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Abstract: The transport infrastructure is the foundation of modern social and economic development, where

the asphalt pavement plays an important role as a key component. Accurate prediction of asphalt pavement con-
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ditions is of great significance to guide pavement maintenance work. Rutting is an important indicator for evalu-
ating the health condition of asphalt pavement. Existing asphalt pavement condition prediction models are main-
ly based on mechanical experience models or machine learning technologies. However, these methods lack in-
terpretability and cannot provide relevant information on the extent to which the input features affect rutting.
Herein, an interpretable integrated learning framework ( FI-EL-SHAP) was established, in which the FI module
filters features with the entropy weight method and the Pareto analysis, the EL module evaluates the perform-
ances of different models and selects the optimal model, and the SHAP module performs visual analysis on the
relationship between input features and model outputs to reveal the impacts of different features on model pre-
diction results. This study realizes a quantitative analysis of the rut formation mechanism while ensuring the

model accuracy.
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Table 1 The STR4 dataset

e Toad average load level deflection area center deflection IRI laser texture rut depth
temperature/°C /kN /mm?> /(0.01 mm) /(m/km) depth/mm /(0.1 mm)
4.45 3.8 56.47 63.75 5.11 1.88 1.01 15.56
5.02 1.2 56.47 64.51 5.34 1.82 1.03 15.85
5.47 0.9 56.47 63.58 5.09 1.87 0.99 14.95
6.92 -0.2 48.09 57.61 4.63 1.93 0.82 35.20

6.96 3.8 48.09 67.59 5.55 1.98 0.89 32.62

7.74 15.9 48.09 77.68 6.76 1.99 0.90 63.83
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2  FI-EL-SHAP
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Fig. 2 The technology roadmap

2.1 Fl

FRIEZE X T EL P50 HT 28 0C H B RRIE S Bl 1 T BR TR R R AR AR B | IRl s m] AR ki 4
el A5 A TR ) oA 8 o, AR 32 A TR | R A IR R — A A 5 B R JE R, e AR A R A R
2.1.1 HIEAFAEAA

HH T T IS A DG AR (LK P 25 K, NSRS THEA T AR DG A 3 T 2 FR R AR (2R A 7 43 B, B8 s R A8t 1Y)
VE S BOIOR B A AR 7 A8 St AR 02308055 2 1 T BRI R 52 i, %of i s 5 0 320 4 7 A o A B v A0 2 i 1 4
P AR RN A/ N AR DX TR FBREE i B BR ], I LA 4 Ry i T it AN, DA AN ] B, s R /N 1) 722 o



96 A R~ G SO | ) = 2025 4 5 46 &

A] LB R PR AL A 20N R
Z_X—Xme‘dn 1
Coo(X) (1)

b Z BARMEAL R , X 2 R EAE X, e BUAR R I (E, o (X) 2 sl B o brii 22,
2.1.2 HFiEikiE

ARBFFELL FI ACHE L BL 503501 DL A R S0k B 69 T RIS | ABFSEH% T 4 B L
Bk & B ML AR AR (random forest, RF) . XGBoost ( eXtreme gradient boosting) | CatBoost ( categorical boos-
ting) F1 LGBM (light gradient boosting machine ) , I ¥ AR AL 5 A HE A, ALK 45 B 89 FITL{E
FREAR i 1 FLAT AR 30, RS AR BOBAT 38 o3 2 WEIRAS T2 P A I AR 252 At AU
A —HUER) F1 45

A (2) Wos TIHHREE j MRS B A

Ej=—i2rijlnrij, (2)
Hopr, FORER jATEERYES | DR FL A, m R R R IERYECR.

i (2) 13 2T L pR B, PR 30 3) n) RAAS 34 0k AU A R

1 -E,
W= (3)

Z (1-E)
Horb w, FR58 j AN TRRIIRCE | n R HIRA 1 F1 R 40,
AR FLZ5 Rl = (4) ks 2] .

