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Forecasting Bridge Maintenance Using a Random Forest Model
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n1sgeuuey Urseshwiasniuluawianld wwimislunisnsisgevaninainuidenigvesasniy
TneThluagli3snsaanulnnisdanadaen (Visual Inspection) fi3asiiaamenslunisinand
Foans d9isnsdasiidedefeldidinu Gunu waznatun faufu ewddedezdaduinu
n1sAIan1salnudemevesasnulaely 35UwuUgN (Random Forest) Ingnisaiiawuuidnaas
INFIUTaYAdLNIY NTUNNMAN NMIasuuuTiaeslduloyasendu 2 diu fie Jayadmiu
HAnapuuuudnaes kaztoyad miunaasuluudnged laen15L935 K-Folds Cross Validation
Amsimeinanlunisduiadoiiiuuudians un orguesazwiu a519seiuadosed
$8arIOUTINNVUN ANENIVDIALNIY IIUIUYNVBIALNIU TLAUNNINAI UagAIUNT R3S
wadndemuIsiug i LU Re s uUdLegTiTosay 81.00

o

MmdAny: Ungssnasniy, 3UuUgy, n1sAInnTTel

Abstract

A bridge is one of the important transportation infrastructures for promoting the
economic growth of Thailand. The ability to predict the damage condition of a bridge
structure could aid in future bridge repair and maintenance planning. Guidelines for
examining the condition of bridge damage by visual inspection are commonly used for
bridge inspection. The disadvantage of this method is that it requires a lot of manpower,
money, and time. Therefore, this research will focus on studying bridee damage condition
prediction using the random forest method. By creating a model from the bridge inventory
database from the Department of Highways. The main parameters for model input were
bridge age, annual average daily traffic (AADT), percentage of heavy trucks, length of the
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bridge, number of bridge spans, highway hierarchy, and traffic surface width. The accuracy of

the prediction result obtained from the random forest model was 81.00%.
Keywords: Bridge Maintenance, Random Forest, Forecasting
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Tutlagiiu deafuarudemedfionaiatulusuan vievilasaafuiteglufduieandlidne
lumsauasnulusseven

