action before predicting the best possible
the wolMkeshekt.section wil/|l evaluate the comb

when the optimization occurs for multiple tim
4 . 7Tmpl ementation of Prediction Model Based on

Having discussed the -penceduaralypsperior e
Section 4.6.,i mpke meorft atshtee pmeitsh obghdelr @ oyd s cenar i
wheaowetri me hori zon pafm prtuil mimpalied qpeev & st bl per i
simultaneously, gener attihmeggs wal tt § ufcrkom i dipfaft erhe mpt
corrdgloattad haotdhéeé he 1| mpacitniogtfe raileordtsan wir ledscpt o eosnes

potential occurrence loaft esscome conditions in pe

Al t hough the probabielviad tuiad esc d threr erhae caep prf
occur withinovemetsminfalt duwmati on, it would sul
complexity of the probl emhef,ebdbtyended sfcemamu lo

di scretae eevenptasti ng the period whole wild be

To be consistent with the previous approac
al so be appltpieerd oidn aabnbddilesy smosd,urir ence of such eve
over a time haoaTheodetodi B0ofpetrh®dlsi sTtabdiXe® occur i
anfdabd3éunder a binary configuration, where 1 s

and O other wise.
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Tabdl2d® Occurrence

of di

screte events for pe
. PERIODS
Event List 1] 23456789 10]11]12]13]14]15
1) 2 100-ton trucks notavailablel] 0 | O | O | O 1 1 1/0|]0|0]O0O|1]0]O0]|O0
2) 1 150-ton trucks not available| 0 | 0 | 1 1|0 1100 1100|121 [0]O0]|O0
3) Ore Shovel 2 not available 1]10|1]O0 1 1100 1 111]0]O0 1|10
4) Ore Shovel 1 Road 1 blocked| 0 0 0 1 0 0 0 1 1 0 0 1 0 1 0
5) Waste Shovel 2 notavailable| 1 | 0 [ O | O | O 1100 1|10 0|0[O0]O0]O
6) Waste Shovel 1Road1blocked0 | 1 |1 | O | O] 1 |O0O]JO|1]0]|]1]0]J]0O0]1]O0
Tabdl3®d Occurrence of discrete events for pe.]
Event List PERIODS
16 | 17 | 18 19| 20| 21| 22| 23| 24| 25| 26| 27| 28| 29 | 30
1) 2 100-ton trucks not available] 0 | O | 1 | O | O 1 10|00 0]|O 1|1 0|0
2) 1 150-ton trucks not available| 1 1 0 0 1 1 0 0 0 1 0 1 0 0 1
3) Ore Shovel 2 not available 0 1 0 0 0 1 0 0 0 0 0 0 0 0 0
4) Ore Shovel 1 Road 1 blocked| 0 1 0 0 0 1 0 0 0 1 0 0 1 0 0
5) Waste Shovel 2 notavailable| 0 | O [ 1 | O | O 1]10[1]O0 1]1]0[1]0|O0]O0
6) Waste Shovel 1 Road 1 blockedl 1 1 0 0 1 0 1 0 0 0 1 1 0 0
Since all possi ble combinations of these Kk
i mMmabdldd or the array form, the nextmbstnep oirdg atlo
scentaor ieoxt ract the exact parameter configurati
primarily wuseful to have a starting point of
arr anagyeeme nitt, do e smenaont tnheec emistarn pemeémte same as
production factor is included, modi fying one
identified combinatori al Tsachdl®ea nddaoBI3 owhath pe
can also be obtained by applying the | ogistic
the array form in binary configuration of weac
Tabd3d | demambiirat ori al scenarios for pe
PERIODS
1] 2|3|4|5|6|7]|8|9]10|11]12]13]|14] 15
|Identified Combination 18| 7 | 35|14 9|60 2| 5|63 4|19[30| 1|40 1
Tabd3€ | denti fied combinatori al scenario
PERIODS
16 | 17| 18| 19| 20| 21| 22| 23| 24| 25| 26| 27| 28| 29 | 30
|Identified Combination 16| 54|26 1| 3|64 2|22 1 |36]1]38|]29[1]3
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Il n regard t ot hteh eb & motr hhmmd ekt 9 snmo d e | plus the
i ncluded itho Seacdowmt 4t.l6e f r act i pbnuatl aalvsaol | abi | i
i ncor paodadittdiaan a&li o na nvda rcioartbslterkalioptesmud d ieval uat i o
mostly to guarantee a correthe pnodeaecétso@mhbal a

