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Construction of vehicle fuel consumption forecast model based on Python

Ai Xileng Li Hong
(School of Trallic and Transportation, Northeast Forestry University, Harbin 150040, China)

Huang He Chu Jiangwei

Abstract: Using Python language, the fuel consumption prediction model is built based on the vehicle operation data
collected by OBD. Taking vehicle running state parameters such as vehicle speed v, engine speed n, intake pipe
absolute pressure PP, throttle position TP, coolant temperature CT, load rate L, idle time IT, acceleration a as
independent variables and 100 km fuel consumption as dependent variables, the correlation intensity between
parameters and dependent variables is sorted by SelectKbest function and briefly analyzed. The (MLP) neural network
model of multilayer perceptron based on Tensorflow and the multiple linear regression model of support vector machine
(SVM) are used to predict the fuel consumption at the same time. Support vector machine model RMSE is 0. 088,
MAE is 0. 56, Tensorflow neural network model RMSE is 0. 132, MAE is 0. 70. The results show that the two models

are accuratle in the prediction of fuel consumption, which can provide a theoretical basis for further elucidating the
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relationship between vehicle fuel consumption and vehicle running state parameters.
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#F1 H OBD REHIERM
F5 IT/s a/(mes ") L/% CT/C n/(rsmin"") v/(kmeh™") TP/% P/kPa FC/(L/100 km)
1 0 0 0 12.00 0 0 7.01 98. 00 0
2 0 0 0 12.00 0 0 7.04 98. 00 0
17 020 102.00 —3.45 27.63 85. 00 1 798.00 29.00 5.32 66. 00 8. 88
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Q 17 020 17 020 17 020 17 020 17 020 17 020 17 020 17 020 17 020
M 165.0 —0.01 71. 23 48. 85 1 202. 27 27.40 35.61 4.74 16. 82
Std 112.0 0.53 19.76 25.70 391. 33 24.05 23.31 2. 80 9.82
Min 0 —2.78 —17.0 20 0 0 0 8. 72
Uy 76 —0.27 64.0 27 887 5. 00 17. 65 2.75 11.7
Median 151.0 0 77.0 38 1227 22 27. 84 3.53 13.59
Dq 263.0 0. 28 86.0 65 1 460 47 46. 67 6. 67 17. 22
Max 511 2.22 94.0 100. 00 3378 94 100. 00 17. 65 50
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0.05 0.62 0.21 0.23 0.43 0.12 0. 33 0. 31 0.70
0.05 0.62 0.21 0.23 0.43 0.12 0. 33 0. 31 0.70
0. 05 0.62 0. 24 0. 24 0. 34 0.13 0. 33 0. 31 0.70
0.05 0.19 0.21 0. 26 0. 36 0.13 0.33 0. 31 0.68
0.05 0.19 0.21 0.27 0. 39 0.13 0.31 0. 31 0.68
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