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Machine Learning Methods to Predict Vehicle Fuel Consumption
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[Abstract]

It’s proposed and analyzed ML(Machine Leaming) models to predict vehicle FC(Fuel Consumption)
in real-time. The test driving was done for a car to measure vehicle speed, acceleration, road gradient
and FC for training dataset. The various ML models were trained with feature data of speed,
acceleration and road-gradient for target FC. There are two kind of ML models and one is regression
type of linear regression and k-nearest neighbors regression and the other is classification type of
k-nearest neighbors classifier, logistic regression, decision tree, random forest and gradient boosting in
the study. The prediction accuracy is low in range of 0.5 ~ 0.6 for real-time FC and the classification
type is more accurate than the regression ones. The prediction error for total FC has very low value of
about 0.2 ~ 2.0% and regression models are more accurate than classification ones. It’s for the
coefficient of determination (R2) of accuracy score distributing predicted values along mean of targets as
the coefficient decreases. Therefore regression models are good for total FC and classification ones are

proper for real-time FC prediction.
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II. Related Works
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III. Result and Analysis

1. Vehicle Test Results
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Table 1. Test Vehicle Specification
Property Spec.
Vehicle Type Mid Size Sedan
Total Weight 1875kg
Certified Fuel Economy 11.0km/liter

Model Year 2010

Engine Volume 2656cc

Fuel Gasoline

Table 2. Test Equipment Specification (VBOX)

Property Accuracy Resolution
Heading 0.1deg 0.01deg
Position 3.0m 0.Tm
Distance 0.05% 1.0cm
Speed 0.17km/h 0.01km/h
Acceleration 1.0% 0.01G

oF 8lkm AE0] Alr2 XS E4f oF 79t 2kelo] cfo]
B2 Susieitd], BF 53 4E 40km/h, AR
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Fuel
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GPS
: ppeed, acc,
'gradient-

Fig. 1. Test Vehicle & Equipment
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Table 3. Test Driving Data Measured

Property Measured Data
Data Number 72,119
Driven Distance 81.34km
Total Fuel Consumption 6.493liter

12.528km/liter
124.3 / 40.6 km/h

Average Fuel Economy
Speed (Max. / Avg.)

2, Prediction Method
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Table 4. Labelling Scheme

Label FC Data Data Load
(mcc) Number Percent Domain
0 0.0~0.1 5723 7.9% Fuel-cut
1 ~ 8.04 34218 47 4% Low
2 ~ 15.98 18848 26.1% Mid-Low
3 ~ 23.92 9528 13.2% Mid-High
4 ~ Max. 3802 5.3% High
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3. Machine Learning Result

S K-22401% /27 7IHe sl 71889
% 452 Bl By AR dolEo] 20%S A4
[o]El2 2419 475 o]-%2] 7i4(n_neighbors)E
AZ|HA o5 BEeS vlusEgith 2 AFoM=
Ato]Zl2(Scikit-Learn) 2to]¥2{2]9] ML A& AL
st o5 4 &(Score)= dHY B¢ ﬁ’“ﬁlf
(R?, Coefficient of Determination)o] 1, ¥20] 7<. o}
A 53 B Jho vge mEwct

jgg_m
> oo rF & oo 2

A

E (Target — Predict)?
E (Target — Mean of Target)?

—_
—_
~—

R*=1-

A AR Artel=d, 04]"7*(Pred1ct)4 &
7} B}7l(Target)?] H{Mean)} 747 2245 1
OIL 6}@1 g2 & A& s AAsts Ao

IHESE A5 A 22 A
7F EB19] ®igt ¥ E FE0] £F
LEo] o 5R]7F BHle] Wst ¥9S
AE I ZARAO o] 1o 7P A]

=
2 9% o3 B} B Aokt

O

}i

A

1]
Al

gmr
B



Machine Learning Methods to Predict Vehicle Fuel Consumption 17
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Fig. 2. Prediction Score by Number of Neighbors
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Fig. 3. Prediction Characteristics by
Regression/Classification

Table 5. Prediction Results by KNN - Reg / Class

Score
Model -

Train Test

In 0.531 0.489

KNN SS 0.560 0.520
- Reg

FE 0.558 0.521

In 0.643 0619

KNN ss 0.647 0.613
- Class

FE 0.646 0.616
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Table 6. Characteristics of ML

Model Characteristics
Lin Reg Bias = False
Log Reg Bias = False
DT Max Depth = 7
RF Ma>.< Depth =7
Estimators = 100
GB Estimators = 500
Learning Rate = 0.1

Table 7. Prediction Results by Machine Learning

Model Score TFC | FE | Error
Train Test | (Liter) | (km/L) (%)

| In | 0415 | 0419 | 6482 | 1255 | -0.17
F';"a’; SS | 0415 | 0419 | 6482 | 1255 | -0.17
FE | 0499 | 0503 | 6.481 | 1255 | -0.18

In | 0586 | 0584 | 6001 | 1356 | -7.58
'F;‘;z SS | 0586 | 0584 | 6002 | 1255 | -7.56
FE | 0.604 | 0605 | 6471 | 1257 | -0.34

In | 0612 | 0617 | 6447 | 1262 | -0.71

DT | SS | 0612 | 0617 | 6447 | 1262 | -0.71
FE | 0614 | 0621 | 6395 | 1272 | -153

In | 0623 | 0621 | 6418 | 1267 | -1.16

RF | SS | 0623 | 0621 | 6417 | 1268 | -1.17
FE | 0629 | 0623 | 6478 | 1256 | -0.23

In | 0714 | 0636 | 6615 | 1230 | 188

GB | SS | 0713 | 0637 | 6609 | 1231 | 1.79
FE | 0740 | 0632 | 6.609 | 1231 | 1.79

202 M3AIY(Lin-Reg), 2X]AE3Z]H(Log-Reg),
AR ER|(DT, F|TjEr]a WL LI AE
RF, 2tj&7]4 7, 71K J2jt]
AEBAH(GB, 7FXA]4 10007, learning rate)
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fct. 3 o3 & R B A7) A8d 9B
255 HA] glojEjol] g5t o5 FHrA L (Total
FC @ TFC [liter]), 0% B Av|(FE [km/liter]) ¥ A&
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o 2A2887] 49 B3t L SYFA Mg 2y
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4. Analysis of Result
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Fig. 4. Prediction Characteristics by
Regression/Classification

IV. Conclusions
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