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Application of machine learning for predicting the IRI of
asphalt pavements

FU Donglei', GUO Runhua’, WANG Jingyi'
(1. School of Architecture and Engineering, Xinjiang University, Urumqi 830046, P. R. China; 2. Department of
Civil Engineering, Tsinghua university, Beijing 100084, P. R. China)

Abstract: This study applies machine learning techniques to predict the international roughness index (IRI) of
asphalt pavement using structural, performance, environmental, and traffic-related variables. Data were obtained
from the long-term pavement performance (LTPP) database and Chinese pavement datasets, with 3 066 asphalt
pavement sections (construction number =1) selected for analysis. Model parameters were optimized using cross-
validation combined with grid search. Considering the selected factors, three machine learning models, namely
artificial neural networks(ANN), support vector machines (SVM), and XGBoost, were employed to predict IRI.
Their performance was evaluated using R?, root mean square error (RMSE) and mean absolute error (MAE). The
results show that XGBoost achieved the best predictive performance (R?* = 0.96, RMSE=0.08, MAE=0.05).

Feature importance analysis based on XGBoost indicates that the initial IRI is the most influential factor. These
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results show that XGBoost can accurately predict asphalt pavement IRI and provide a reference model for
pavement management systems.

Keywords: machine learning; IRI; LTPP; multiple factors
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LTPP J5i H (long-term pavement performance, LTPP) &2 45 F 122 80 4- 48, H M 7E TP M i M feE 2
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1.2 MBEFIHEX
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2 A L 2 v 2 R R A L2 T ROEUZE A BT AR R SR L I L TR . A KIS AT Y
FEAT TR N OB R A RRAE B T A S G i 4 o0 1 is SRS ER A0 I, 4% 3 Ak B A9 REAE HE A RO 7R B
P38 S8 K U AR B 2 AR B A A KA . B E TT R — AN O R, b — B AR MR
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Fig. 1 Composition of neural network Fig.2 Three activation functions
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Table 1 The equations of different kernel functions

K% R 2RV A% PR B o5 9T A PR KL Z I PR

20

FikR K(x,z)=x-z K(x,z)—exp( E: _Z”) K(x,z)=(x-z+1)"

TE :x o8 B ARz R A m s p o Z IR

1.2.3 XGBoost
XGBoost f&=— 4~ 1 T8 B4 TH G 48 il > BR al ak 7 2 BRSOk SEAT TN A — AR AR 2
— AR R AR TR 55 AR 2 AR N . XGBoost 19 H AR BREL N
Obj“):zn:loss(yi,)?E””+f,(x,~))+.Q(f,)+C, (1)

P RN 4 s n FORBEAR BBy FoR BRI LI s loss (RFIR sRB D1V RN HE (- 1) BB BERLIY
M A5 IR 5 f, () AR P REAEE ¢ 5855 1S B S5 40 A AL 5 Q) Fam % f, 0 TE U A 100 5 C AR 3 £ .
it AR R AT /MK SRS S AR RIS . XGBoost fie /bR FH Y 75 75 2 X H A o B AT 4 8 By
JETT R H AR e S AL

Obj" ~ Z[IOSS(y,, P ”]+g,~f,(x,-)+lh,-f,z(x,-)}+9(f,), (2)

s g, A ZROR B SR AR PR — B R B R B e, R
=0 loss(y,,y,’ ')), (3)
hi=05loss(yi, " "), (4)

BB AR A 408 R, g, Bk BB A5 A AR TR X 02 XGBoost I RE( o 38 % H AR bR EIOK 545 8] 55 A 19
SAE 5 B AR R EUE /D, 20 258 BRI AR AT AR A
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Fig.3 K-fold cross validation
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JE o DR A 3 R SR A 4 IR ) S TSR [R] |, — S i B i SO A Y A T BE AR AR B R IR B Z A M AR
RREAMNER X T H AR, 4% KT R 5k K B e (I8 78, B e B 2 BLAE R WO BEAL o R BE, % 7
ANN FI SVM T 5 , BB 35 K i [R2R 0it 22, HL 23 A 30 Bl 2% AN AR (), 20 SR 00 P Dt 4 5040 |, 2 1) 85 B0MR K F- 55
TRARAE AV ASRE 2 B R BRI JE A 1 5 B T2 20 o DRt 75 S 0 000 700 A 45 A | ) B oy S ot R
I z-score 1k JEAT B4 Ak B .

