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Abstract:
effective method of void detection,

Ground penetrating radar (GPR) is an
but GPR data
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interpretation depends on human experience, being time
consuming and laborious, or even existing subjective bias.
To address above issues,
identification method based on XGBoost and GPR time-

a cement pavement void

frequency features was proposed. To automatically
identify cement pavement void area, the finite difference
time domain method, lab and field tests were carried out,
and GPR void dataset with label was created. Then, the
resampling method was used to obtain the same sample
frequency. Thirty time and frequency domain features,
including 18 time-domain features and 12 frequency-
domain features, were extracted from the post-processed
GPR data. Taking the time-frequency domain feature as an
input, and void label as an output, XGBoost was used to
build a void identification model. The random forest (RF)
and artificial neural network (ANN) were also trained to
compare with XGBoost. The comparison results indicate
that the accuracy ranking is XGBoost (98.10%) >ANN
(95.10%) >RF (93.17%). The accuracy of the XGBoost
method is the highest and verified by field tests.

Keywords: road maintenance; ground penetrating radar
(GPR);

(XGBoost); time-frequency domain features

void disease; extreme gradient boosting
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Fig.1 Void under cement pavement slab
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Fig.2 Void dataset construction

AR i 2 3 DX ISR B R WU ZARAAIE, S HE 5
2 (VN EPSS

F1 gprMax {FEHEEI S

Tab.1 Parameters of gprMax simulation model
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max_depth i K 11
learning _rate ) 0.01
n_estimators TR R 1000

subsample FEAS AR 0.6
reg_lambda L2 IE 4k 2= %0 1

PEIAIEE (30 %6 EHE L) ir A ST 10 3 iR I AR A
TR 3 AP UM B AL AE Sk 4R E T e s .
FE5 AU, 3PP AR AR b i A R R
XGBoost  (99.63%) >ANN (99.30%) >>RF
(99.28%) . MIRFIER R F , XGBoost F 1 L 575 A1
2 PSSR T A 250 X 43 B 38 5 v A O 2 o 5 L
BORCHE X A v 08 B 2 B AR Y R )R
K.

Sk TR TR O R Rt | e D R R 4

#5 EELARIMEELTEN

Tab.5 Performance evaluation of recognition models

FHETE P R F, A%
XGBoost 1.000 0 0.9900 0.990 0 99. 63
ANN 0.990 0 0.990 0 0.9900 99. 30
RF 0.990 0 0.9800 0.9800 99. 28
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Tab.6 Performance of recognition models

oy WA RERR R/ 0 TN ] /s
XGBoost 98. 10 0.141
ANN 95. 10 0.203
RF 93.17 0. 196
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Fig.21 Identification of actual pavement void disease
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