F = i W, (4)
SEHET UL FE ] Pareto 4-T*) BERR FT HERE 1T 809% U , SRS AF a8 19 H 1.
22 EL #&th

2.2.1 A%

TEHES, EL AR 22 1, T3 ZOR B SR A, 70% B HEAE AR LI 2R I 22, 30% OB HEAE R
WA e Ao A e A A A B T L EL A B S AU BE X B R 1k R 5 S BAE ], Ao {4548
FITFRAMACBER B S EL A8 R T 2 — PR A R 7k, [ 10 3758 B AR A 1) S 403X
A 10 Hr 28 EHIE A 7 LA AR 3 1 10 D EARHER 42, BN ZRar 2 DU g 9 S8R R
gk, HaR i FAE IR, SRR T LIS 2 10 DA F O EE AL, X Lo A 10 Wl grfnimlik,
LLE R 10 WG i -3, Ad T 10 3738 SCEIE 77 25 0] LA /B R () 2ok BE LA, $2 B 13z b
PERED.

K A AS R I Xt T F & EL SR SEGHAT U0, 8 5 mi e B S M S BN TS L, AR 5 A2
ZABSEA A Tk B X S S E A A I TR IR 24 B9 10 Hr38 U iE A T iEAh L i)
FoA TR NS A A T I, 8 T el & AR R B e 250 R AE S5 te )
FEIEMAEhR , DB R R A S5 A
2.2.2 AEVHEH IR

AR BERE — A BR AR AT () TR0 25 SR FNPPAS A R0R , 7302 e BB R B ARIR 2E froyes T
SEIUERTIRZE fr < FH TR SR BRI 238 X #E K (5) —(7) it

z (yi _5’1'>2
R=1-°"> (5)

N 4

> (

i=1

i_y)z

)



551 2R, % T AR AR U2 > 19 RIOHTrack R HONI A4 7Y K BK B (Rl 2 A 5% 97

1 & 2
Sruse = N;(%“%) , (6)

1 & .
f\mr,:ﬁz Ly, =531, (7)
i=1

Horry, FORYE | DA ILIUE 7, FORTUME , y TR BUSLE AP, N R BARE 0 KN R0 3 .
Sronse 7N FLSCAB RN OB 2 0] 1) 22 53, B s TEB/N SF-38022 SN R® SR TSRV I SRR EE 5 £y TR
TS AN AR 22 181352 22 B2 KNSR fronse T fae FOMEEUT T O, R FE3T 1, DRSS TRY 0 T 04 il L 2
2.3 SHAP &

EL 2% 2) 25 (B4 XGBoost ) AR 4 {5 B 5 R DAL FRAE I T 20 | 3 R4 B AN R 15052 RN B 1 12 BH 52 i)
ZO0F PR A ( RI42560) OSBRI IR I, ARBIFSE 5 LA T 1ZRIE T A SHAP SRR s Rl i b ) | 5 Fl
FHLEE, SHAP A5 RACITE T8 0] LU AR SRR AR RRAE X H AR5 A0 52 0 2 B (R 38 2 T A% 9. SHAP 42443t T
— i 3o R R BB A B TN AN [ ARAE STRR A R R 22 AR 1% XGBoost B s KB M(2A n A
FRAE) SRTM HARE N .SHAP w] I TR MR (b, FRARKHIE o) XFHUE o (V) BOTTHR, 2T 21 ProTik.
TR (8) iR

6= 3 PSS DL U D - o)), (8)
SRI | FF AR BETIN Yy — T O R
§() =+ 22, (9)

Hopz' e (0,11 B RIRHERS 2 = 1,450 2/ = 0; M R4 AR A KE.
SHAP ] JH T8 52 4 722 o X ASE 700 FT00 245 58 64 52 0 752 B2 e &b, SHAP ik W 78 e A 72
X LG A IE R A T,

3 4R 51E

3.1 FIERER S
AN FE R VL E R EL R 4845, 43 B T RFPY XGBoost'™' | CatBoost ™' Fll LGBM 7 #EHY X HFAE 1T
FEEMWHF AW T 19 A 322 A0 B 25 SRR AT ST 45 5, 23 X B %5 STR1~STR19, H
TR MR PR, A SCR R Horp A AR r9 — PP RS TR Z5 4 STR4 1) FI 45258, I3k 2 .
F2 AFFLTM STRY 1) FI
Table 2 The FI of the STR4 under different algorithms

feature RF XGBoost LGBM CatBoost
axle load /% 67.84 61.54 49.78 44.55
average temperature /% 4.07 2.12 10.92 10.82
load level /% 0.12 0.00 0.00 4.19
deflection area /% 6.56 2.21 6.55 5.76
center deflection /% 1.95 1.86 3.49 4.92
IRI /% 7.92 4.32 18.78 7.79
laser texture depth /% 11.55 27.96 10.48 21.97
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Table 3 Entropy weight method algorithm weights

