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Asphalt Mixture Performance Prediction Method Based on
BP Neural Network Optimized by Genetic Algorithm

SHENG Jia-hao, LIU Li*, LIU Zhao-hui, PAN Bo-yang
(School of Traffic and Transportation Engineering, Changsha University of Science and Technology, Changsha 410114, China)

[ Abstract] To achieve rapid and reliable prediction of asphalt mixture performance, a method for predicting asphalt mixture perform-
ance by optimizing the back propagation ( BP) neural network with a genetic algorithm ( GA) from the perspective of material composi-
tion design was proposed. Initially, a grey relational analysis method was employed to reduce the dimensionality of multidimensional in-
put variables, identifying the core influencing factors of asphalt mixture performance. Subsequently, integrating the GA, a GA-BP neu-
ral network prediction model was constructed with the core influencing factors as the input layer and asphalt mixture performance as the
output layer. The model underwent training, validation analysis, and prediction generalization application. A comparison with the
training effectiveness and prediction accuracy of the BP neural network was conducted to verify the accuracy of the GA-BP neural net-
work model. The research results indicate that the grey relational degrees of eight performance characteristics, including air void, as-
phalt-aggregate ratio, nominal maximum aggregate size, 4. 75 mm passing rate, asphalt type, softening point, penetration, and ductili-
ty, are all greater than 0.6, signifying their significant impact on asphalt mixture performance. Compared to the BP neural network

model, the GA-BP neural network model reduces the root mean square error (RMSE) by 16% to 31% , decreases the mean absolute
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error (MAE) by 15% to 24% , and improves the R* value by 0. 01 to 0. 27, indicating that it has better learning and fitting capabili-

ties. The prediction accuracy for dynamic modulus, dynamic stability, residual stability, splitting tensile strength ratio, and ultimate
bending strain of the asphalt mixture is respectively enhanced by 35.26% , 47. 78% , 23. 13% , 31. 92% , and 35. 75% , revealing the

superior generalization application capability of the GA-BP neural network model. The research findings provide essential references for

the rapid prediction of asphalt mixture performance and guidance in the design of asphalt mixture material composition.
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Fig. 1  Gray correlation analysis process
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Table 2 Asphalt mixture properties gray correlation calculation results
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Table 4 Training metrics for the three algorithms
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MPa Bp Ve 309 208 0.87
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I GA-BP ‘J "ﬁ%
e/ Wik 1710 1233 0. 70
(K-mm~") Bp YIgkE 1595 1112 0.73
ML 1803 1388 0.63
I[ES 2.3 1.7 0.51
e GA-BP \J "?%
GRS MR 2.9 2.2 0.32
% Bp Il Z4E 2.9 2.2 0.24
4 3.1 2.5 0.19
HER 3.0 2.3 0.49
. GA-BP — l‘?%
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W L/ % Bp PIEERS 3.7 2.8 0.22
M4 3.8 2.9 0.16
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Table 5 Untrained 10 sets of asphalt mixture composition data
WE NFRE iy N 3 4.75 mm SN REHE bR
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% MPa (Wemm™Y)y  E/% L/ % N/ e
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1 13.2 124.0 73.0 4.2 47.5 5.0 44.2 10 289 1296 86.2 78.7 2 350
2 13.2 19.2 87.0 4.0 48.2 5.2 47.2 9 780 2 067 89.2 86. 1 2265
2 19.0 19.2 87.0 4.3 48.2 4.5 39.0 9 525 2207 86.3 80.3 2 460
2 13.2 19.2 87.0 4.0 48.2 5.2 46.4 9 843 2 228 89.5 87.1 2 463
3 16.0 132.0  108.0 4.3 45.0 4.8 44.0 9 000 2126 84.7 82.2 2 604
3 13.2 132.0 108.0 4.2 45.0 5.2 47.1 9 100 1 820 87.2 83.6 2 674
4 19.0 39.0 49.0 4.0 79.2 4.5 36.8 11572 9357 89.5 87.6 2577
4 13.2 54.0 63.0 4.1 78.0 5.1 45.1 10 490 6 456 87.3 85.5 2 615
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Table 6 GA-BP neural network model prediction results and relative error
Wi 1R Ak R T 1 AT IR 2/ %o
S A i Shfa =2 R > By 24 O JEE AL s
E (Z;j];_m’_‘f) R mE *ﬁ_ﬁiﬁ:‘; DA AR RAEAR SHBIL RRERAE
10 648 2 191 86. 6 81.1 2 326 1.81 7.77 1.25 2.01 1. 69
10 525 1936 88.2 80. 8 2 398 1. 18 14.22 0.34 2.28 0.17
10 293 1473 87.3 82.3 2 290 0.04 13. 66 1.28 4.57 2.55
9 698 2512 88.2 85.2 2278 0. 84 21.53 1.12 1. 05 0.57
9 684 2511 87.8 83.9 2 382 1.67 13.77 1.74 4.48 3.17
9 632 2 092 88.2 85.3 2 401 2.14 6.10 1.45 2.07 2.52
8 832 2 362 85.9 82.0 2 537 1.87 11. 10 1.42 0.24 2.57
8 902 2 036 87.8 84.5 2 575 2.18 11.87 0.69 1.08 3.70
11 682 8 006 89.4 86.6 2 692 0.95 14. 44 0.11 1. 14 4. 46
10 563 6 603 88.1 85.9 2 681 0.70 2.28 0.92 0.47 2.52
R RIRE/ % 2.18 21.53 1.74 4.57 4.46
F/NRZE % 0.04 2.28 0.11 0.24 0.17
R % 1.34 11. 67 1.03 1.94 2.39

