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Abstract: In recent years, machine learning methods
have been widely adopted for real-time vehicle energy
consumption predictions. However, the accuracy and
generalizability of these predictions are often hindered by
challenges such as data imprecision, missing fields,
multicollinearity, and substantial difference in driving
conditions and driver behaviors among identical vehicle

models. To address these issues, this study systematically
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data

balance, freight trip frequency, transport capacity, traffic

considers factors such as feature redundancy,

congestion and driving duration. Subsequently, an energy
consumption prediction model with high precision is
developed using a combination of machine learning
methods such as XGBoost, Random Forest (RF) , and
Multilayer Perceptron (MLP). The model utilizes key
features selected through the Mutual Information (MI)
method, along with a constructed driver profile that
captures characteristic behaviors as an independent
feature. The proposed method is validated using T-BOX
data collected from 120 light trucks. Experimental results
indicate that the prediction method significantly enhances
the prediction accuracy of energy consumption under
various driving behaviors and conditions. This research
contributes to the development of models with high
precision in estimating the fuel consumption of light

trucks.

Keywords: vehicle energy consumption prediction;
light trucks; mutual information method; driver profile;

machine learning
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Tab.1 Data format of TBOX

SRR SRR s ik gegE sy B e e 2SI
S AR BHAR
LETXXX50 1/12/2022 00:04:04 121.1392° 31.28805° 66. 648 km/h 103 kPa 55 % 6 % 1638.51r/min 10.551./h
103 kPa

LETXXX50 1/12/2022 00:04:14 121.1390° 31.28956° 68.578 km/h

48 % 6% 1691.0r/min 9.30L/h

L LU SN i

PAE SCRAH SCRITHRE &RHWLAENGIER FIHER KPRk Sl FaxhE

LETXXX50 41.6 % 184. 3 kg/h 296.219 °C  286.3125°C 77°C 26 463 km  JFJH 436 km 65.2 %

LETXXX50 41.6 %

174.7kg/h 292.125°C  288.8125°C

79°C 26464 km IS 435 km 65.2 %
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Tab.2 MI Scores and ranking of fuel consumption

prediction input features
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THFE TS ARRAE MI 53 Hey #x3 ANEBWITAHBIETE
Yo IRS SRR AL 1. 602 504 1 Tab.3 Driver transportation behavior feature
PP EIE 1.557 927 2 . .
variables and abbreviations
LS E 1.486 842 3
R AR AR 1. 463 839 4 FRIEAS iy R FRIEAR & CER ISR
KW AR 1.425313 5 BHRA — D ST I AR km M,
R BHURBHR EhR i 2 1.418 684 6 Bz ERHE h T, H 4470 B km My,
R EWLE T 1.413 199 7 H¥psEmk b T, | ®ESHEANK h Ny
HERbRIEZE 1.402 512 8 ISRERHLNRS h Ts | WEZBHEHILE  — Ny
ZEUR IME 1.378 864 9 H¥fs/RER  h Ty TR )25 B Ao - Npp
RENMLER L AR 22 1.372777 10 RIBERE  — E, 9% 552 TR —  Fpp
Fx4 AWNEWITAFLEZE
Tab.4 Driver transportation behavior feature variables
i%i/u\ﬁuﬁ% D T(} T()I) TS‘ TS‘I} E() M\/m'/ Meml MT MTI) NTI) ‘MI'R ‘NIJF FI)F
LETXXX43 31  100.275 3.234677 38.19167 1.231989 0.724182 55124 57975 2851 91.967 74 0 0 0 0
LETXXX12 30 394.019 13.13398 19.99444 0.666481 0.951706 17933 21723 3790 126.3333 118.8444 0.301621 0.966667 1
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Fig.1 K-SSE curve
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Tab.5 Driver transportation behavior feature clustering results

Cluster T, Top Ts Ty E, M

]\/[md M, T M ™D ‘NTI) *NTlf “‘\/I F F DF

0 57.922531 3.041376 18.541667 31.893519 1.813962 2265. 666667 125. 676371 2.135455 0.047717 0.154631 0.011219 2265. 666667 125. 676371
1 146.297126 4.966305 29.620690 56. 742912 1.898400 6682. 068966 225. 658111 22. 773180 0. 194183 0. 743399 0. 038488 6682. 068966 225. 658111
2 376.262500 12. 542083 30. 000000 24. 855556 0. 828519 2793. 000000 93. 100000 98. 034722 0.258514 0. 833333 1. 000000 2793. 000000 93. 100000
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Tab.6 Division of road-level congestion index
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Fig.2 Model training workflow diagram
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Fig.3 Partial prediction performance of the model
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