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Detection Method of Vehicle Fuel—cut Driving
with Deep—learning Technique
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Abstract The Fuel—cut driving is started when the acceleration pedal released with transmission gear
engaged. Fuel economy of the vehicle improves by active fuel—cut driving. A deep—learning technique
is proposed to predict fuel—cut driving with vehicle speed, acceleration and road gradient data in the
study. It’s 3~10 of hidden layers and 10~20 of variables and is applied to the 9600 data obtained in
the test driving of a vehicle in the road of 12km. Its accuracy is about 84.5% with 10 variables, 7 hidden
layers and Relu as activation function. Its error is regarded from the fact that the change rate of input
data is higher than the rate of fuel consumption data. Therefore the accuracy can be better by the
normalizing process of input data. It’s unnecessary to get the signal of vehicle injector or OBD, and
a deep—learning technique applied to the data to be got easily, like GPS. It can contribute to eco—drive

for the computing time small.
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Table 1. Test vehicle specification

Spec. Data
Vehicle type RV
Model year 2013MY
Total weight 2245kg
Height 1680mm
Width 1880mm
Engine volume 1995¢c
Certified fuel economy 14.4km/L
Fuel type Diesel
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Table 2. Test driving data

Data Result

Driving Distance 12.76km

Driving fuel economy 12.85km/L

Speed (average/max.) 48.1 / 97.4 knv/h
Road gradient (average/max.) 0.75 / 8.6 deg
Acceleration (min./max.) —4.89 / 6.85 m/s”
Fuel consumption (min./max.) 0.0 / 80.6 mcc/s

Vehicle
OBD Port

Fig. 1. Data logger(VBOX)

Table 3. Specification of data logger(VBOX)

Spec. Accuracy Resolution Unit
Heading 01° 0.01 ° degree
Position 3m(X, Y), 10m(Z) meter
Distance 0.05% lem cm
Velocity 0.1km/h 0.01km/h km/h

Acceleration 1% 0.01G G
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Fig. 2. Measured sample data from road driving
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Table 4. Number of variables for each layer

Layer No. of variables Data
Output 1 Fuel consumption
Softmax+CEE" 10x2”
Layer5 10x10
Activation function Relu / Sigmoid
Layer4 10x10
Activation function Relu / Sigmoid Matrix of
Layer3 10x10 Weights & Bias
Activation function Relu / Sigmoid
Layer2 10x10
Activation function Relu / Sigmoid
Layer1 3x10
Input 3 v, a, sinf

U CEE : Cross Entropy Error
? Label number = 2 (One—hot encoding)
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H, Result of i—th hidden layer
AF  Activation Function(Relu or Sigmoid)
W, Weight coefficient

Bias Coefficient

=

L Loss or error from output and label
Learning rate
Gy Gradient of loss for weight coefficient

Gy Gradient of loss for bias coefficient
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Table 5. Fuel—cut detection result with deep—learning

No. of Activation No. of Accuracy of
variables function hidden layers| Fuel—cut detection
80.1%
82.3%
83.9%
72.4%
72.7%
72.7%
75.2%
79.2%
80.0%
78.4%
83.4%
78.6%

Relu

10

Sigmoid

Relu

20

Sigmoid
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Table 6. Fuel—cut detection result with deep—learning
(for the number of hidden layers more than 5)

No. of
variables

Activation
function

No. of Accuracy of
hidden layers| Fuel—cut detection
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Fig. 3. Deep—learning prediction result sample
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