varitabdbliesclude in the existing formulation is
NewWweci sion Vari abl es

0 O0dé U Qi AXMIQEECEERI € Q6 dha @ £REOQ ¢ |

0 Owdf 0 Qi BMUAQEECMS £ 0 1 "QNANGIAR I"AKPEOR@ € i

00 QBN Vv ¢ | QO Wb QIOEQER ¢ QO @)@k EPATOTNT 0 Qi Q

Ca

0 00 @ QEMI WHE Q QD NOL MGIOEQLR £ QO @)@ EPITRTNT 0 Qi Q

O QTN WHA ¢ | QO WD QEOTQB LD I "QACHGIOR I'APIOTNRT 0 Qi Q

C

000G QEMI VHE Q Q0 QOL MEATAB LD B QACGIOR I'APITOTNT 0 Qi Q
The previously | isted new par anbeet ecrosmbairnee di
wi t h areicgisn alnO0vaanm@wa, b laelsl owi ng t he configurati

stockpiling production condition. This new se

production balance rules when the positive de

peri odused @&@s cumul ative production in a follc
events will create an instance of negative de
system between periods. This newn sfertono fmacka msgt
use of material that does not exist (if negat
consume up to what exist in the cumul ated amo
rehandling constr ai nptrso dunhcatti oins rbaatsheedr otnh apnr osatco
(new materi al can only be added in the curren

The first set of constrairietproodoueviabomabeael a)
modi fying existing constraints to incorporate
constraints necessary to perform a proper ana
evaluation (some consmaraa nger iredquitree md il meplsdr

The modified ahdr newecpmnedmuweaiand sf dlall awe e
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Equa@#tpins an extension of td'&0warsi goiyn adle ffaaurl n

equal t

0]

zero as there was no cumul ated ore p

but since there aret musttipme sp ecroicdvdesth etedn he vaol u
l'imitation for @elrRi ®da 1moadi fyi e & gttt ¢ biomc lod d & g |

the binary decision variable to keep track on

production, replacing the original 44rsion of

repl acegs4d7gfqourattihoen ore production bal ance bet we

trackin
ensur e
and no
peri od,
(i1l ogi
devi at i
The

modi fyli
new r ul
0"Yo T

06 2 6 Yo

9
a

c

o

(7]

ancillary vari(@adjis. aOmotrlee sptelte f i tar
full depl etdtome olfadgtheperuimud ad read amad ef
umul gt eHq utedtbeearsi varle sl edntl y one type of
either positive or negative, not poss
al ) (44bdesti ye Ebheatubas to extract the
n between periods, an ancillary vari a
econd sedi 9€Cwse o pspowmadsatt e obtarhiemien g
g existing and adding new c olnhsetsreai nt
s are as foll ows:

44y
0 0w@0 0w v (44 B
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O Y 00w0z) 0w 00mw0z0H Ow

. o . 3 . 5 . e . >y 7 5 (449
p Ow zZ 0"'Yw 0 0Ow0z0 Ow 0 Yo I ¢ N O
6 Yo 000®0 00 (GO0O®00m L OND (45D
DO®OHO0OWO p AN D (45 1)
00w 0"'Yo ©O OwYY; 20w j U Ow JAND (4572
Equal to the ore fg&dodonstires nmaseumiEhabt ven

previous to per (4638 elp, | axcheisl eo rEARfUiaotaionnEgodtu c ent h
0 Ow®inary var i(adbdr ep | Bqge s49tqom autpidoant e t he wast e
bal ance conditions bet \bdypu prantoeadss mwhecems!| &t
past the |l ast period (if any cumul ative waste
consumed) (45 EFeonhwsautrieosn a uni que typ(@b5pdfe fd enveisa ttihoen
absolute waste stripping deviation value betw

post optimization calcul ations).