_ Xold ~ Xoud

S
I 20, N 20 AR AR5 BT RN 5 xR SR 00 5 X, AR DR B5CHIE 0 1 249 (8 5 S AR D 000 O A o 22, 2
AR O R O AR EZE O 10 3R 2 4% 5 i TR 3R A A0 ) B AR AR 1), L v, A0 o0 IXR A8 3 TR &R
S i FACHED B Ak ) R i R 5 5 3 O ARk B T A 52 0 DR 3R A B AT

x2 HIEEHSG
Table 2 Data set example

(5)

Xnew

B A Rl Z5Hy 0 R FHY BERE BRE ZBRK BARK Bk R g #HX
S IRD REAFE #e WEE O RGEE RENE ECET ORI R R TR EE cEE Ee
1 176 3.6 737 567 420 0 0 1 0 0 1 0 0
2 175 410 336 550  3.95 1 0 0 0 0 0 1 0
3179 138 8.03  3.00  4.20 0 0 1 0 0 1 0 0
4 138 2114 685 450  3.90 1 0 0 0 0 1 0 0
5 174 067 687 6.8 3.92 0 0 1 0 0 1 0 0
x3 HnEERFEBEEEARHIR
Table 3 The description of original influential factors
ZH P i 3%
730 TRT/(m - km™") 1.03 0.38
A H R /(m-s™) 3.86 0.78
1 B 7] /a 5.06 3.72
B ke 6.12 3.23
W E /mm 11.78 7.21
W B TEY ] AR $5 bR A 407 #R 1R 22 RMSE, S 48 X % 22 MAE L& R2, 1A AN
RMSE = %Z(yi—ﬁi)z, (6)
1 &
MAE=N;| V=i (7)
N
Z(J/i_);f)z
Ri=1-iL (8)

Z(yﬂ-—y’)2
Ao ey MRS P REAS 9 TR SR 5 9 AR i DR Y IR ; y UK N AEAR Y IRIF 49 {H . RMSE
I MAE 9 {EL BT 0, 3% W 000 4 e B 4 5 R2A(ELHE 30T 1, 2 W 4005 8 JEE e, ARG 3 W1 400 5 7 JEE e 22
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XGBoost fig KRB A 8,27 2 0 0.1, Y ZRHe AR 19 25 D ELRLEAN FE PR &5 R AN 4 s .
F4 REEIT ML LB

Table 4 Comparison of predicted performance by different models

VI 3 S HUURE RS
ZH
ANN SVM XGBoost ANN SVM XGBoost
R? 0.77 0.77 0.99 0.90 091 0.96
RMSE 0.24 0.19 0.02 0.11 0.12 0.08
MAE 0.15 0.14 0.01 0.08 0.10 0.05
4.0 2.5
® XGBoost ® XGBoost
35 XANN X ANN %
*SVM X ol 20+~ T SVM
=30} it =
&24r XX st
a | §><’< * g 6
= 2.0 o = /e
= x P =
= 15+ X ¥ % % % % 1.0 +
B 2 % B
1.0F X% E2
" % 0.5
0.5F
0 05 10 15 20 25 3.0 35 4.0 0 0.5 1.0 1.5 2.0 2:5
SEBRIRIE/(m-km™) SEBRIRIE/ (m-km™)
(a) YE (b) WiksE

B4 ANN.SVM.XGBoost #7 Ul 4 &
Fig. 4 Predicted IRI for three models in training and testing data sets
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U HIXF T LTPP %4l , ANN FIl SVM R BRI AR 4 19 5 A ROR o e A2 v, 3 FhL 2 2% > 450 0 7% o 00 1 g 42
T, {H S XGBoost AR T ANN HI SVM, st i v 5 45028 T B B o 8 A1, 138 TR 780 9000 {1 15 L S {i o 2 — 3L
1M ANN FI SVM USR5 45°4 35 3, (A J2 0 F S 205 B 1 /> T XGBoost, H SVM g # % 50K T ANN, M) i
UL T SVM X /MR A (1 T I 68 ) 245 T ANN,
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i F XGBoost 15 1 25/~ U 2 (1 F M Q& S it o ZEMERE R 2 v, 6 T I T IR, #0900 IRT (B 2 e &
BN R R DR ZR G e PR 2B T U0 7 D A RS B, LB TR IR AR SR Ah b RS Nt AR O B R D 2%
Aol B[] XoF 3 6 TR IR AP U AR F B A2 R 0 9 O T 0 1 i A R TR B2 AR B, AR ROTR T R /IN s T R T
Ay S A WY A 25 AR B IR 2 SC, IRTS3 52 3 4 i 52 o), LR B8 B T 4R B . % 17 IR 23 B
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Fig.5 Importance permutation of influential factors
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