Tuilagtunsumamarsiinisrusndeyatydazwiuieliiedenisvissdnwiasni
1A8N1581599 AIIADUNYANTTUVIATNIY Uszifiunnuid evefiintu diumnassuuuinsay
U1398¥nU (Bridge Maintenance and Management System: BMMS) %amimmm%’auﬂawwﬁﬁiﬁ
LYN1IVaN d1999 ATIeFBUANMYBAzINUTogluAURnToULATdsdayandUNIdILuNaNs
ntuhdeyaiinusailduussdiu mwnmanmaudlvfivanzately audfulddn wamnsnistestu
wioudlalgmiiintufuasniuiivareduneu Snvanisendunislusdasfuneuiiszesinan
Tumssidiumsaeuttann Sduuiedmsmuiiogluazoundemeingn erdlifsudeuusiiviunsel
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MiAdeifsadiuAnvileramuuudiasdunsaansaianudemediiad utuag iy
yuadnlumusuiaveureInIImMana Welvanunsnnaunulunsinnisings fnw wagtesty
Jaymileraintuluewaald
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2. fhuvsiidnviuagmsmussdeya
Tuns3deidl Wumsiunessdummdemsfifetuasnulngld3suuuudu Tnelddoya
Hafeiiidedunsaeuiuusiant Fuvadu 2 Ussanmwdn 4 fie
1) YoyafiiAgrdostunisasnes iesarnmsdenanmvesazniuieadoslaenseiy
nsldnuazniu loun JeyauSunusaseiy, Jeyaseuassaussnnvin LarseAUNINEEINIIAN
2) doyanianenmvesazniy Liesa1nUssinnvesazniufinansatunsldew
LAZANNUNIUTDIAZNIULDUUANAINAY TN ANBNIVOIAZNIY, AIINATINRIATIDT, TIUIUTN
VDIALHIU WAL UBIASNIU
Tupssusiudeyaszlideyaasniuaingudeyanisun JeaenIuenTunImad tngae
Fuuneusziuaudemevesaznu @inneadarniu nsuniwmaig, n.d.) Tnsuvadu 4 szau
aadevngldun fann (5), fweld @), weld (3), sty (2) Fdldseiunaus 5 89 2 sedumsidan
azwuanunsautseanimdu 4 Ussian e sedunisidaiulaesau (Overall Condition Rating: OCR),
s¥AUNTIdeUlaTIasIsasnIuaIuUY (Superstructure Condition Rating: SUP_CR) 1u Nugzny
Wudu szaunisldaulaseassazniuadiuans (Substructure Condition Rating: SUB CR)
B AuSaTen, mduneds, wwness Wudu seaunisldnulaswadsdiulsynauses (Secondary
Component Condition Rating: SEC_CR) laun %914, Wsanaasniu, Am1a lusiu
3. ey
yadeyavniraziisiuudeyanuiwandunmi 2 lnsuvaduswiudoyaniusziv
ANUEYMETI (Frguw), uudeyaniuszauaudenelasiainedinuy (1), uudeya
musERuANUEeMIelATIassdILae (@ea9), Tutudeyaniuseiuanudsnielaseasneses
(¥31819) nsuisteyadmiunaaeulLldIs K-Fold Cross-Validation (Brownlee, 2018)
4. uwuuinaesluuuds (Random Forest Model)
Tunsviafedfiseldldniwlusunas Python lumsaiauuusiasstuuudy Weuuy
Jupyter Notebook Tnedilaun3 (Library) fiSenldemfeafu Machine Learning &0 9 léud Keras
ILag Scikit-learn (Géron, 2019)
N13AMUAAT Hyperparameters suaﬁ%‘ﬂ'lmejmﬂ%ﬁ%msﬁumLLUUﬂ%mﬁqﬁmeﬂu
n15137 1 Ine Hyperparameters Usznauludie 3 wis1dwesndn Ao Number of
Features, Number of Trees WLa¢ Tree Depth
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M1379% 1 Hyperparameters Mwingadlunisasiswuvuinaasdnuudy

Hyperparameters Grid Values Optimize Value
Number of Features 1938 3
Number of Trees 1 9 1000 100
Tree Depth 1 914 None 17
NAN15IY

lun1susedivdssaninmusswuuinaewgldid Amuinuazwaniiasanuibugy Confusion
Matrix Badumadialunisagunaussansamvesdanesiuusznnmsduunvsanny Tuilywsu
Msdwunmnavy msldiissudnImLiug) (Accuracy) egnadinrlugadeyartwmaneiilivity
o19thlugnisidlaiinlel Brownlee, 2016) Fasipsthriildandruanien Accuracy, Precision, Recall
number of correct predictions

number of all predictions

number of correctly predicted positive instances F1-Score=2x PrecisionxRecall
number of total positive predictions you made ' Precision+Recall
_ number of correctly predicted positive instances

Recall= —— -
number of total positive instances in the dataset

wag F1-Score (Korstanje, 2021) lnafiign1sA1uleaiae Accuracy=

Precision=

WaT Support Al I1UIUTOYATINUA

FANILUAITIN 2 A1ANULLUETUNSTINUI8UBLATIAS IR, 1519 3 ANAIIULUUEN
Tunsueve9lASI@S19dIUUY, B15197 4 AANBIUETUNISYNUIEURILATIAS19EIUA9
WALANTIA 5 ANANULLUENIUNITVINUI8UDILATIAS19TD
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AN5197 2 AANULkLuElunNNSTIUgvedlaTIEs1elae s

PRECISION RECALL F1-SCORE SUPPORT
OCR 2 0.75 0.79 0.77 266
OCR 3 0.61 0.36 0.45 131
OCR 4 0.72 0.83 0.77 276
OCR 5 0.95 0.94 0.94 448
ACCURACY 0.81 1121
MACRO AVG 0.76 0.73 0.73 1121
WEIGHTEDAVG 0.80 0.81 0.80 1121