Having the model and data files ready for
what goal weights should be used to find the
l ogi cal next step would be too®vail miadclki g | wipat
done in the previous two approaches of this m
applicable sprteoafstheeptbabl em increases expo
the time horizon. B afscerd tohne tshuem goafu ssse raine sf odrinsuc
Equag@Ront he number -pefr i pas siclelnearmuwlist it o f or mul a
cal cul ated (d4sjarsg fBd U atwison

006°Y"Y 453

Wherm@® )Y st ands for the number opgercioatbi nator
opti mi Hatiison,he( number of posdedilred oanbdc mradadyn
(e.g., 66 Il ogs for 10% accuracy, np,etb60rkbepgent

to the number of periods evaluated. As observ
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l onger possible to solveumwdaeédrhiav ainl alezlea ptt eadH rec
short scenarios (~5 sgpérei onbs)t alorm@ewecdh wiaty teprs

all possible scenarios are evaluated and a gl

A more acceptabl e ,wthratkegmei sod hemsipmiop atsie
reconfigured as an iterati veanpd omelsiscod compose
optimizations, odduwerrde goda ewsriapart el itadlel édest go
arrangement .Tlhhe sachemeed ogslt eps f oardeebdsi akt el

in the following pseudocode:

Procedure ITERATIVE OPTIMIZATION(Single - Period ModFile.txt,

DatFile.txt, RunFile.txt, Multi - Period ModFile.txt, DatFile.txt,
RunFile.txt, Predictive Model);
il =0.34,
1 =0.34;
] =0.32;
Benchmark Solution Y MulPeériod Mogde, ( alperiods );
p Al
PDO,PDWY Benchmark Solution;
while  p <= number of periods do:
Single - Period Solution Y Singleei od Model (PDO, PDW) ;
Q.1 ,1) Y SinarRdrei od Solution
New Single - Period Solution Y Predictive ,Made; (
PDO,PDWY New Si-Pgdieod Sol uti on;
1A
1T Y1
1T Y1
a1 .a3) Y1 1) for period p
New Multi - Period Solution Y Mul-RPeriod Mode, );
i f New Multi - Period Solution > Benchmark Solution t hen
1 Y 0.34:
1 Y 0.34:
1 Y 0.32;
end if
pYp+ 1;
end whil e

retumMrw MuPeriod Sol ukt pn
end Procedur e

This pseudo code does not | upsetr ipordo poopstei nai zsa

by i xing goldl avecgdtht arranglumenal sSoruadadt @ ri to
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nder t he
ot be as
the seque

4. 7TAhal ys

From t
defining
correspon
optimizat
These cas

operation

v

on 4.

and testegeirnotdhanmlulytsiis (repltaoifnghiaheperi gi
e

ve period evalwuated. I't is Iimportant

i's in response to the way the opti mi
tion, but i f thettbrmybatmodoet tbhas
nporad empteidv emompt i mi zation, it would be
nt as benchmark for the goal weights

| 1 y0 ®ya nad®Djowd etcii g otnhe ari abl es as fixe
the cumul ative additional productio

production for the following period

this new input configuration, the g

5 is executed so that an optimum go

olution is compared with the benchma
l ower théami hhmi behebmpwkgoat pwei ght
od is keps amal yhedf odbt mevi wigs petr h ® do |

ntbesomai mowai mgdt o the next period.

