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NTRODUCTI ON

is paper is about probabilistic forecasting of met
recasting concfeutnusr et hdei setsrtiibmiattieonofofa the given par a
i nt The metrics focused on in this paper are from
r k, and waste. The forec,aswhingh iisn dtomies fprojceontstamu
om several different trades. The forecasted metrics

the | evel of productivity for t heobdpaxoinfhiact uved ri koenr
ojects are inherently dlffne:detUtt|0venonaTnhd)rscmbmrmlbélxenm

signifiemint orbiecausenant ructi on projects i s essent.
dget (Kopsida et,the. coBaetLlbuctiHost ondaoatlky has see
chnol ogaleengdwh@ée hf actoorst timdtliie@nd behind other ind
oductivity | rmcomedgmrcotjhantistosrti ngxcl usi vely done by
formation that makes it possibllfTédetoconefeuvucphaeh man

onitthseonstruction projects would benefitdédtremamipmiemg ct

oOoocCwcrrr OO0 TT>O0C oSO

nw =

y to cpmpanedaso estipatrdosrmbedtbeéaf prwopEemasicoasi o
rategies can be . np#@demnibzaasterpd ne nonfa diibtheca hvasd @t aha biughs s i m

anges could be regarding site |l ayout, activity seql
ture performance would serve as the reward paramet
nstructiadanvlidlyofiosrhpmedewdenal yses and simulations. Cur
derstand past performances but not future states of
ates of the productiacomhswittdmadar ded &laxihak st ama thed
nstructwiomh piromfecmati on thattteouhdg tdhemrtipeoldastBo
recasted values.

Ps an inherently important metric for construction
dgets of projects (Buc.haQpteitmiadi.ng 2t00e3 ;p rkaajzeaczt £ tb ad ¢
di fficult, as construction workers are independent
rms of wAdgkdaieag hatghe. system introduces several com
rker s, machi nes, t hfeo recnevsi rcoannmema p p eam di ne x¢ eev enrad | di f
2P2his makes a prediction system more compl ex, as s
rkers utilize the time spent on construction projec
ne by |l ookingsatstttaurpast. pThhettcbke gets to forecac
timating durations of t2odkdr( FEdkrs 2atfi srtesin o kostt)dtlc @Blev s p a
sumptions are made in this estimate, including assu
uctuations i n pgrioreucitnitveirtfye rreankcees irmpgphstsi bl e. Predic
ke informla¢ei bhataveil b brmakiadg amé gari chi ndge ciitsé msn s uch
sks, procurement, and site layout or in further anse
rrent methods for predicting productivity in the co
at can estimate the general | evel of productivity f
not temeaeamal t hahi ¢m most cases, only one value is

single value for the enticrhealpreonjgdootg, moMmiiudsher malge s uf
cause of thhwifl It hiee guleshi @eopsaper ¢ anc dres tarsukcetdi:o nH ol w
oductivity metrics be wused not only to evaluate p
oducti dhesypapteom?dacivnesl op f drhedastt ifmatuamaed evbad sutersu cotfi o n

lpaoroductivity metrics in an autoregressive fashion.
eded for @bhPai gsodlecmploex metric affected by numero
raee r s, details of the specific project (size, numk
nagerial environment. However, autoregression has b
change ratesl 6ol etyabf, ollb99yutuves (He et al ., 202
al ., 2023) These have many independent variabl es
ccessful in these ddmeimes. apparleing ite® timMeecsadasgatiet
ch methods fohef bdboeeaasi nggChPoces sohbiososetxepd ogtrreede st.h r
ver al models are trained on t wiondiavpiadowaus t t @i tmy mme
recasting and project productivity metric forecast
ojects, a short analysis of the importance of freq

mpubahtebhiciency. Themaokwdmpamh as | ¢oheil punckesicosst i amadn atghe
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next indi virdbumalt heyélnas v(ifdwtadr é ve fezfaltsa Jomsatdr t dei on sit
foredasmgnti oned, the method does not use external f
experience, etc.), or project details (project size,
motivation ofcrtehaet a eas esairnephl iisst itco system that can be u
extensive data coll ection.

The objectives of the paper are (1) to give an overvi
autoregressive models for prodpcboibaiftioyriescéaisctiicn gf onreet chao
bot hi ntdhieminflua) eevel of construction projects, and | ast|
frequency when-fwerquiemgfywrdtal® laBieftbsr ecast i ng

2 RELATED WORKS

Productainvibtey defined as the ratio between

the outoput
Because of thi 9 edefoil mietaibcamg, fdatms ,camd no st

andard fo

is available, even thoeghenttdmdcThomgs baed Yiak omemi a5
201Bést practices such as wor k sangdlPi mgp nd xiogti,ngbuts iam
process in constructi oni cpatoijcenc tosf, tahse tohvee rCallPl ipsr aj gmoto
Moni toringwhetchodvs | I be pracemti ¢éqg fmltlmdmuale ¢ oo iTtad reic
thradughsitt @®enobaemrveadiicotnisomanc Hihmeoulgghar ni ng using indepel
wi || only allow for information segardahg pablte€LiPon
The second can, as mentioned earl i edqulpd eldatderi gauge ch vteh
s@an retrieve future CLP for the project. However, t
productivity, but rather an Advweigagae eomomomenti agi Imet b
autoregression in construction will be reviewed. This

to construction probl ems.

2.0Onsite monitoring

The monitoring of CLP has been extensively studied t
used wobkseduthgt hod to assess | abor time wutilization
collection method nf ccronrfAmbumao scenst atdli es 2000 ; Dai et a
Kal saas et al ., WaOnldda,hlGoentg aelt. ,al12.0,212)0.11T;he di stri buti c
collected through work sampglsisregntfi@ad @omrster wdt ii onnf owamra
reduce | abor waste and, therefore, o pLti iomi zaen dt hBeo rtcihmee
196 8; Gouett et al.Opt20mik;i ndevereettiane. sp2h20)on const
but the methods vary greatly. An essenti al theory ref¢
and the concept of flow (Koskel a,st299 2)whiA hs yisst ebna sseu
conceptsncwehbehefpicieneyt ablowsehed, sgatbmwepti marily
thamidre monitoring.