A15199 3 AANULLUgTuNSYIuNgYeelASIAS9EIUUY

PRECISION RECALL F1-SCORE SUPPORT

SUP 2 0.33 0.11 0.17 79

SUP 3 0.00 0.00 0.00 23

SUP 4 0.00 0.00 0.00 51

SUP 5 0.87 0.98 0.92 968
ACCURACY 0.85 1121
MACRO AVG 0.30 0.27 0.27 1121
WEIGHTED AVG 0.78 0.85 0.81 1121

AN5199 4 A1ANULLUgluNSYINUNgYeelASIAS19EIUE1S

PRECISION RECALL F1-SCORE SUPPORT
SUB 2 0.68 0.77 0.72 224
SUB 3 0.54 0.35 0.42 129
SUB 4 0.73 0.82 0.77 290
SUB 5 0.95 0.91 0.93 a79
ACCURACY 0.79 1121
MACRO AVG 0.73 0.71 0.71 1121
WEIGHTED AVG 0.79 0.79 0.79 1121
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AN5197 5 ANAULLUENTUNNSTIUNEUe9lATIE5 19504

PRECISION RECALL F1-SCORE SUPPORT
SEC 2 0.46 0.47 0.46 324
SEC 3 0.46 0.34 0.39 241
SEC 4 0.42 0.12 0.19 141
SEC 5 0.60 0.82 0.69 415
ACCURACY 0.53 1121
MACRO AVG 0.49 0.44 0.43 1121
WEIGHTED AVG 0.51 0.53 0.50 1121

91NAN59T 2 Lﬁaﬁmim'}L.Ls;mmwmwgizﬁummLﬁ&JmmLé”J%Lﬁuié’iw Tusgau
anudevnefiuiinadeyatiesaziirn F1-Score A Weifisuiuszduanuderoniuiunm
foyaun wu OCR 5 usiilagAnUFuTiBuLUy Weighted Ave. udmenuin Wofinisnszaneatnin
vaeUTuudeyattilusiudie nadns7laliunned1991n ALLugITINEINTn AuAI9T 3
doyndeyarniniifszdueudemounnsisiuinn fsazgldan Support Weuvimusluanagi
SuP 5 vilwidlefiansandn F1-Score woniduseszdumnudeniewds fauuusiaediaiuise
vhunedeyalusziuarundemeiiviinadeyanniildiae

91nA19197 4 1ilefia1san Support NUIINIINTEANefvesUiinateyandtiusey
anudsnelassadielaesiy warauuiugildfialndiAsstunnn waza1nans1ed 5 wudd
lulpssasiausenauses Minszatedvesdeyaliuandeiulasaialaesiuunnin wiilofiansan
AULLUEIMAE Weighted Ave aziiurnardildainnisaianisalsiouuusiassdidnmiunn waneid
msmansaimstissagmuedlasaidiut liduiusiugndayating

aAUTIINAN1IIAY

mnmslduuuiiassiuuugulunmsmanisaiusyansnmuesagniu nuiwadnsildeani
Mnuuuassansomanisalldlneficnuusiugiogi 0.81 dnfulassadilassmesagiiu vl
dofarsanusneoninluisiazdinusznavdosvasaznu aznud Tulassadisdiuuy wy wkuiiy
wuiaesuuuguazmansalsysuaudsmeegiszdu 5 Wudnilvg) Tsdsnasgrannidesan
Furuyadeyavudiliangaduszeindeonisinaeunuusiass (Brownlee, 2020) Lazo19
vineAudn wuudiasslimueanaindeugaiesanliannsovunessiuanudevnefivdoldias
wielassadsludiniaudsnien dmdulaseadisdiulszneuses wwu Y19, MLNanueu
wadnsannsAAnsainudemeiinnuutiugiimn aveiidululdenafinangadadedeya
vidhensliduiusiuszduanudeme dufe yadeyattilifianuiedestuuszaniamves
avwuludiuil shlianuusiudilumanisafludmifietosuassiegalunisaanisaiaudems
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