periods are no | onger i1isolated but
the driver of the iterative,praodess
wei ght arrangement for al/l periods a
desired accuracy (10%, 1%,dell. 1@y, t
accurate as expected for | arge and
ntial optimization to evaluate a var

is of Results on Time Horizon Analys

he i nput i Mfadd2m®d a bi3@®T spbdlech aTld BIEL i n

the distribution of di,scarnedt ¢ heevent s

o

ngp d Adssichelindah @ @aismphemént ageroinodf t he

o

n strfadre gy setn dfe cckiviath qrae eteinc 3 ¢ s mh

(9]
(7]

represent the traditional way to

al bottlenecks or primary directives
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I n Chapters 1 anddi2sc tusswed ha elradkurafhrwend emws
vari abl @ hreatgwrad ovei ght s itshenmamny dher roomi Ta@
current dispatch systems, highlighting the in
the $hacé&l allocation problem, even avoiding
publications. Foegsé€¢hidgi i mpl emtend iat e ohi ves ar e
against each othmcepto of frowat pe oodr mnéctcoanal

optimize the dispatch tasks i n favor of the e

As most of the data processing steps (comb
ternary plots analysis) were al rtelaa ye Wa Iswaitsiscer
wi || be directed towards the final resul ts an

validity to the proposed strategy. The cases

- 70% Ore Production Penalty, 20% Waste Stri|
- 20% Ore Production Penalty, 70% Waste Stri]
- 20% Ore Production Penalty, 10% Was.te Stri)
- Adapti veviwedioght condi ti owpalri oadr rogpdti imorz aft o ron
- Bal anced -@&i29g h tf soprg Snmdoldt iopt i mi zati on

- Bal anced -@#8i0ghtfoopedsldodglepti mi zati on.

- Optimized wepagrhitesd fopt imailzdat i on

Gi ven tchaaste etaocheval uate i s composed of mul't
evaluated independently, one | ast comment to
problem for i mplementation pur posexsnl|l Witthe rlemsc
associ at ed-owijtelcttihve rmwlttiimi zati on model are re
optimized weights strategies, 1t I s important

records to genergaaal awepirgehdtisc,t iroenp eoant itnhge t he pr
including an extra iter@otromdbetpweem zaein omd s 0
the desired cumul ative producti on, having som
goal werghtgemennt he benwasmmaré&pldatcad DipyY etmluen r eg
goal weiidlret keeping the | owest possible total