x7 BPHEZMNKZEIMNULERSHENIRE

Table 7 BP neural network model prediction results and relative error

Wi A Rk R T TR/ %
- b L - =355 S 5 2y 1] e b A e 2 AR
SR/ E‘fJ%ﬂEB}‘/ R ERE, BERBTRI L, W BRA RN AR/ ARG EE R BB RO
MPa (W -mm™") % % e

10 774 2226 87. 1 81.2 2 426 3.01 9.49 0. 65 2.19 2.54
10 423 2235 87. 4 81.4 2 405 2.14 31.91 0.57 3.07 0.13
10 284 1874 88.0 82.9 2337 0.05 29. 62 2.09 5.27 0.54
9521 2714 87.7 84.2 2395 2. 64 31.33 1. 67 2.25 5.75
9 841 2 830 88.7 85.7 2333 3.32 28.23 2.82 6.77 5.13
9521 2714 87.7 84.2 2395 3.26 21.84 2.00 3.37 2.75
9 096 2512 86.3 82.4 2522 1.07 18.18 1.85 0.26 3.10
8 860 2254 86. 8 82.7 2505 2.62 23.84 0.42 1.12 6.28
11 334 6 885 89.3 85.3 2723 2.05 26.41 0.25 2.57 5.69
10 550 6 629 88.2 84.1 2754 0.57 2.68 1.03 1. 60 5.31
FRIR2E/ % 3.32 31.91 2.82 6.77 6.28
F/MRE/ % 0.05 2.68 0.25 0.26 0.13
SRR % 2.07 22.35 1.34 2.85 3.72
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2 BARET
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P 28R AR LY T BP A1 28 W 48 B AN | 78 X U R
RE RS E Shfae B Ak B B i
558 B LU R AR BR 25 7y A G FIONRE BE L A R T
35.26% 47.78% 23.13% 31.92% .35.75% , i1l
GA-BP 125 [ 26 15700 X - A< JH1E5 38 114) 19 3000 24 S Lb
BP #2526 A5 A0 T 4| ELAT T i Y72 A A

(5) WFFE AR AT i Ak i 75 TR B B A R
TETFINAS 2N W 1R A R BE , (H IR X6 6 1 455 b 2%
RISEAT A0y, FEJG SE 9T T, ml ik — 2 % JE i 1
SERZRAY B T IE 5 A (] I T 4 R 2R A B 1 TR
ARHMERE TN 7k

ML . www. stae. com. cn



2025,25(3) BEAESE A5 SR TR T OU ML BP PR LS 1 75 TR S R RE PN J5 vk 1223
_ VAR ], A3k, 2020, 46(11) ; 2350-2358.
2 % X ™ Zhao Wendi, Chen Dewang, Zhuo Yonggiang, et al. Deep neural
N Y e e s fuzzy system algorithm and its regression application[ J]. Acta Au-
(1] % WHFEAETRGEHHERE[M]. dbat. ARZZE N

[10]

[11]

[12]

At , 2000.

Shen Jin’an. Asphalt and asphalt mixture road performance[ M].
Beijing: China Communication Press, 2000.
TLEW]. AL E T TR (M. 6 B Jb At
1, 2019.

Huang Xiaoming. Road subgrade and pavement engineering[ M ].