The studies that manually collect project data throug
datasets often |Iimited to a small timeframe relative
for most opmaliwzazdekdntt hiatt creates difficult datasets to
sampl i ngcars wmmitn gneatnan d iavbeort ask, two weeks of data is
consistent work samphe ngntituatiyesof wahipghojfedtd owate sti
more el aborate studies with continuous datthaatf rwomw kal I
sampling is still considered tahneo ncgu rtrheentb esstta tnuest hoof d sC Lf
the work sampling studies are starting to bBerfeastheri
studi es, or other correlation studies, e tofi smaknys owo m
sampling studies, where the time between data points
Several research projects have attempted to automate
(Barbosa and Cost a, 2021) . Some of these studies us
generalized, thessetlr a mewarnlosnatoclad! pecal l ect the da
sampling studies (Jacobsen et all ,di2f0f28r e ntT hme talud dana
computer vision (Gong andF&rmadda201201lyolLeu ahd, G»O b
Varghese, 2011; Cheng et al ., 2011; Joshua anda Varghe
(Rashid and Louis, 2020; Cheng et al ., 2017).
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2. Rutoregressive models in construction

Aut oregresmodel snowrerérse the output var i abrlee rdeeppeensdesntoen
many domai ns, including construction research. I n th
used for cost fomecadtlidng HwAmgared ®Md ., 2012; Ashuri

; Il beigi et al., 2017; Cao and Ashuri, 2020; Oma
stimate changes ilne vperlo d(uAsiAdaivitaya,mod?2 021 ) i n Gugnti 1 yar |
5) use an autoregressive approeaecvhelt of omodiehle |Haobno
truction industry over a period of 20 years. They
to forecast l abor productivity with a teat set

ormance of 6.6 mean absolute percentage error (I
I s flervemamrrooduagtiiwi tdye efmerde csagti-Bd awd o,r y2 @ 2Ak;s awWo mgn
) . However, this only shows that autoregression i
[
%
u

=
(o))

ao "o un O

ndustdeveh. aTmasrapplicaticosi oassantablcempanys
i dual projects, it is difficult to use this info
|l , especially for procurement ancdactase -cadsmpehmag tt h e
es using ARI MA, among other methods, which can po
wi t h -lbeovtehl parpopjleicctawii den sa mmlidi d antdiusrnt s,y no research
rievger ensest hods i's present . -IBgvalsimprgodwdtoir\wigtry sme tomi
ihevetrwyroductivity metrics were forecasted, it
uctivity withodidat & heolnleeeddt ifomr. ekkaveenvwserv,e a cl oser
regresslieowme If oandeiopckiciodeaxlasti ng needs to be conc
el boring, have seen si gmicfei craantte roefs etalre ht u mn eflo
ngxin et al., 2021; Gao et al., 2019; Gao et al .,
have also been <cr it idgeuleady efdo rp rtehdei cs h ootnlse rhoeffr o trzhoen
r benefit i f applied in the indiustorymfEathieornt k@ @pmaea
hey, Ri@Rdrtantsltoamlcdasieonconsidered in the CLP f o
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.Bonstruction |l abor productivity prediction

this paper, pdefdiuced vad yt tpg egli cdd o iirs which produ
ere, at |l east for the model, the productpirvweidtiyc tiisngun
P metrics, mo sotn pawh loincaa ti inagn st hfeo cpir&oi cneds sa vt ehrraogueg hp rpor del
is comes in different granularities, from daily to
oject or crew par amettheersse. plrheed iicntfiocornmaatl!igoonr iutshends iins
oject at hand), such as the crews' experience, the
static, temporal granul arittyheé ni ndhepeonmecantcty ami alsl
ediction wildl never or rar@ne wahya ntgoe odbutrainng stuhceh cgorn
rough autoregressive models, which ideal fprbaawast mat
at would be actionable for the construction manager

T T oT H0O=s —

WoOoOoTOm®MOITST OO W™= SO r-oco>S

e 6fi eprdoduct iivsi tdyo npirneactiecdt iboyn machi ne | earning met hod
t only for predicting productivity but in the const
arning methods often utilCLPe Thdgegpandemtotvaniad!| é&g
taining nformation regarding the productivity of a
del s ha i mawntd adtaat ac orleiqeuéi orri onagt W io h htshcea tptreorjeedc ta. c rTohses
e infor tion fromrojpneetr vd e otsmedietdh, weor ke bk tsvead tkesd t hr
t Sememsalt epublications focus on predictinc

roi Adebowal e and Agumba, 2022) . Toheei ndggd t aa nuds e
tangi bl e parameters (proj eicntt asnigzieb, | ef |poaorrasme teexrpse re semecce

rk to Apl beetview of research within the field is g

c3o0o—>5 4

i

e
a
c
(
a

The mpdebdscti ngutpirloidzuec tvi avrilio oyuls I hfea cptroerdsi cttoa on met hod r
regression models (Sanders aAndi Thommalk wilrABIBB,; m&det b,
(Gol naraghiGodtnaalaghi2@19;al ., 2020; Nasi Mtaddladet aald.
Zayed, 2016; Tsehayae and Fayek, 2016 ;, HdRPoarneezz antd &ls |
2022; Di ssanayake et al).$up2plolr5t; Veesbddhsdhzeahdy neett all ..,, 2
Momade et &llPoarreezz0 260y , at a n d(@GRRr ®&Isit mi , e Serdgfa.n,i z2i0n2gl )ma p
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) (Oral andn®nakst20t0phbRaearde K KeNtN)a I(.F,] 02 22 ; Ebr a
g et al. (2021) introduce a combination of dynam
symbiotic organisms search to predict constructi
vari ablctsi tiot y rfedri cfto rpmwadruk acti vities. The pre
set of 220 observationscholalse omogdk tstarmpdgmgy arriequ
, and online accessible data records. Predicti
be dangerous, as this could be unrepudsestantoet
aressiszeégnd iensure the sample is statistically repr.
res ussrdaniyre stmh &4 nidOd eall and Oral, 2010) to 43 (Tc
catdionhsngrproduct i viihtey i fnruts dwear allr easc tuiswidt ithg.ou
e been extensively studied (Caldas et al ., 2015)
ctivity. Picking the correct damtwary kanedeomr hta
gion of the projects examined and because the i1
ase, a method such asl laengesegression can allevia
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terature mainly focuses on concreting activiti
y work (SandeFBPeaed Tehd hads , i RORRat es t hat the m
lized yet, which is a Ilimitation if needed for
s are used to evaluate the-eme¢talbd d sshieign tmeaecrhsi thued
ng, such as Mean Absoltlu{(MMSE)roRoOOMARMeanM&Sgm asd el
he coefficié&nt FPfordet ertrmianlati @20 2(2R approach t}
ction differently, using a classification algor |
approach gives a quick ovemnuvifewsofwhtelme opt pdi st ia
ification threshold. Two points classified into
ig sepay mealdewdmtnf er construction projects. The
f a classification algorithm, as the intra
i i nt earrvda lusp p(egfi vbibnegn par eldo wetri on) , introducing
l e value of |l abor productivity, evaluati ng
tance (PI NAFD) . This meé¢ heold, gwiviesh amak eng e
|l e and, thereby, easier for the project ma
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datasets collected to train and test the model s
ications usingl%19nols eranid iiyoamoer(@Fbddlartdedz1250 2a2hs er v a
et al ., 2019) . Most datasets are not described
| s. Most datasets are atlhseo dwaittahs elto w ifrrse q uuesnecdy , b yf
6), which was | at(26018shdADiBrP) g5ba h2aéla,gehin (2TEN g et
dataset Mastrceadl ecomslt omcti on projects over 30 mc
|l ected. This means that iif the dataset was collect
obser viahtiisoniss. deemed sufficient for a single predictioc
as shown in Table 1. However, the | ow frequency and
poductivity for-@aialsy i g,gaawmilt@r éad iysscub ng with a higher |
dataset iMotuabfleya,sinmbdset publications in Table 1 coll ec
column Dataset sizepr doewesyed, ae¢mdisng awiat h st pe enumber
number of observations drs Itihree snhuadb edatod amtwahipoh ntthe
The dataset used by Mirahadiusea dwdrak eda iRl0ilr6g dantoan,g sk
data is processed into three features (a percentage
entire day of wor k sampl iTnsge h afy asei I(2i 0l Hasr F aplyreokcceosl sl ewcat se du
points of work sampling data, which wals erhoaty aves each di rF ai\
20)16is furtEtbberahum@d2bp)a2Zven though two datasets ar
publications, as seen in Table 1, the number of obser
and accepted method has not pebcbediomgstheblaict had, pmei
numer ous met hodost har eAld p prioideed sf cerxuckeep tmafnoura IB adia teat caoll.l e
(for instance, intervi ews, guestionnaiafes | yomuwonbkms
systMamual dat a cboelclaeucstei ommo sits puasreadmet er s t he aut hors u
obtain automatically without devel opihg erbephei ve ce
parameters (Oral and Oral, 2007).