The first set of JabdBi omgliudi ywmmarei seod uit

for each case under evalwuation. cOheetsgpogtnide ght

132



instances in which the optimized total <cost w
weights to apply were the same as the benchma
Tabd388 Tot al Cost summary report for all/l 0 [
Period Identified Applied weights Total Cost| Total Cost| Total Cost| Total Cost| Total Cost| Total Cost| Total Cost
Combinatiof . M| . H| . o | Optimized | 34-34-32 | Adaptive | 70-20-10 | 20-10-70 | 20-70-10 | 40-30-30
1 18 34.71| 34.41| 30.88 213,12( 213,12( 213,12( 213,12( 213,12( 213,12( 213,644
2 7 48.00| 21.00| 31.00 132,860 132,860 132,86(0 132,86( 132,860 119,84( 66,505
3 35 39.33| 37.33| 23.33 57,265 57,265 57,265 62,160 62,160 181,970 131,664
4 14 23.64| 54.09| 22.27 51,440 51,440 51,440 188,975 199,055 121,260 74,400
5 9 25.77| 51.15| 23.08 116,854 116,854 116,854 45,300 45,300 174,820 117,30(
6 60 34.00| 34.00| 32.00 212,200 212,200 212,20( 166,200 166,200 104,200 214,50(
7 2 53.04| 23.04| 23.91 148,630 148,630 148,630 160,340 160,34( 145,390 73,320
8 5 23.64| 54.09| 22.27 53,915 53,915 53,915 160,940 171,020 96,735 52,740
9 63 30.74| 30.74| 38.52 141,800 141,800 141,800 142,800 142,800 154,800 215,364
10 4 34.00| 34.00| 32.00 95,400 95,400 95,400 49,200 49,200 121,200 117,42
11 19 39.33| 37.33| 23.33 121,640 121,640 121,64Q 70,635 70,635 149,27( 117,54
12 30 34.00| 34.00| 32.00 90,195 90,195 74,340 83,400 106,575 187,900 117,90(
13 1 34.00| 34.00| 32.00 89,130 89,130 105,130 105,130 104,170 80,950 52,440
14 40 41.11| 33.33| 25.56 66,445 60,945 66,445 66,445 60,945 181,285 144,444
15 1 26.15| 51.15| 22.69 56,390 56,390 56,390 56,390 55,820 80,950 52,440
16 16 50.48| 20.00| 29.52 151,885 151,885 151,885 151,850 151,885 155,930 86,530
17 54 34.00| 34.00| 32.00 40,470 41,470 42,870 40,470 41,47(Q 205,810 164,47
18 26 35.56| 40.00| 24.44 177,715 182,215 148,890 177,715 179,850 42,680 149,394
19 1 34.00| 34.00| 32.00 56,390 56,390 56,390 56,390 55,820 53,350 52,440
20 3 34.00| 34.00| 32.00 53,090 53,090 53,090 53,090 52,520 107,650 55,360
21 64 34.00| 34.00| 32.00 138,720 138,720 149,350 138,720 148,850 121,920 228,72(
22 2 34.00| 34.00| 32.00 49,58( 49,58( 73,450 49,58( 49,580 145,390 73,320
23 22 34.00| 34.00| 32.00 154,970 154,060 156,36( 155,324 155,730 66,360 149,394
24 1 34.00| 34.00| 32.00 53,350 53,350 53,350 53,350 53,350 53,350 52,440
25 36 50.00| 28.75| 21.25 125,065 124,285 125,065 124,155 123,115 123,375 148,92(
26 1 33.33| 41.11]| 25.56 53,350 53,350 53,350 53,350 53,350 53,350 52,440
27 38 34.00| 34.00| 32.00 123,850 123,850 123,850 123,85(] 124,254 123,85( 149,41(
28 29 34.00| 34.00| 32.00 42,670 42,800 43,97( 42,930 43,095 43,97( 123,31(
29 1 34.00| 34.00| 32.00 50,880 52,440 48,93( 51,270 52,440 50,975 52,440
30 3 34.00| 34.00| 32.00 54,160 54,160 54,160 54,160 56,095 54,160 55,360
H ¢ 2,973,430 2,973,430 2,982,390 3,030,100 3,081,60% 3,515,810 3,355,574
One noticeabl e aspecctoionfcitdheen traels urletssu | atbso vbee
optimized model andd4d e, biemchoatr kastasto (BHe 01
tot al cost for al | periods is in constant i nc
ternary plotsuandnesomhi heéd epti mized model s u
the bal ance of the three goal weights for the
bal anced fixed solution i s, for some periods,
oefing a risky solution in contrast to the re
centroid of the best possible soluti Gromeont ou
of these instanEegdX8onr bei ob@s@&)y veamplne peri od:
al | periods canGbe found in Appendi x
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Back to the results frohable4.33, the highest cost corresponds to the basic
implementation of a dispatch system, where fixed balanced goal weights are considered for
single period optimization; there is neither a cumulative production balance between periods nor
a response to the occurrenaf discrete events, just a flat automatic optimization, resulting as
expected in the least favorable scenario. On the other thenthree (3) highest total cost cases
are usually the most common ones observed at any mining operation, where a single target drives
the optimization model, resulting in the least favorable case when the waste stripping goal is the
one with highest priaty, and the most promising among the three when the highest weight is on
the ore production (or the minimization of the pkies associated). These results are logical
when we consider the penalties associated to each target and the observed trends from the
combinatorial scenarios evaluated in Section 4.5 for the goal weight arrangement approach,
where the majority of scenas were more favorable towards the ore production target.

The adaptive weights case is a more interesting case to evaluate, as the decision to ignore
the balanced goal weight correction does not return a substantial deviation with respect to the
best possible scenarios, yet it exists and serves as proof tihaglfea accuracy is not desired,
the use of the conditional correction is a must. This particular outcome will be further analyzed
in Case Study A, where the complexities of the input data and the tight bounds of the global
optimal solutiorproofsthat theconditional correction is not necessarily thest possible course
of action in terms of numerical outcome, although it saves a considerable amount of processing

time all things considered.