UYL

6th ed. Beijing: China Communication Press, 1999.
Rh2foc, BRmss, B, . W5 IR A eHIRIR B 2UE 15
W RAFTLT]. BREROR S TR, 2024, 24(8) : 3389-3398.
Lu Xueyuan, Chen Yuanbo, Wei Xing, et al. Influence factors of
low-temperature virtual indirect tensile test for asphalt mixtures[ J].
Science Technology and Engineering, 2024, 24(8) . 3389-3398.
XN, ALdgr, SO, T e i I o 9 R T IR
BHERERFR [T]. A7 R (HRFHERR) , 2023, 41
(3): 306-310.
Liu Liping, Du Ting, Guo Jianbo. Response surface method for
performance of diatomite modified asphalt mixture[ J]. Journal of
Shihezi University ( Natural Science) , 2023, 41(3) : 306-310.
PRLE. R B AN RS B R A BT TS [T ], dEd
2, 2022(11) ; 4044,
Guo Zhongbao. Research on the material composition design of sol-
vent cold patching asphalt mixture[ J]. Northern Communications,
2022(11) . 4044.
XURR. BIEDS PRI IR & Rk & KO HEReDEIE [ D], H &
HEFI RS (R4 |, 2016.
Liu Shujun. Fabrication and performance of novel cold-mix asphalt
mixture[ D]. Qingdao; China University of Petroleum ( East Chi-
na), 2016.
WLRK, BEAS, BT, PPRE AT W95 AR U
MR HRELT]. Slisfbtse, 2020, 6(5) : 2-12.
Tan Yiqiu, Lii Huijie, Xu Huining. Application prospect of materi-
al genetics idea in asphalt pavement materials[ J]. Transport Re-
search, 2020, 6(5) ; 2-12.
TR, WAZEK, kB, S BETOMOREEE K 2H 5 5 B T IR AR
SENFFYE LR KRB T]. P E 2 i, 2020, 33(10) .
76-90.
Xing Chao, Tan Yiqiu, Zhang Kai, et al. Review and prospect of
genetic characteristics of asphalt mixture based on material genome
method[ J ]. China Journal of Highway and Transport, 2020, 33
(10) : 76-90.
Pablo J, Jones B, Lind C, et al. The materials genome initiative,
the interplay of experiment, theory and computation [ J]. Current
Opinion in Solid State & Materials Science, 2014, 18(2) : 99-117.
Fan Z P. Effects of freeze-thaw cycles on fatigue performance of
asphalt mixture and development of fatigue-freeze-thaw ( FFT) uni-
form equation [ J]. Construction and Building Materials, 2020,
242 . 118043.
Li CY. Study on the factors affecting the self-healing performance
of asphalt mixture and pavement based on fracture mechanics and
calculation formula [ J ]. Theoretical
Mechanics, 2023, 126 103954.
A, BRAEIE ) giakak, SF. TR ZRON R Gk KR

and Applied Fracture

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

tomatica Sinica, 2020, 46(11) ; 2350-2358.

NG, SEPE, TR 6. B SR Sl i i [ B B A
SRR [ T]. PRGBS SR, 2024, 41(3) : 484-495.
Sun Jian, Meng Xi, Qiao Junfei. Data-driven predictive control of
oxygen content in flue gas for municipal solid waste incineration
process[ J ]. Control Theory & Applications, 2024, 41 (3).
484-495.

FI, skt BT LH G TR 1 R Rk 1 [E PR AL B s A
ERET[ ). v TR SR, 2023, 45(2) : 83-86.

Wang Qi, Zhang Hong. Cargo throughput prediction of nanjing
lukou international airport based on combined prediction model
[J]. Logistics Engineering and Management, 2023, 45 (2):
83-86.

Nian T. Method to predict the interlayer shear strength of asphalt
pavement based on improved back propagation neural network[ J].
Construction and Building Materials, 2022, 351 128969.

MR RS, BT, TR¥, 45 BT MM P IR GRS [t
Wit ()], AEESCEAHE, 2012, 29(2) : 4045.

Sun Yimin, Zhong Ming, Xu Ling, et al. Design on asphalt mix-
ture ratio based on neural networks[ J]. Journal of Highway and
Transportation Research and Development, 2012, 29(2) ; 4045.
WCRK, AYEs, RS, . 5T BP A MKW FIRG
BHRIRAEREBUUAALL )] TPAMARE, 2008, 28(6) - 213-216.
Tan Yiqiu, Gong Weiqiang, Zhou Chunxiu, et al. Research on
the application of neural network in the model for asphalt mixture
performance at low temperature [ J ]. Journal of China & Foreign
Highway, 2008, 28(6) : 213-216.