pavement RF XGBoost LGBM CatBoost pavement RF XGBoost LGBM CatBoost

STR1 0.40 0.34 0.06 0.20 STR11 0.36 0.39 0.09 0.16
STR2 0.35 0.32 0.12 0.21 STR12 0.31 0.37 0.08 0.24
STR3 0.32 0.38 0.07 0.23 STR13 0.38 0.35 0.07 0.20
STR4 0.28 0.30 0.17 0.25 STR14 0.30 0.41 0.07 0.22
STR5 0.32 0.34 0.12 0.22 STR15 0.37 0.41 0.06 0.16
STR6 0.37 0.28 0.09 0.26 STR16 0.34 0.38 0.08 0.20
STR7 0.34 0.40 0.07 0.19 STR17 0.36 0.37 0.09 0.18
STR8 0.38 0.39 0.07 0.16 STR18 0.37 0.35 0.10 0.18
STR9 0.34 0.35 0.08 0.23 STR19 0.30 0.33 0.10 0.27
STR10 0.37 0.35 0.09 0.19

R4 WEEGER FI
Table 4 The FI of the entropy weight method

axle load average load level deflection center IRI laser texture
pavement /% temperature/ % /% area/ % deflection/ % /% depth/ %
STR1 74.64 3.31 4.46 2.50 2.38 3.07 9.63
STR2 56.25 4.39 5.69 1.75 2.33 3.38 26.21
STR3 74.46 3.93 2.04 2.79 2.55 3.17 11.06
STR4 57.04 6.34 1.09 5.05 2.93 8.62 18.93
STRS 72.92 5.38 1.41 3.44 2.39 5.27 9.19
STR6 66.07 5.23 2.51 3.31 3.67 3.56 15.65
STR7 68.51 2.04 5.04 1.64 1.59 3.36 17.82
STR8 80.09 2.94 3.93 2.44 1.37 4.41 4.82
STR9 78.56 4.24 4.25 2.60 2.38 3.88 4.09
STR10 69.67 2.36 3.73 1.70 2.04 2.72 17.78
STR11 81.65 1.79 4.58 2.00 1.07 2.75 6.16
STR12 59.11 2.30 3.18 2.24 2.87 3.88 26.42
STR13 73.02 2.21 3.10 2.12 1.66 4.23 13.66
STR14 30.80 2.43 2.40 1.98 2.04 4.31 56.04
STR15 82.59 1.75 4.82 1.22 1.22 2.36 6.04
STR16 77.58 3.64 3.42 2.15 1.74 2.60 8.87
STR17 79.03 3.44 5.94 2.49 1.56 2.54 5.00
STR18 68.36 2.06 6.97 1.16 1.60 3.46 16.39
STR19 69.38 2.87 1.72 2.98 3.38 5.13 14.54
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Fig. 3 The process of pareto analysis for feature selection
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Table 5  Pareto analysis for feature selection

pavement feature

STR1,STR2,STR3,STRS,STR6,STR7,STR10,
STR12,STR13,STR16,STR18,STR19

axle load, laser texture depth

STR4 axle load, laser texture depth, IRI
STR8,STR11,STRI15 axle load
STR9,STR17 axle load, load level
STR14 laser texture depth, axle load
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neighbor, KNN) "' 37 %[ 8L ( support vector machine, SVM) " H3# ( decision tree, DT) ' 122 2 B A
HL(multilayer perception, MLP) " +FhBILAE 19 FfCFME I 4540 L 0922 2T 8RB 76 4% SR A A5 R gt
AT I 1T AR S T P XGB_RF J& LA XGBoost J7 U (H LA Bagging 73K EE RF AR 080 () 32 2L AR
S XGBoost RYBREEIRTHER S RF AYBEHUEACSREE RIS AR S G, LA i A5 28 B 1 B A 68 e P A R S B 7
19 FhEK 25 H_FRZE S RIBCR IR 6 Pis.
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Table 6 Model evaluation index results

model R? Sruse Juae
DF 0.916 4.53 3.42
RF 0.933 4.20 2.96
XGBoost 0.922 4.62 3.33
XGB_RF 0.918 4.83 3.49
CatBoost 0.933 422 3.07
LGBM 0.750 8.47 6.31
KNN 0.910 4.80 3.68
SVM 0.491 12.95 9.39
DT 0.894 5.29 3.71
MLP ~7.644 51.57 48.32
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