Moving forward, the evaluation of the summary results is another important aspect of the
time horizon analysis approach, as it allows not just the comparison of output values, but also
gives the big picture of what seems to be the current behavior onmapled lowcomplex
dispatch systems versus the proposed methodology. The correct interpretation of the results will
provide enough information to understand why certain decisions are made during specific
periods, and how the correct truck allocation caulten substantial savinds/ the end of the

time horizon.

Figure4.29represents the minimum possible cost for a balanced scenario (labeled as

traditional approach) when no discrete events occur at the mine, and the systentrisckeer
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for the whole period (best possible scenario). This baseline cost is handy to illustrate how much

additional cost the operation incursr@sponse to uncertain scenarios.

Baseline scenario: No Occurrence of Discrete Events

9

80,000
70,000
Z 60,000
v
2 50,000
B
8 40,000
(=)
T 30000
2 20,000
10,000
0

~ I
~ I
w I
+ I
o I

10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30
Periods of analysis

M Base Cost

Fi g42% Summary results for the base case sc

The implementation of the 480-30 traditional model will have a weak reaction to the
occurrence of the undesired discrete events, returning either equal or higher costs than the
baseline values, as no muykeriod analysis is evaluated. The results caoldserved irFigure

4.30, where the yellow bars represent the additional cost generated by the event.

Baseline Scenario & Traditional Approach (Additional Costs)

250,000

200,000

150,000

100,000

Total Cost (USS$)

50,000

10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30
Periods of analysis

g 9

I Base Cost Deviation Traditional Approach =@==Single Optimization

Fi g#430 Summary results for the traditional ap

Whereas the traditional approach case is not capable of responding to the uncertain
conditions, the sequenced optimized model does not just offer a fully integrated strategy for all
periods, but also weights the advantages and disadvantages of a curpubahiiation system.

With the baseline cost as starting pokigure4.31 displays the comparative cost fluctuation
results between both models. Something that not be ignored is the fact that for some periods the

traditional approach returns a lower total cost than the sequential optimization (pefipd$,2,
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13,15 and16), but this is because of the additional transportation costs incurred by the
sequential optimization to produce the additional tons (ore and waste) to cover the slack of
material periods after, weighting the costs over all periods.

Cost Fluctuation Analysis - Proposed Model vs Traditional Approach
250,000

200,000
150,000
100,000 N

- I I I I I I
1]

Total Cost (USS)

16 17 18 19 20 21 22 23 24 25 26 27 28 29 30

Periods of analysis

14

Em Base Cost ==@==Single Optimization Sequential Optimization

Fi gl Summary results foandosmpapestmhnabéi oveen

Following the discussion of the total cost deviations, the values of these fluctuations are
directly correlated to the events present at the different periods, expecting higher deviations for
complex combinatorial scenarios, and lower fluctuations whepdbsible solutions are less

restrictive.Figure4.32 displays the absolute value of this cost fluctuations for each period.

Fluctuations (Cost Deviations) by Implementing Sequential Optimization
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N Base Cost Diff A B Fluctuation = = = Single Optimization Sequential Optimization

Fi g432 Summary results for cost deviations be

Although the fluctuations can be positive or negative depending on the point of reference,
if all fluctuations are added up in a cumulative plot, the advantages of the sequential optimization
are more noticeable, resulting is@perior performance with respect to the traditional approach,
as shown irFigure4.33, where the overall trend of the cost savirgggositive and shows how

the sequential optimization is able to generate a better solution than the traditional approach.
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Cost Fluctuation Analysis - Cumulative Savings from Sequential Optimization
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case, but i f the eventrdsatt svboul domei sf ov emd &
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ialdocorrelation to the type of event occurrir

Cumulative Ore Production & Waste Stripping Summary Report
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Up to this point corresponds to the third
for an adaptative dispatch system using machi
of uncertain events occurrengéeer asacde nddorlioofsf er
analysis. The i mplementation of the optimizat
Chapter 5 for real datapetsmbbéai nEdef memhoge
to the individuaésochobmpleampuesd andatberdance
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4. . BResults Discussion

The three (3) approaches discussed in the
the same optimization methodol ogy, discussing
integrated all tpegeibdr prepabsd&msmbdmd pbiaibmiez t
the analysis and return a | ogical solution un

operati on.