I
i
e
1
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Tablt@verview productivity prediction methods
Reference Activity Max Model type Model performance Dataset size Data collection Data access
input methods
(Sanders and Masonry work6 Additive 0.411 R2 570 Onsite data Not disclosed
Thomas, 1993) regression observations collection
(Smith, 1999) Earthmoving 11 Stepwise  0.906 R2 141 Onsite data Not disclosed
regression observations collection
(Dissanayake et aPipe 7 ANN 0.006 MSE, 0.94 R2 164 Onsite data Not disclosed
2005) fabrication observations collection
(Mugeem etal.,, Formwork 5 ANN 0.000182 MSE 84 Questionnaire Not disclosed
2011) observations
(Heravi and Concreting 15 ANN 4.8% error 93 Questionnaire and Not disclosed
Eslamdoost, 2015 observations interviews
(Mirahadiand Concrete 9 ANN 0.00932 MSE 131 Work sampling, Available on
Zayed, 2016) pouring observations f or e me n’ srequest
online data records
(Golnaraghi et al.,Formwork 9 ANN 0.0215 MSE, 0.949 R2 221 Same datasetas Samedataset
2019) observations above as above
(Golnaraghi et al.,Formwork 9 ANN 0.0419 MSE, 0.9902 221 Same dataset as Same dataset
2020) R2 observations above as above
(Nasirzadeh et al.,Concrete 9 ANN 11-21.4% PINAFD 221 Same datasetas Samedataset
2020) pouring observations above as above
(Cheng et al., 202Formwork 12 SVM 3.67% MAPE, 0.0563 220 Same datasetas Same dataset
MAE, 0.0721 RMSE  observations above as above
(Tsehayae and Concreting, 43 ANN, fuzzy 0.3042 accuracy* 399 Onsite data Not disclosed
Fayek, 2016) electrical, rule-based observations collection
shutdown models
(Ebrahimi et al., Concreting 14 RF 0.112 MAE. 0.137 85 Same dataset as Same dataset
2021) RMSE observations above as above
(Ebrahimi et al., Concreting 19 ANN, KNN, 0.668 RMSE, 0.516 82 Same datasetas Same dataset
2022) RF,ANFIS MAE observations above as above
(Oral and Oral, Concrete 4+ SOM 25.68% MAPE, 0.12 144 Time study sheets Not disclosed
2010) pouring MAE, 0.03 MSE observations
(Oraland Oral, Formwork  4** SOM 38.04% MAPE, 0.011 101 Time study sheets Not disclosed
2010) MAE, 0.00023 MSE observations
(Oral and Oral, Reinforcemen4** SOM 25.05% MAPE, 0.19 101 Time study sheets Not disclosed
2010) MAE, 0.06 MSE observations
(El-Gohary et al., Carpentry and29 ANN 0.0032 MSE 640 Questionnaires, Available on
2017) reinforcement observations online data records request
(Bai et al., 2019) Cutter suction9 XGBBoost 9% MAPE, 218 MAE, 4915 Reattime monitoringAvailable on
dredgers 0.75 R2 observations request
(Momade et al., Multiple trade<19 SVMand  83.5% accuracy 220 Questionnaire and Not disclosed
2020) RF observations interviews
(FlorezPerez et alMasonry 14 ANN, KNN, 97.7% accuracy 1977 Onsite data Not disclosed
2022) SVM observations collection
(Goodarzizad et aConcrete 6 ANN 0.9015 R2 107 Questionnaires Not disclosed
2023) pouring observations

* Accuracy is in this paper a combination of 3 measures. **fohefeatures are engineered from several raw features.

To summarize CLP predi ctciooms, unmonsg npeutbh o dcsa ttioo ncso lulseec tt i
test the prediction models. The I|literature examined
shows a cons ennseutserosn awhei cihmppoarrtaant f aonulpdaopdiecti vesy P
publications use several di fferent evaluatiemsometri c:
not sharcpedatyas(esscsme datageest aranavabmeblde oomtrai sc
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regarding dataeaompaliilmapipetfydr mance is impossible, as
ot her s Many of thetipmélstady omoerhkond@dapléempamsea part
set. The work sampling data could be used in an autol
to predict the future work sampling distri butfi on. T
productivity metricsrlay hema bduatmguothr feqmu eaan ®nmttiprud spr o]
tdise i,nspgrgchbasbi | i stic autoregressive models could be
The authors have not found any exampl es 0Si ganuitfoirceagmnrte
work has been done regarding CLP prediction and aut ot
this section. Combining the two could alleviate some
is stil ImorseequdLrPedpriendi cti ons. Suppose an automated sa
presented in the author's pteatocasworl f(lbat¢gbaanoab
future levels of DPheodafcdrne,tgniautporsesgibhared i-vemmgyster
forecasting is needed in the body of knowledge. This
it possible to forecast productairvityY tmedrilecs iwi tpho sa
productivity -megréssi asi magt meat ot han independent vari a
i ncorpotaeegpgrioducti vity forecast?

