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A Method for Constructing Multi-parameter Regression Model of Vehicle Fuel
Consumption Based on Python
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Abstract: According to the vehicle operating state parameters obtained by OBD detector and the real-time test
data of fuel consumption, and using the related algorithm in Python machine learning library, the method for
constructing the multi-parameter regression model of vehicle fuel consumption is studied. Taking the
parameters such as idle time, acceleration, load rate, coolant temperature, vehicle speed, engine speed,
throttle relative position and absolute pressure of intake pipe as the independent variables and the average fuel
consumption as the dependent variable, the operating state parameters affecting fuel consumption is sorted out
by Python’s feature selection library. The sorting result is; (1) coolant temperature, (2) vehicle speed, (3)
throttle position, (4) engine speed, (5) idle time, (6) load rate, (7) acceleration, and (8) absolute
pressure of inlet pipe. Based on the extracted characteristic parameter data and the machine learning library
in Python, the average absolute error of the established multiple linear regression model is 3. 01, and the rms
error is 4. 80; the average absolute error of the multilayered perceptron ( MLP) neural network regression

model is 0. 30, and the rms error is 0. 48, the average absolute error of the integrated regression model is
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0.23, and the rms error is 0.48. The result of a ten-fold cross-verification of each model shows that the

average scores of the multiple linear regression model, the MLP neural network regression model, and the

integrated regression model are 0. 68, 0.84 and 0. 86 respectively. Thus, it can be seen that the linear

characteristics between vehicle fuel consumption and operating state parameters are not obvious, it is more

suitable for establishing nonlinear regression models, which could provide a theoretical basis for clarifying the

relationship between vehicle fuel consumption and operating state parameters further.

Key words ; automobile engineering; regression model; Python; vehicle energy saving; fuel consumption

0 3l

R RS A WS, DL T LRe IR
THAB I R A 3, RIS Bk RN R B8 75 e 55—
FHN BB 2 o {3 AR )R 21 2
SR, E AN A A A W s BT TSR T A
B, Sk [1 -2 ] (0 3B 70 M 05 6 X M
TR FER A R AT 4, AL T BP MR MY
THFEZH A B . SRR [3 ] DASE IR JH FE AA 2 3% A1
SCIFFPETT T, A R AL A R et i T
BP s W25 e . SCik (4] R GPS £
HEE, SR, R T — M T BP fli
Z5FEA AR RE T HLIU At A= i W dh FE . SCHR [5 ]
SR FH B3 28 M 5% 00 A 75 3 X6k 5 e Tl RR AH DG 9 25
BRAT IR EATUE I, R R G A 25 B AT D
AT 12 AL B RARER . SCER (6] Az Tk
TIIE 00 T 14 - Ve S0 0 oy e S il RS 2L . A [
TE R 2 TR 1) A AR Y LA A ) S BE . AN (] o
FET BRI AR SRR [ 7] o Jo o R [N
FOPIMAE R I M SR Tk, AL TR AT
FERR TR SCRR (8] FERRAS I AR BY ) S A
EOIABESBIER B, #5217 — BB B9 BE S il
FE 5 B BIT-TFCM. SCHR (9] f A= 403 B2 -5 i
FEFEGEMR fre/ N AR T — T A IR T FEAR Y
SCik [10] SRASZRpmEYL (SVM) | AT R %
N2 ICLAE I 3 Fof ¢ 3468 2 Sk 3000 Ak 70k 46 0 B P
FE. SCER [11 ] I o SR Rl 42 4 D7 i s 1
PAMTHFERE R . SCRk [12] FURIPREEBE . 3.
YT R S 3% T 9 A S0 14 B dhe A ST 1 AR

il

STPEVPM AL, SCER [13] AR MAERY 2
SN R RS TR AE R B B AL, SCmk [14] A
SE T VR AR T A A HE TR I P 3 R AN AT gk Ty A
RYBCARERL, SCIR [1S ] FEAS R B2 T SR AR AH
TMFEREE , BB EENIhA  HARAL, fE
TMFEI R ARG, STk [16] T 32 0 o0 H A e
L EEARLE G W7 0T R TAT S TR IE 241, A
AT BRI R TS A

Python 15 5815 &) i HH b & A F 5 MU 6e
SRARMIZEE, JEH I8 T WA P b 3 FHL A% 2= >
LEAN, . AWFEis ] Python 1B, LIRERIN 7 J7
RO AT RS 2 I Bl it 42 OSHITAE A
S ) E BT RS RE S5, 3 TRAES 500
AL Z e IHE R ZRIRA S (MLP) pis
P 285 [l AR 0 R B ol [l ARS8 5 el o 3 e ] ) A
RUSEAT 47 28 IR, % be A3 B A5 76 g 13 2 -3
13515, NP EINREBITMAE S EWisTIRE
SR A G R AR HEERIR AR Y o

1 BREFRER ST E

1.1 ZREITRESHERE

BT T AR FE AR il 1 OBD A6 I ASCAR By
2 s T R g, HIimHE sk S ilisty
PRSI KSR R IT, IEE o, i 5
L. WHIRGRIE CT, LEhHUEHE n, Bl o, T51]
(i TP, LIS R T1 P 5P IAE FC 55, 4%
SRR CISCHR [17 ] REFIEERE Y 11 s,
Beyaks Xk 1 pos.

F1 REHFEHIER
Tab.1 Format of collected data

KA S IT/s a/(m-s2) L/ % CT/C n/(r+min~") v/ (km-h") TP/ % P/kPa FC/(L - 100 km~")
1 0. 00 0. 00 0. 00 14. 00 0. 00 0. 00 7.06 99. 00 50. 00
2 0. 00 0. 00 0. 00 14. 00 227.00 0. 00 7.06 99. 00 50. 00
70 162 103 -3.02 26. 67 83 1792 23 4.31 63 9.08
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Tab.2 Basic statistics of collected data

i IT/s  a/(m-s™2)  L/'% CT/C  n/(r-min~') o/(km-h!) TP/ % P/kPa FC/(L-100 km™!)
Q 70 162 70 162 70 162 70 162 70 162 70 162 70 162 70 162 70 162
M 322. 00 0.00 38.51 77.40 1 373. 00 34. 40 4.30 46.05 12. 50
Std 357.50 0. 49 18.09 16. 30 563. 52 28.70 4.90 17.83 8.70
Min 0. 00 -4.00 0. 00 -17.00 0.00 0.00 0.00 14. 00 3.80
Uq 65. 00 -0.22 24. 31 81.00 751. 00 3.00 0. 00 32.00 8.20
Median 212. 00 0.00 32.16 83.00 1 408. 00 34.00 2.00 41. 00 9.30
Lg 413. 00 0.26 50. 20 84. 00 1 762. 00 56. 00 8.20 59. 00 13. 10
Max 1733. 00 2.22 100. 00 97.00 3 178. 00 118. 00 27.00 101. 00 50. 00
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Tab.3 Model verification result

24 1 2 3 4 5 [§ 7 8 9 10 Mean RMSE MAE
24k 0. 68 0. 66 0.70 0. 68 0.67 0. 68 0. 68 0. 66 0.67 0.67 0. 68 4.80 3.01
MLP 0.82 0. 84 0. 84 0. 84 0. 84 0. 84 0. 85 0. 84 0.85 0.83 0. 84 0.48 0.30
E 0.85 0. 85 0. 85 0.87 0.87 0.85 0. 87 0. 86 0.87 0.85 0. 86 0.38 0.23
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