The decision to make use of machine | earni
selection of the best possible goal weight ar
al so proposes a hierarchical domttrhé udptoinmiof at
drivers, a characteri sti nevdrm di sdumd dad wafy

c
use of ternary plots is convenient for human
regression modelg dataaeti tbecemput eait hienbest

Al t hough the base case exampl e hiosv edo raflil gowraead o

problem, it has enough complexity for the pro
some pasalmefere testing against real dat a. Ad
(3) pmeemptive optimization targets is in resp
compar edditmemuildnal scenarios, difydtcutlhe tsoy ste
is configured to allow such complexities and

The results from the three (3) optimizatio
advantages of having an adaptative system for
data can be arranged and solaleld enarsaadlgvaegpdkd e t o
model s. The solution time for each combinator
within the acaeapgt a&lbhlee Gagprgepsar amet er can be ad
expected complexities of the dataset to evalu

Finally, the apparent advantages of the pr
approach oppobesanttgnto make a change in the
conceptuali zed, integrating new ways to perfo
optimization, combining Operations Research a

t owar dsf fai enoe et eand reli able use of the fl eet
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CHAPTER 5.
DATA TESTIGASSENDTUMPEEMENTATI ON

This elvaptuat es the I mplementation of the p
Chapter 4 to real di sppaittc hmidnaitnag porpoevri adteido nbsy. tl
di sclosure conditions gge®ederwcdeaht, ab otthha tmicnoeusl,d
associated with any of |tolhceatanboenles, we ¢ lmafpmse p ra e
any operational parameter used in the anal ysi

prevent any connection with the original sour
5.Case Study 1: MINE A

Mi ne Naogepa t gol d mine dniotcad eSlt awti & 41 haef tAme
geographic charachetistgosfotabhhet mi nhkbeaobkj ec

mu st be mentioned that it is |l ocated within a
with similar features. The | ocation of t he mi
pareatner that will be | ater evaluated.

The mine i sadgi@No®Pdadnd nPauwohh t he correspond
processing facial dteidecsatkact | ace¢eaallagruakyg eaaqud
operators ,anwd tehngliintetelres i nt.er hlte i waor lbien gveeyns tea
divided in two shift of 12 hours each, being
activities are not every shift but according
approxi mate productison whyielseho dtth oPi t85d &I0i0v & rod
tonnes per shift to the dTihfefreer eanrte daedsdtiitniaotni aoln
operations between the processing facilities
dedicated | oaders and trucks, Biassuead | on ntohe ma we
information extracted from the dispatch syste

assoctihmemptd ement ati on of the ad&puthePmet hodol

With respect to thati nsehlni agedaaosxp@N sbhl sg s
Mi neOper atle (BEXRGODN)LPboth pits (each pit has

oper.dther sysdretmr olsl ed by one operator per shif
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direct communication with the oper aitmoput, daantda

required by the dispatch system (road network

5. 1MILne Conf i glwpertatoinomanld Par amet er s

As mentioned before, the mine is divided b
eacskddfficient i namner amstnahegpreensdeunrtdesst,otpeorgr ap hi
map will berdteonfbdedtial ity considerations,

transformed into a dispRritgbiremppes¢enmpl t heedi s
sources and destinations of the southern area
the green dots represent | oading points (muck
destinati ons-p(waassttee dduumppss,, cirnusher feeder, and
roads are physically the same, for interpreta
t wo sections: an upper section represented by
crushlerf/leneeder s), and a | ower section containeoc
benches Y waste dumps). Althoughhdtsear efi ¢ ha

(di fferent capacities), not alietfwcksparce fac

Fi gblt e Di spatch map of the southern ar
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