3. METHODOL OGI ES

Probabilistic forecasting has been used for several

i nstance, the chance of it raining tomorrow could be
forecasts t o sptrsobcaabn Isiisgniicf ifcoarnetclay i mpact constructio
wi || be known, which can creat et heecorediblee , buentdteerrs traensdp or
The process from data collection to forecasting span:
will be purdsgntved. alhi gverview of the process and the

Data collection

|

M Formatting Resampling > F‘?a‘“”? Testing data
engineering
' v
Model creation —7Training dal7;

Model
Model

Y

Model training

Y

evaluation

A

FigktPeocess diagram of the framewor k.

As menti dmgd oidructth estne,r nb ofti hn da vsi hdauratl -t pr mdpt oyetty) paad
forecasting is done. To do doequwacdgakasnematacedatbdhhb
job used for the i ndinwi,duaand pornoed ucati avs ety o oirleecatsead t

project productivity forecasting.

3.Dbata coll ecti on

As forecasti nbgothsojteoc tb eadd nien dinvi dual worker 9@vel s,
mi nutes of automatedf t paiesn auasdesdmoftoiro nt hset ufdatreescm.s tTimegy n
dataset has been used and mpwhesentde iemtJacolodlhheet i aln

dataset prlesealt sviaewiefr oproductivity metrics, differi
a malcervoe | problem by awaniinviing toHe amvemalilf bpercadasasatt
is collected through a | aboratory explehd meatta coned sitn
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research is the | abeling that was dwhechhcoonghstamef a
classes: direct work, indirect work, and waste, which
researchwaedahproéedo al ., 2021)
The seco,ndwhliad b siest aursm df diogc d omn g, sampl ing dataset ¢
wor k sammplDiamg sdhn constThetfionmr pworjlcdasmpl ing studies a
studies, i-sctledwvogkat . ofihi s means the dataset consi s
scaffolding, painting, ventil atjieant, s aarde de&lmol i ¢ hownat i
renovationcompbheraes mantd t he f our t hT hbee iwnogr kIl asba napnl di ntgealc‘
doing random wal ks through the site, and whemwev&r a
indirect worlkoghe@dmwasete.i Shierregul arslheardidmamasleess wi it
only 208 data poi(Comppercdday o htead r digueraishedtr)neo-rseh, o rtth e
term dataset fluctuates more, as seen when comparing
collection, teher e¢latlaseshost one woerknerdaattasaett iinse, mualntoc
simonéeoas!l y. Becausermhdahi santbasi bwgfind a worker di
indirect work immediately afterteamhdatheet Wihies edd ds
are continuous for a single wor kelrs earnda tfiod nso witlhleiaf tc
data points after each ther for the same class and t
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As work sampling is a probabilistic method, it is im
the dataset to have a high accuracy (resembling the
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needed. To calculate the number of observations need
classes is needed. This will show how often it is ex
l'iterature, HRtihtei oenx piexcteat dticthave 40% direct wor k, 3
equation 1 for standard error, the number of obser ve
confidence | evel of 95% for each class is presented i
. Np N
” QT (1

Wheyes the standard error, p is the percentage occurr
waste), z is the Z score (1.96 for 95% confidence | ev
Tab2@verview of the work sampling dataset and its cl a

Class Total number of observations required

Direct work 2,400

Indirect work 3,400

Waste 4,115
As can be seen from Table 2, the class with the maxi |
number of observations in the dataset wild/l be 4,115
l evel . As the ttoit@ands niumbtelre odatodbsetr vias 6, 059, it can

has enough observations to give the required statisti

3.Rata processing

As t he t woc dalalteisted epr ealfrtey have separate tphten@aéesnsaeagyg taod
testing of the#tgaddlasefFqgr at resampling is needed to
sampling is a stochastic method that heavily relies o
reduce the number of data poampsthbhat wyubhebBethmemttof t
as showmrdei BeHioge resampling, the dat asetobisseroméa imntal
format, which means a categortyi masptgamp nkbyampkei aogsesv
encoding turns these observations into numerical feat
indirect wor k, or waste). An example could be the ob
direct wor k.

RHRE

° ° °

Resampled : o : o : :

] [ ] ° ] ° ] .

Original e 000 o0 o o oo e o0 o ([ TYY

09:00 09:05 09:10 09:15 09:20 09:25 09:30 09:35 09:40

FigdCencept of the resampling process for work
By resampling, every observation is set within bins
sampling dataset is used to examine the entire constr

As some binsofwseltvatavensmotbBan ot heusd asweeghti par he
added to ,whlichh pies iwsled to signal h o wT hmash yw eiog ntt sp aarr e&m
used when computing movirag pavermnalges tdf mohe tpiometsersihe
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on the moving average ({Thas @pé¢sioodse awist h hfagawe hepdiomtes.

of future states in intervals of 5 minutes.

For sthieeetdmt aset |, resampling is unnecessary, as the da
it, itsherefore, al readGong arrd gl arh et ismez es eorfi etshe dat ase
research showcased in Table 1, the number of data po
used for forecasting in autoregrpeesrsdeaeret moareil sblred ,h etrh
datasets are not a justifiable comparison.

After both datasets have been fixed to regularly sp:
comput ed. The developed process utilizes three types
gradients (not eogbadicemfssedeaith e€&8timate distribu
The encoded dataset on its own does not provide much
of work sampling, pri mari lgh whaemdanm ewallaksa.s effo igetoba a
moving average is used to get the average odatuuarence

transf osmathioawm3eiatndgiigeA summary of the feat3dure engi ne

Tabldt@verview of datasets and their features

Features Kinematic dataset Work sampling dataset
Forecasting horizon 90 seconds 60 minutes
Moving averages 90, 180, 360, and 540 seconds 30, 60, 120, and 180 minutes
From 60 to 180 seconds in the past From 30 to 150 minutes in the past
Lagged values
17 values evenly spaced 24 values evenly spaced
Gradients 1 for each lagged value 1 for eacHagged value
Classes Direct work, indirect work, waste Direct work, indirect work, waste

The moving averages are calculated with four differen
| agged values are takers hfdoetdgetaccshe tpreaetddicd 4 mfharg &t/ & oF o

each | agged value, a gradient is calculated by takin
gradient from the two values. The gradient gives inf
val uabl e ihrefnorfroateicamstwng. These calculations are don
forshadetdmt aset and 5176t édmt ases. for the

The value to be foresasbad mevce sdhdaedrent afgobreefcbahset i9n0g an
mi nute moving-taver & peAsfcqrs elsm@mg ed in Table 3, the for
for thRersnh dratt aset and f@r mi diateasmdwirn gt haev elroangges ar e
forecasting value because obr3 hafnidgdet vi sualfi wer kheamp
with their encoded obselrthweatfircembueeanfcdr eeda sthgwabveyr abewe
frequency of the two dat-heemsfoilfbtcasmengs thatf d&oecah
and fort grhm floornggcasting, a point wil.l prregecmedatasey
frequency