Xu B, Dan H C, Li L. Temperature prediction model of asphalt
pavement in cold regions based on an improved BP neural network
[J]. Applied Thermal Engineering, 2017, 120 568-580.

XIUBH, XN, JEF /N A 26 I 2% 119 30 T 338 A7 77 2038 BT
ML) REZRF22R AR, 2015, 35(S1): 41-
44 48.

Liu Yang, Zhao Hui. Interactive prediction for traffic model split
based on wavelet neural networks[ J]. Journal of Chang’an Univer-
sity ( Natural Science Edition) , 2015, 35(S1) . 4144, 48.
R, K, BKZDE, . BT BP M2 4% 1 IR AR
PRSP PEREBINAE AL [ T]. R SCHE KA ( H AR )
2018, 37(2) : 3540.

Xie Chunlei, Zhang Yong, Geng Hongbin, et al. Asphalt mixture
fatigue life prediction model based on neural network[ J]. Journal
of Chongqing Jiaotong University ( Natural Science ), 2018, 37
(2):3540.

XU, HWEREE, PLRE, %, LT sl A IS % 2] R PSO-
BP #2045 () Sl SR TN B AL AT SR [ J]. BEA R 5 TR,
2023, 23(24) : 10264-10272.

Liu Weiji, Feng Jiahao, Zhu Xiaohua, et al. Prediction model of
penetration rate based on PSO-BP neural network with momentum
adaptive learning rate[ J ]. Science Technology and Engineering,
2023, 23(24) : 10264-10272.

EEHE, ST, RN, AF. BT AL RIS e AR
RERH 9 57 P RE AL BB X [ T]. MHoRES 4R, 2019, 33
(16) ; 2704-2709.

ML . www. stae. com. cn



1224

7

oA F TR

Science Technology and Engineering

2025,25(3)

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

Lyu Zhenghua, Shen Aigin, Li Yue, et al. Study on fatigue per-
formance and mechanism of emulsified asphalt cold recycled mic-
ture based on genetic optimization[ J ]. Materials Reports, 2019,
33(16) : 2704-2709.

KT, KOFRGHATEIM]. 2 . R ErhRHE R
HipAt, 2005.

Deng Julong. The primary method of grey system theory[ M]. 2nd
ed. Wuhan; Huazhong University of Science and Technology
Press, 2005.

JEIREMR, XUTTRE, M RERT, S PR A RMATUR R X
TPUIEPERER R [ J]. 208 iy TR 24, 2017, 17(6) .
19.

Zhou Xinglin, Liu Wankang, Xiao Wangxin, et al. Influence of
asphalt mixture volume indexes on asphalt pavement skid resistance
performance[ J]. Journal of Traffic and Transportation Engineer-
ing, 2017, 17(6) : 19.

XsIngE, RE R, M1, 45 KECAE S mE SNBSS
HsniIEIRARER )], BHEOoR S TR, 2023, 23(5):
2147-2155.

Liu Zhaohui, Zhu Guohu, Liu Li, et al. Performance of asphalt
mixture reinforced by basalt fiber and high modulus admixture[ J].
Science Technology and Engineering, 2023, 23(5) . 2147-2155.
XEWE, B4 RN, B RO IR L HE R[]
RO TRMIE 5T, 2013, 33(8) : 2041-2046.

Liu Sifeng, Cai Hua, Yang Yingjie, et al. Advance in grey inci-
dence analysis modelling [ J ].
Practice, 2013, 33(8) : 2041-2046.

Azzeh M, Neagu D. Fuzzy grey relational analysis for software effort
estimation| M |. Netherlands: Kluwer Academic Publishers, 2010.
SR NI LN M]. 752 . 142 7R
Rz iEt, 2019.

Wen Changbao. Artificial neural network theory and its applica-
tions[ M]. Xi’an: Xidian University Press, 2019.

eI, SKOTIE, M. T A T-BP M2 R 4 Y XU
FAFHSRBUNLI]. BR2AER S TR, 2024, 24(1) ; 281-288.
Li Xiaojuan, Zhang Fangyuan, Yu Ling. Wind power spare parts

Systems Engineering-Theory &

demand forecasting based on PCA-BP neural networks[J]. Sci-
ence Technology and Engineering, 2024, 24(1) . 281-288.
SRV, A, WILE, 4. BT BP A Cu-Ce B¢
TiO, JeMEAL R MR B -ABRIBETE[T]. MRS, 2015,
29(14) . 148-151, 155.

