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Condition Estimation of Facility Elements Using XGBoost
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Abstract : To reduce facility management costs and safety concerns due to aging of facilities, it is important to estimate the
future facilities’ condition based on facility management data and utilize predictive information for management decision
making. To this end, this study proposed a methodology to estimate facility elements’ condition using XGBoost. To validate
the proposed methodology, this study constructed sample data for road bridges and developed a model to estimate condition
grades of major elements expected in the next inspection. As a result, the developed model showed satisfactory performance
in estimating the condition grades of deck, girder, and abutment/pier (average F1 score 0.869). In addition, a testbed was
established that provides data management function and element condition estimation function to demonstrate the practical
applicability of the proposed methodology. It was confirmed that the facility management data and predictive information in
this study could help managers in making facility management decisions.
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Fig. 1. Model design for element condition estimation
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Table 1. Hyperparameters for XGBoost

Hyperparameter Description Values for grid search
The maximum of number of 4-10
Max_depth branches from root node to ) .
(interval: 2)

leaf node
The minimum sum of weights

Min_child_weight of all data required in a child 1,510
Subsample The ratio of data for sampling 0.6,0.8, 1.0
to construct each tree
The ratio of columns
Colsample_bytree (variables) for sampling to 06,08,1.0
construct each tree
The amount to change 0.05-0.1

Learning rate

weights (interval: 0.01)
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Table 2. Variables of the final dataset for deck and girder condition

estimation
(*): Removed variable, (**): Target variable
Concept Variable
Construction year(*), Total length, Number
General of span(*), Maximum span length(x), Total
information width, Number of lane(*), Average daily
traffic(*), Average daily truck traffic
Numerical Span length, Dec}< width(*), Deck pavement
variable Structural th|cknes§, Deck thickness, Deck strengthc Deck
(15) information rebar dlamgter, Deck r_ebar ;trength, Glrder
by span s‘trength', Girder quantity, G|rd§r spacing(*),
Girder height, Crossbeam quantity, Crossbeam
spacing
iL?ZF:raC:t?c?n Bridge age, Inspection year(x)
General Facility class, Route cIa_ss(*?, Region,
information Management agenay, Design live load, Plane
cal shape, Main superstructure type(*)
o | _Strcturd o
©) information | Pavement type, Deck material(*), Girder type
by span
Inspection Condition grade of element(**), Past
information condition grade of element




Table 3. Variables of the final dataset for abutment/pier condition

estimation
(*): Removed variable, (**): Target variable
Concept Variable
Construction year(*), Total length, Number of
General span(*), Maximum span length, Total width,
information Number of lane(x), Average daily traffic(x),
Numerical Average daily truck traffic
variable Structural ) . )
7 information Abutment/pier height, Abutment/pier sphere
strength
by support
Inspection . .
information Bridge age, Inspection year(*)
Facility class, Route class(*), Region,
General S
. B Management agency, Design live load, Plane
information ;
. shape, Main superstructure type(*)
Categorical Structural
variable . . Abutment support type, Abutment/pier
(10) information sphere type, Abutment/pier foundation type
by support !
Inspection Condition grade of element(**), Past
information condition grade of element
PSCI,

Aol S
PSCI, Girder O

PSCI, Deck ISR A

STB.
Abutment/Pier 346 8
STB, Girder SRR

STB, Deck | INEEONIE7E 224135
0 500 1000 1500 2000

# of data

®mGrade 'a’ ™ Grade 'b' Grade 'c' Grade 'd/e'

Fig. 2. Data distribution for the condition grades of elements
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Table 4. Data sampling results for deck condition estimation of

STB bridge
# of training data
Sub-model Class (OT.ot.aI L. : Re- tett?rig
riginal) | Original sampled data
Sub-model Group AB 1,423 996 836 427
(1] Group CD 518 427 418 91
Sub-model | Grade ‘a’ 410 287 567 123
[2] Grade 'b' 1,013 709 709 304
Sub-model Grade 'c' 267 187 144 80
3] Grade 'd/e' 35 24 72 11

PSS SERion, 43 HolHE 86t galzlse
A5 (F1 score)S HIWRITE 1 21} (Table 5)0A] K50
XGBoostO] 7IE9] Ed] 7I{t 7[AlSts 2ale]E1t Hlulst
Lot dsg Hls S0l
Table 5. Results of the algorithm performance comparison for
deck condition estimation of STB bridge

sub-model Algorithm Performance (Weighted average F1 score)
Decision Tree Random Forest XGBoost
Sub-model [1] 0.842 0.879 0.903
Sub-model [2] 0.787 0.786 0.796
Sub-model [3] 0.944 0.944 0.962
Average 0.858 0.869 0.887
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2 10 maximum depth, 1.0 minimum child weight, 0.6
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Fig. 3. Model performance by sub-models of STB bridge
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