As can be seen, the raw observations arheo whief fdiactualste tts
are collected, whelrehgtmiasedbttonnsuasednonnué eep erdiefrive
For sthieeetr m dattasies i mpossible to get values that are
regul ar before processing. Furthermore, a moving aver
3.Bree boosting andcapsbobbadpilistic f

When working with forecasting, regr esyyanan kingprugf veat i o
The system can be split into a twhainsngsaddt obeappngx
funcObohm the real UOwktnhoamn niaumsevtallolne i vent hg olthtipsut v
approxi mate function is flodi@cd. by minimizing a | oss fu
Tree boosti ngt heerst sreeesrul gtsatien sever al areas of applic
2020; Chen et al ., 20159er iTehse dnaettah oar e octomdss stt abnutllign

outpertdeemi hg@garning model s a<i vsanse Ae notinr, 2@ a di € |
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Boosting (XGBoost-pobstthgsendabkGbobett maagepropeatl| el

possi bl e t khrwaugeh ad pgaorrditthyns, i ntroduces an i mproved r
and dewalcahpwaprdeet ching algorithm to i mprove the compu
oudfc ore computation principle, whi chf eutscehse st hieti aideusrki ntgo
into the main memory buff atsd rThre,s ewhmodl|i § ead &im eds mark
mod el [ extended to an entire construction project,
potent.i l'ly need to be esffiomat ed mpht @tbhl @n soor éwto ribkyg wg St is
| arge datwisteh sqgt twédhri crhet hods, would see bottlenecks in
avail able on construction projects. Wrbei sual represen

A fa(x) fi®) 169

s
a
a
I

1 | |

| fa(x) = fro1 () + aphn(x,1-1) |

e estimation of an outputUn hiroutghe greagulearti zatei
ed from the nth tree, r_n is the residuals c¢com
i on

GBost model utilizes an ensembl e of utbe.eeTshet omoedsetli
diction can be expresse®@ mahdédreanaK iicsaltQiys amsu Mihevine fo
t he Fspualtesof he set of all possible decision trees
erred to Chen and Guestrin (2016).

&) Q6 AQN 5 (2

This estimation of the output is opti3ized given the
fl Tbw m'Q

(3
b "Q® mQ

e first Basttbkt Egqaanioag | oss, and tbhe Slkeolhds pafan
ich finds the difference between the ¢gpredia)ti on at
d the ctrddevaler®ndgd aderegul arization term that ensurt
one by penalizing the complexity of the tree by ¢
t wbq U eetaiveers .3 is the general regul arized -0bjecti’

approximation, allowing fordéasappr obij mati o 0]
I by Chen and Guesstt riimpl(e2nPelnét)a t iAosn smousste oXtGBroeoa p p |
in this research.

r
[

000 T s H

C OS> 9T S WS S o
® QDO

ead of training a model to forecast a point, i n ot
or wast e, at a given point in time, probabilis

t
d
t
s
s
r )
ture vaulruness tahnids rdeitstri buti on rather than a point.
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c x ~
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avail able to assess situations. Rather than only knov
is prediction is correct), the model can give infor
i c ma kod 2 itto passsiss ri sk and ensure that decisions

i bution's |l ocation and scale are estimated
is estimated through the higher moments, wh
essi ognhemmo dred me ratsss uane fhiixed parameters and on
e (trhees dianrwcahsit o gyt eBhitdre useiaof fubereor makadi
onesx aamd nledl t o umderdsitsanrd bhowons f fadfect t he
on is chosen as iTthearelfyorheas ittwd smaomenmptus attd
u toirodne rwintohmehnitgsh etrhat Triee ke stta mad ee otf i mehtee d i st
ndependently by cal culditsgtnrgiphairta noegagat, i \aes @mra
owsme set he cumanens therauroent diMatrrzi, b LRt0ildna

current —d)i sftrroinb utthieo npaplr appacreasnte teepgrae(d, (t he ot
s are kept constant. The gr-addemtap@mmmrohiemastii
in each iteration.

T TbafiQom

Tw (4

r
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—Q 0 ~
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u
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When all (in this case the |l ocation and scale) distri
to incorporate the informatiofhérdmsthiebwttihemalpapam
updated by incorporating information from the other
which all the distri bilhtiisomalstparbametosmrad a&rsd i prrad seents. o
XGBoostLSS (Marz, 2019).

medbkednoteogynkal constraints of the experiment int
become greater than 1 or below 0, but this is not
n 100% or | ower than n@%),. tThhee rpeofionrtes, afnodr tahlel qeuxapnet
ween O and 1. In practice, this is done by repl aci
s is done for both &halehgeu adnati d seest sa nhda vteh et hprreeed i cclt ae:
ined as a single distributional output. This means
s means t ha three models, as a alinitmumee wolud sisde.

o -
Q=
=N 0]

0o 4o

T 000 ITSTO0O0 TDIDoO =S
— = =~

i
t
r e ctaesrt m nagn ehmei chirogdr ei csa sstpsl,i twhiinctho dsih
resampled to a regular time seri
Il's allraedtembaseanhdehgssians, and rather than trai
the | ocation and the scale of the distribution.
Il e the numbeAs otfhet rfereesmeawoer kt rgaiivneesd .80601 sampbesi an
n from the distribution to estimate the quantiles

summari z e, the f
i

e
0
d1enm forecast s
a

cooc3-H-H

e
de
t h
ub
aw

Berformance evaluati on

evaluate each model created against the other, f o
trics focusing Baoot hBMepoi BqubhoeeEasbr (RMSE) and Me
two distrPbucéemnadge meft r Péismtiwesbed mteielne t (hRP2B) and
dt'h%5r centile (PP90). The MAE was chosen over, MAPE,
erefioddehave relatively | arage tpher derstta gee tesr rodr ss.o nfeu
om 0 to 1, comparing thheei sMAePaEd ibnegt.weByn ursoidned sMAED,u | tdh
easier to make, as the absolute error will transfe
he four metrics are pokeseat@dndmaied dtelre i ma redjiurad li iotny
true values that fall within the range of the perc

OroT "3 4 W

4 ®® - TS W OO
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two different approaches to evaluating the model s
overal/l oibg reactt i tvlee fThhreeddgtsti s as accurate as po
Il lest residuals possible. Apart from this obvious
ductivity might fall rientiocabilre tntee rfiwt urhea,n as ptohing i
uracy of the modelrs ciss PPH58| aamtde PPODi, ngvhti td métind t
t fall within the two intervals.