Zhang Hao, Yuan Junzuo, Cao Xianlei, et al. Research on hybrid
prediction methods for Cu-Ce-doped TiO, photocatalytic perform-
ance based on BP network [ J ]. Materials Reports, 2015, 29
(14) . 148-151, 155.

R, FR, B3, % LT PSO-BP I GA-BP HHZ M4 FA:
il B pHRBE LR AR R R XS LU FE ()], AR, 2021, 35
(15) : 15026-15030.

Huang Wei, Zhou Lang, Ge Pei, et al. A comparative study on
compressive model of recycled Brick aggregate concrete based on
PSO-BP and neural networks[ J]. Materials Reports, 2021, 35
(15) : 15026-15030.

W, FARM, X4, S T A TZ M2 XU D 3R T

[34

[36

[38

[39

imM . www. stae

[

[

[

[

[

[l

[

[

WLyl PEEPLTEYHR, 2008, (34) : 118-123.

Fan Gaofeng, Wang Weisheng, Liu Chun, et al. Wind power pre-
diction based on artificial neural network [ J]. Proceedings of the
CSEE, 2008(34) : 118-123.

BOWLER, PHZE, SRIR, 45, LT BP fRA MK T A b
JEERE S S5 ()], BRI R, 2020, 53
(S1):75-80, 98.

Huang Liangyu, Yang Junsheng, Zhang Cong, et al. Prediction
and analysis of sheild tunneling parameters in underwater karst
stratum based on BP neural network[ J]. China Civil Engineering
Journal, 2020, 53(S1) . 75-80, 98.

EHH, MmNl @EEE. 5T GA B BP M4 i dik T
REEARRMATALT]. £ARTRZER, 2007(7) : 93-98.

Wang Xueqing, Yu Gang, Meng Haitao. Study of construction
project bidding based on neural network improved by GA[J]. Chi-
na Civil Engineering Journal, 2007 (7) : 93-98.

FBEAR, FAAZ, XNBH, & ST RAEAE R A X 2
FEMLY]. KIHAEYHR, 2023, 44(2) : 52-58.

Wang Xiaodong, Li Shanshan, Liu yingming, et al. Ultra-short-
term wind power prediction based on variable feature weight[ J].
Acta Energiae Solaris Sinica, 2023, 44(2) . 52 -58.

HESEAR, B, RMGH. BB Y B0 SO A HE AR
FURMERE AL AR B[ T]. TR JI%, 2023, 40(7) -
185-195.

Zhuang Liangdong, Yang Yue, Wu Zhenhao. The application of
genetic algorithm in seismic performance optimization of Y-shape
eccentrically braced composite frame[ J ]. Engineering Mechanics,
2023, 40(7): 185-195.

XUHLAC, P23, XM, 4. JET GA-BP 4 [ 25 () 42
JRARZEK 1 A7 AN [ 3], rF B BESe H BiE, 2023, 35 (8) -
32-37.

Liu Yandong, Lu Lanping, Liu Linlin, et al. Prediction of water
inrush grade of coal seam floor based on GA-BP neural network
[J]. Coal Geology of China, 2023, 35(8) . 32-37.

BT, KO, X, & AT TR AR R
SEENTTRMALY]. B RS T8, 2024, 24 (11) .
4472-4478.

Lu Yutao, Zhang Yindi, Xu Liuwei, et al. Optimization of gas in-
jection capacity strategy for salt cavern gas storage based on genetic
algorithm|[ J ].
(11) ; 44724478.

RETp, HIEL, XRK. BT e A S B SR )
VR B 7 8 [T]. PR A (A AR
2009, 40(1): 180-184.

Wu Jinglong, Yang Shuxia, Liu Chengshui. Parameter selection

Science Technology and Engineering, 2024, 24

for support vector machines based on genetic algorithms to short-
term power load forecasting[ J]. Journal of Central South Universi-
ty( Science and Technology) , 2009, 40(1) : 180-184.

XER, bE, IER, % REELE N2 H brsh 506
(1], HEHLEMRIE RS, 2011, 17(12) : 2629-2637.

Liu Aijun, Yang Yu, Xing Qingsong, et al. Dynamic scheduling
on multi-objective flexible job shop[ J]. Computer Integrated Man-
ufacturing Systems, 2011, 17(12) : 2629-2637.

. com. cn



