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Figure 2 Autocorrelation analysis of monthly runoff

series measured at Heishiguan station
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Table 1 Comparison of prediction accuracy between two decomposition modes of STL
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Table 5 Prediction and evaluation indicators of three combination models

— e B 3iE 1
R RMSE MAPE % NSE R RMSE MAPE% NSE
STL-VMD-BP 0.985 0.45 21.213 0. 969 0.986 0.416 21. 649 0.970
STL-VMD-LSTM 0.988 0.401 18.315 0.974 0.991 0.388 18. 185 0.973
STL-VMD-SVM 0.992 0. 361 15. 857 0. 983 0.991 0. 327 13.705 0.977
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Table 6 Prediction and evaluation results of runoff

sequence at Gaocun station
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Monthly Runoff Prediction Method Based on Secondary Decomposition and Support

Vector Machine

GAN Rong'*, MA Chaoxin"?, GAO Yong’, GUO Lin’, HOU Xiaoli*, LU Xueyong’

(1. School of Water Resources and Transportation, Zhengzhou University, Zhengzhou 450001, China; 2. Henan Key Laboratory of

Groundwater Pollution Prevention and Rehabilitation, Zhengzhou 450001, China; 3. Henan Provincial Geological Research Institute,

Zhengzhou 450001, China; 4. Henan Province Yudong Water Resources Guarantee Center, Kaifeng 475000, China;5. Canal Head

Branch Company of China South-to-North Water Diversion Middle Route Corporation Limited, Nanyang 473000, China)

Abstract: A monthly runoff prediction model ( STL-VMD-SVM ) based on a secondary decomposition using loess

(STL) and variational mode decomposition ( VMD) combined with a support vector machine ( SVM ) was proposed
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to address the nonlinear and non-stationary characteristics of runoff sequences. This model utilized STL to decom-
pose the original runoff sequence into seasonal, trend, and residual terms of different frequencies and decomposed
the residual term into IMFs through VMD. An SVM model was established to predict seasonal, trend, and IMFs.
The sum of the predicted values of all IMFs was the predicted value of the residual term, and the product of season-
al, trend, and residual terms was the final predicted value of the original runoff series. Based on the monthly runoff
time series of Heishiguan Station and Gaocun Station on the mainstream of the Yellow River in the Yiluo River Ba-
sin, an example application and universality evaluation were conducted, and compared with the BP neural network
model and the long shortterm memory neural network model (LSTM ). The results showed that for the runoff predic-
tion of Heishiguan Station in the Yiluo River Basin, the NSE, MAPE, RMSE, and R in the validation period of the
proposed model were 0. 977, 13.705%, 0.327 and 0. 991, respectively, and their prediction accuracy was better
than that of the single model and the primary decomposition model. The secondary decomposition of STL-VMD
could effectively improve the prediction accuracy of the model. The NSE, MAPE, RMSE, and R during the valida-
tion period in the runoff prediction at Gaocun Station on the mainstream of the Yellow River were 0. 979, 8. 509% ,
3.263, and 0. 989, respectively, which also achieved good prediction results.

Keywords: monthly runoff prediction; secondary decomposition; STL; VMD; SVM; neural network
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Preparation and Performance Analysis of Bio-asphalt from Liquefaction and

Resinification of Straw

DING Zhan'?, AN Linyu"?, LI Huifeng’, TIAN Chenxi">, ZHOU Chunyu'’, LIU Fengkai'’

(1. College of Water Conservancy and Environment, Chang’an University, Xi’an 710054, China; 2. Key Laboratory of Groundwater
Hydrology and Ecological Effects in Arid Areas, Ministry of Education, Chang’ an University, Xi’ an 710054, China; 3. College of
Highway, Chang’an University, Xi’ an 710064, China)

Abstract; Waste wood, crop residues, livestock manure and waste oil, were widely used to produce bio-oil. And
then partially or completely replace the petroleum-based asphalt. But the road performance of this asphalt was insuf-
ficient. In this study, the development of green and sustainable bio-asphalt to partially replace petroleum-based as-
phalt with wood-based phenolic resin made by straw liquefaction products was proposed. Firstly, the separation of
straw components was carried out to extract cellulose and lignin. Straw and its primary components were liquefied to
explore the main factors influencing the liquefaction of straw. Then the liquefied products were combined with form-
aldehyde to synthesize lignin-based phenolic resin WPR. And the phenolic resin PR, which was obtained from the
reaction with phenol, was compared and analyzed. Finally, the resin was put into matrix asphalt with different rati-
os to prepare bio-asphalt, and the performance of the bio-asphalt was analyzed by the three major indexes of each
bio-asphalt and viscosity. The results showed that the liquefaction rate of straw mainly depended on the liquefaction
rate of cellulose, and its liquefaction reaction was complex, with a reaction kinetic level of 1. 71. From the resin
yield and liquefaction products, WPR, PR FT-IR spectral analysis showed that the WPR resin synthesis rate was
higher and had a better reactivity than the PR. Only when mixed with the liquefaction products, the performance of
the bio-asphalt prepared was poorer. However, when mixed with WPR resin, the bio-asphalt’s high temperature
stability, low-temperature cracking resistance, deformation resistance, and temperature stability were better than
matrix asphalt.

Keywords: liquefied resinate; wood-based resins; bio-asphalt; viscosity