4 RESULTS

T
m
a

(@]
o

h
e
n

i © R B¢ B ¢> B i <) Jien i <)}

S o

o -

® >> O T O

OS WKW —="0~"—aS0
o —~o0 o

n

=n- o—

results of this resedarcm ¢ a@amebas stpehrgnt afnodrt ebchaesw e na
ioned earlier, the two datasets represent the tw
he othenanl atevéke. i Bdi ki datasets are split into t
cted from multipl e i ntsetramm cdeast a(sseetv earnadl speasd enmhael r sp rfi
et), the splitabat wesenonheabyi hgaandgt esiti agpadi nt
esting of the model s, which will be presented i
ets that the modet sr madatasgpe&eirnteeast h&omodele BaoD
means that the timing of the classes d4&rmnique
set is a project the model has newear isse edm.neT hoins
alizabl e basis. For each dataset, three differe
the dataset, which means that when forecasting c
tvea | tultne mo de | estimate. The same process is then ¢
ri butional output of the models is for one specif

 — —

S0V ~+Ww d —~+

-

—~ o

valuate the method on the presented dataset s, S
rparameters of t hesonfiodbeoo s tT hrroeven ddsi faf reer eendt a miunmebde r (
he use of stabilization of the derivatiiwe dwmen c«
a redpyl draikd amtgi arh et esrqomar e root of the mean d:¢
the gradient i s r eptlhaacne dl Ob,y0 000.,0 Qi0tl ;i ss irneipllaarcley

OO ~+ 0 ¢

N"EFL,O O ~pF 0 OC
=5 = Q
=y

r hyperparameters are kept constant but coul d
he maxi mum depth of the trees to 15, 4 he min
subsatpbkidgandtitdet mini mum sum of hessian n
ti ons BOaOv es abnepelne se satriemadreadwn t o estimate t he g
|l es, and the distributional parameters.

=5 = - —
~ O o >
i —~+ O

36 modestbdreidanttarsait n eadh,d 018l afftaarrs ettthee For bot h
el s fall into the three classes of the worl
for each unique forecasting objective, si x

ml—h
- Q
o3 —
v O -
~ o
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4. 3hotregrm forecasting

When examining the performamMcet néd mbeelmodehast puesebh?2
derivati vseesmidrag veawryperf or mance. This is expected as
convergence. The sl ower convergence when not wusing s
distributional parametetrisygagolhe cwi tcla nc onmakeer g ehrec enodlied t
gradients. ,Tbrsmmeansfthaet cases analyzed, a model wi
get the best performance, or very close to it, for th
Tabdrorecasting moeelms dat asle¢ spobit into the three cl
waste (for all -perrfecer milmg smaedelt(he) biesmteach metric are
Class Model number Number of trees Derivative RMSE  MAE PP50 PP90
stabilization
1 500 None 0.234 0.192 0.352 0.734
2 1500 None 0.183 0.153 0.165 0.451
3 3000 None 0.173  0.141 0.054 0.130
Direct work
4 500 L2 0.153 0.126 0.150 0.331
5 1500 L2 0.153  0.126 0.148 0.329
6 3000 L2 0.153  0.126 0.149 0.328
7 500 None 0.111  0.090 0.333 0.558
8 1500 None 0.095 0.079 0.152 0.353
9 3000 None 0.094 0.079 0.026 0.100
Indirect work
10 500 L2 0.092 0.073 0.157 0.366
1 1500 L2 0.092 0.073 0.156 0.356
12 3000 L2 0.091 0.071 0.179 0.373
13 500 None 0.278 0.231 0.302 0.639
14 1500 None 0.183  0.147 0.164 0.466
15 3000 None 0.148  0.113 0.052 0.129
Waste
16 500 L2 0.182 0.139 0.160 0.345
17 1500 L2 0.182 0.140 0.161 0.345
18 3000 L2 0.182 0.139 0.161 0.346
Model s with the |l east number of treea ailgniekiceadnt naiind
the true values are withid. 4% ef doro WnddhdeolueEs)sbabilhiezatni
converge sl ower, meaning the distrurbeyt wbhrs '&3awmalled s a
comparedheHmoéel with the | east trees has a significa
The compawmnir@oshows Filye i mportance of wunderstanding t|
model . lifsemcoededtldhd s will mean that 73.4% offt d htthera9iies
percentile of the distribution. However, 2Zanmi3s asange
depi ct edéelime Ffigr matti ng of Figure 6 is done to visual
depicted by the gradient nofr etdhet os amtpil tead) .medasn tphree dd icst
small er, this gradient shifts from red to white, i ndi
model . The shift in the colored area wis hugseid tld gdepibd
being between 5% and 95% and the dark blue being betyv
When comparing the performance acros5, mbtel mebhar deaet
mod e | performs better than indirect work and waste i
significantly worse tharbalsnedi rmectr i Wosr k( RMS B haen dt WbA E)e. s
use t hael sr etsoi deust i mate accuracy are | ower for the I ndi
only around halilf) ousverdha!| f wltti hoenaad ig otefrifbor mances of mode
of trees are suspected to suffer from overfitting, a

e
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these model s. This indicates that fewer trees are suf
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FigalMdéde probabilistic forecasting of direct work usi |
trees, bottom: -BOW® areaxesi)s The PBYbGei atrenvab, thaprdPPE
The black Iine is the true value

TabStMean value of metrics for tearch odt a het thdierect awa!
and waste)

Class RMSE MAE PP50 PP90
Direct work 0.175 0.144 0.170 0.395
Indirect work 0.096 0.078 0.167 0.351
Waste 0.193 0.152 0.167 0.378
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4. Rontger m forecasting

For |[omegedmat aset , the 18 modéel Juateapr éoent didt elknm Eanlalt 4
forecasting), the forecastitg@grmoderecwsthngthhivkei zam
evaluation metrics. The main di ftfeerrne nfcoer cdbcdatlsvb e anng t tatme ni
for -tleornny forecasting is the distributional performanc
the stabilized models perform best or very close to

comparsddiretrom forecasting, agendralsityablidwer ddimotdri bdhtaid

TabBtFeorecasting mbedemmsdafasbéde $phigt into the three cl
waste (for all -peirrfecer mil mg smaedelt(he) biesmteach metric is
Class Model number Number of trees Derivative RMSE MAE PP50 PP90
stabilization
19 500 None 0.064  0.051 0528 0.687
20 1500 None 0.032 0025 0446 0673
. 21 3000 None 0.021 0014 0159 0.389
Direct work 22 500 L2 0022 0018 0713 0728
23 1500 L2 0.023 0019 0713 0.728
24 3000 L2 0.022 0019 0713 0.728
25 500 None 0.109  0.090 0546 0.781
26 1500 None 0.059  0.047 0.434 0.750
. 27 3000 None 0.043 0029 0191 0.392
Indirect work 28 500 L2 0.039 0030 0.755 0.801
29 1500 L2 0.039 0030 0755 0.801
30 3000 L2 0.039  0.030 0.756 _ 0.801
31 500 None 0071 0059 0366 0.628
32 1500 None 0.039 0029 0357 0.633
Waste 33 3000 None 0.027 0016 0.168 0.375
34 500 L2 0.027 0.020 0691 0.716
35 1500 L2 0.027 0.020 0691 0.716
36 3000 L2 0.027  0.019 0.691  0.716
The 4t enmgm forecasting from the work samplingerdnataset
forecwlkemngxamining t hTeh ee vbaelsuta tmoodne Inse tpreircfsor m wel | in
evaluati on, meaning how far the mean value of the s
di stributional evaluation metrics, whgeuraen ttihlee sn uinsb eerv ac
The models with stabilization and 500 treesuf7e.om eac!
These models are chosen from the ttloree actlnasanas paes ftohe
best or very cl oseut7, tthhee boevsetr.alAs rsaenegne si hoofk gggrme v al

datasethosleamra etrhme dat atstee , r enaikd magl s small er in absol u
MAE.

Simil ardhlyaretdmt hset , the overall trend isr7eau@nhlity btyh ea
most extreme trends (significant increase or decreas
forecast, with even extreme values being forecasted
two fore&kass fasndp titeemm) i s the performance in the proba
significant difference isa the tHtosthebdifbdeaknpar amet ¢
dat ametfdiuct,uatsing contains multipleiftiriadelst afnar wioh & e
the distributional mo mesmtagetd @tha seti,s whitc t heo wlad eb & owh
scale is generally smaller.
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4. Sampling frequency

To examine the effect of sampling frequency, three m
shdretdmt aset, as the modridsattarseitn enhda vier omo ristee per f or marr
compar eldottgdimmtha@setdi s Molesden é@sohhei basgl lidiehdgigwd ext
model s are traineduweybkXdrseerfveadti womes.ro@nda he raw dat
(contalnlng 1, 0 8 nlda gicheeds edb'gplduseesrivon as (aggedimahgeg70 |
value$Shis is done for the 3moA ivnigs uaavle rcaognepsa rsihsoonnn oifn tThe
seen uir. Fig
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FigB8ilfdhe comparison of the three models for Direct Wo
mi ddl e: Every 50th observation, bottom: Eveurge 20t h ot

The experiment resu/lltsnawbdiphesbdrteddeh Wablhethe ori

4) i s medeértfhoemmd aly. However, it can also be seen tha
performance enhancer up to a 'Gibwenr vaadi ot etc@oeceansgersily rtdh
performance acrTohses dddr gdaosueg imetpearcfsor mance is very |
as a stagnation in devel opnaenncte. ilsf dietcrieastmg, cade
overfitting issue, where the models wildl put too much
should be made to find the opti mal-t dmm qdostpaasree dwdtioc it hc
shdretrm dataset. Furthermore, the stagnation of per f

i nvestigated.
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Tabt@omparison of models with original features, l agg
every 20th observation.

Model RMSE MAE PP50 PP90

Original (Model4) 0.153 0.126 0.150 0.331

Every 50th observation 0.137 0.107 0.219 0.460

Every 20th observation 0.138 0.109 0.213 0.441

The three model s8& parnedstedratbetde itrheFitgends of the data bu
(both in terms of extreimermochatngebués santluest sbmacack
or deMWidansenore feat urhe eanogied serciorug d potentially incr
catch the extreme values obether tasnderpreéeséotredtiar
avail able forHoweveredtlte i ma/d nldti < afgree ¢ ehratt e d aigry eTda bvlad
features to focus onmsf oar sitnacgrneaatsiionng opfe rtfhoercnoammpcdeo v € me n
used in combination with moredeprmidetiitd evpae d chébed etsua ei a
as extra featumedp é&rofudrdmamackee itnhcer e as e. As this data
experidment® the information not beinigt rezornetd e e map
to exalmdependent var icaatleegsoriinc atlh ed aftoar nh aovfe been succe
in previous studies, present,edwhiinc ht hsei gbnaaclksg rao upnodt esnetcit
that could be Hawd'herr, i a1sv etshd gabtjeedct i ve of this resea
of data collection, the independent variables that ¢
information, should be possible to collect automati ce

When | ooking at PP50 and RP9tOhdyrhawe dihgrief imoaretlIsy il
Mo de€ll st PP50: 0. 3572 ;( PPPPSO00:: 00..37334p3 @ PRP50:0. ®B580T2h;e PP9 O

hi ghest performing model in Table 7, when considerin
observation, which is worse than al/l the three model
model 13) and PWw®r0s eo ft Ma Hoowie W eli8 %7 ael al pr ¢evedmmdl i n Te
Fiug8 are with stabilization, they converge to distril
two intervals become very narrow, sometimes B8Bwly cov
having a small range in the distribution, misplacing
I n these cases, the two metrics using the residuals s

the model "wibtshe revwvaetriyon50as Ewaeh bhoupgb fhatdrstesebutio
range when usi nfpestabisl azatganfi cant #)nctroe atshee frmoode It h
ever'yobS®rwhenohooking at t he.Tdiisst riinbduitciaotneasl ap emofroer nfar

preferred. However, 'Hdsteher arhd benl plesifrog msverdy ghd |l y wol
5Dbbservation, there is a stagnadoexn mpot nit ncmwhase drh
accuracy.

As showcased through visualizations and evaluation me
forecastingom@ddemlitsa.seffhe s easier to forecastt,erenven t |
forecasting. A reason for the difference in perfor mat
and the valueDue the tfloe efiaghed. frequency, thies mrange
forecasting datas et f ODh & . alisihsi thrige adiast ratgheatt t he number of
can affect thetheaetndiggmti asstegti.eatienpporbhant to note that
collection method, processing, and applicability. Con
good indication of which area-tiesmtihatsaas iwe die)r,f otahndg@r e
evaluation metrics have the chance of being | arger.
The overall results of the forecasti nd rmeocdténldsiornkackte i t
wor k , waahd with satisfactory accuracy. The probabilis:
information regarding the point that is predicted an
al gorithm. This-tresm andelrftnod obetclass Bor whi ch wi | | gi Ve
i ndividual wor ker and t hend tchye | ciss tarnidb utthieo no voefr awd r kp
project.
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5.D1 SCUSSI ON

The paper present saad ftemmawbokedastisrhporaf CLP metri
probabilistic v i of XGBoost, which allows for tF
forecast The n bé &enbuegsessieve model is eval
|l agged f s l tered, and it becomes c¢clear th
before t f the past values are used.

e o
—
O g ~35

—
>
@

model s are all capabl e owi tf lotreehcea skta hnggs @ th eh a wiemg @
nd tlkeemsdat b VAE tbaviorwg 18M. The 10 percent point
he rapid fltuenrmatomomecaxnt ,t haes sthlbireg dataset concer
tuation of productivity wiglel slaenpdiegniff woahktelry Ico®s
hteerlno ndgat aset . Howeverinevdnfwetantecde HOt peextemen
re construction site)egarees sv alei d oarecastfiamg. aghley in
icabl e, as the horizon is relativermakesrhsortta rmmake
rmed decisions, which is deemed i mpossible when c

I R O
c
O—— =0~

-5 ~+

roposed method for forecasting construction | ab
d, alongside the rest of t hreorga,teabircethiearad lyqraroiutsh
m f dat a, but tThiesngekatma fropeemastt 6 @lyeiso octulrérset ngtal py
wo r,k wshaincphl iwiags dnaatnaual |y col |l ect edi $§ oirr 28gdh gce
ne through r andolme oma, kssg tameael datnmb eoa cslolmeec ttioo rc o
e output of classificatsieon eal gartiatsterhs twaul c ¢
$iroen whaekemns.

TWES®TOT ST S5 TO0

== Down-=-~0
®SDOD DT

o}
on
do
t h
ed

heri sesegdettroom i ndividual collection to a gener
doarswuppor-tanbotd®mmhéotr ecasting. A suggestion for
ented by Jaaobdsesedt-aermh@da@&2adet. iInf tthhiss rmestelaa
emented in the entire project construction phase
-ahdrd emm forecasting. Hoewv erveea d e dnotr @  twroa rks fwoorurh dt h e
fiream into a dataset repreguwintréediegrnightoereatcasei cgnst

— v o~

rDOT OO T

this is among the first attempts at using autoregr
tiativies!| lay ee sApsli omeendtatoned, t het smetwimes hblhié dd avba ke
ue is resolved. | mpl ementing a model that can uti|
ore frequent degxdclséednsi mel wbirmgctions to the curre
uabl e.

2,

D

area ofmadeéebrefoersesasting generally has numerous
ensure optimal performance is found, other methods
rning methods such a9t BaretpARcywbhchehasakedat asat:
0 el p generalization, as boosted trees could pote
the areesgscedaslwhnadh HteeplAR, 2019) .

- 44 < T 7> Q" TTST OC~OTOV I3 H

OO T 90 WS W!W O T3 T @ C

‘W O o
o oS —
o ®ow o
o
- >

ees can tend to overfit in the deeper trees
e to get even better performance from the
o ngpd n epraa la,metttee shydenr par ameters of the model
n of the hyperparameters would potentially
p
e
r

© -+
S5 TTlo o

C ® Qo
n X =
-5 — o ®n

erparameter optiroezapaorsfobméwpeRptoamen
ar |
c

- — = ~

3
o

er , independent variables or features
objective is kept the same, these var

-~ O
>
D
o

i
h' s
ctice, the proposed framework is a first step
uction site and be a foundation for decisions.
t o beahlhwak,d makitrhggrt he system predict days ahea
Hheer ns hfoorrtecasting is not yet proven generalized
ing job. This needantbebempbemebeédrenthecmpshoil
ality dataset from a construction site consisting
enti al i s, -monnipgroactdi cceonsd rhhet i foent uprreoj setcat. e sUnadfer s
esented in this paper wi || make planning of activ
rocesses, where the cycles of workers and the overal
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6 .CONCLUSI ON

Being able to forecast metrics that tie to the progr

possibility of making informed decisions regarding cl
|l ohgrm forechstpmgj eeadbto'us ftuture states can be used t
planning, the site |l ayout, and the timing of work pac¢
it easier to understandprcegdiet tt mesf iamidshkceou!| df bac tuiswe
combined with | ocation data from the workers, also gi
areas might be easier to be highly productive in).
The major contribution of this research is the abili
hi storiToathdaaat hors’ knowledge, this is the first re
fashion without the need for other variabl es. By onl
met hod is temporaé¢dyi mosel gsanef Bbr anidetrdad adichbl ¢est i
papers by only wusing tohientpr eavnido ulsy ye othismmatviedg dtah e @
di stribution. By doi ngassd,oyecci &t @astmendrobed omexunamrr st
project. The use of boosted trees has been successful
for | arge datasets, which is expecadkc.d ThHe ade wenltd ped cmo
individual productevimtyomenasbingyd ¢(sahget in perfor ma
0.23107&@a ™MAE, O0.0260t&@00. 8620PPB3@a, P&AO.

LorRgerm forecasting models based on work sampl-ing dat
term forecasting of -tiemdmvfiduead aswtoirkkg ref atnldle | emtgi re ¢
valuabl e combi naitghtn. i mMtho st lye vesnaalht bosytcadtee tafmetsh eo fp
activities. The two aspects cover the two extreme gr
for construction site Ipoiwgldmtevi tagnmeni hopenf§of mamceh
RMSE, from 0.090 to 0.014 MAE, from 0.159 to 0.756 PF
The two different dat asets bhdetddaitfafseerte ntmoodpetlismawi tnhno
perform better when |l ooking at distributional perform
stabilization makes the convergence faster caméanmakes
compared to the bigger model s with and without stabi
sampling dataset, models witm the heghestevaomwhresn d
di stributional performance. Model s with stabilizatior
The difference between the | argest model s twiotnh ban dh gwi
with stabil maattiheh modeémrsaldlevel oped fall within accept
As the application of the method proposed throeoughout
maki ng,eptthacbl @ccc ange can change from project to proje
reasonable to forecast with an absol umakersotoofnte®
when drastic changes,iasptbheycwiVitylaceuphiedsmgaids ic
that the models can sucd4esf plrloy ufcd i & ¢sheyd onmiedy dhi ocrisidzancant |
gener alerlmompg oductivi-mynumeeér hosi zwtnsh MsveedOhreotd ab e@sn us
forecasting research, complarsi deemebalolithe otgo ctathe deée $ & &
objective and the difference in data used for the evas
A study of extra features was done to investigate the
As ¢t heretdmt aset has 60 data points wasi babhbkeiaver howe
sample isTheedldorithms can quickly become computatic
could become necessary. The overall conclusion for t
before the full frequerpgromebhd Hetedaenp | bpgusdae. rMar
and adding featurei maigpearedentingvari amlcéudi ng

With the ongoing devel opment of the construction indu
wi || be a valuable added feature for many processes
production systems,j sbon ambker s$oontbenstruction sites
productivity metrics to make decisions before the prc
the introduction olLisfogeacaasWirielgr padgerct pvbtdycti vity
avail able, the forecasting horizon can be increased t
even weeks into the future
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