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Abstract : This paper presents an anomaly detection algorithm for an engine clutch engagement/disengagement process of
P2 type hybrid electric vehicles that use long short-term memory(LSTM). We proposed a structure of an LSTM-based model
that can predict data at present, and trained the model with normal data. When the difference between the predicted values of
the model and the measured values exceeds a certain threshold, the algorithm determines the data as anomalies. We used
simulation data in the model training, and developed a threshold that considers the data prediction characteristics of the
LSTM-based model. The developed anomaly detection algorithm predicted normal data well, and showed the results of
anomaly detection with high accuracy. Since other vehicle data have similar characteristics to the target data of this paper,
this algorithm is expected to be applied successfully to other vehicle data.
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Nomenclature Subscripts

w  :rotational speed, RPM clt :clutch

AT : step time, sec e :engine

V' :longitudinal speed, km/h m  :motor
P :pressure, bar cmd : command

T :torque, Nm ) ¢t :time index
Ji : LSTM network input vector (raw data) /- element index of vector

y  : LSTM network output vector (raw data) I lower
r  :residual (difference between predicted value and '

u  :upper
measured value)

u  :mean of training data

o :standard deviation of training data 1. A-| =
C : output matrix

. slolBgl= A7]A52} (HEV)+= WA 738 A5x
7  :threshold for anomaly detection rele] - s ; (L V)= ]jjo ] e . sl
. . X = o] o

XY : training data sample (input, output data) e ] A7) AR AR RO A E Al 7HA AL glo.m
L :sequence input length for training data sample o]z Qlalf F3tgk Alo] 7]'5-& L e ek Alof7] A 3}
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1) Univariate time-series techniqueS 2] &

2) Model-based technique

3) Dissimilarity-based technique

4) Histogramming

5) Ensemble-based technique

6) Domain-based technique

7) Temporal logic-based technique
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Table 1 Specification of target vehicle

Engine Type 1,500 cc gasoline
Max power [kW] 30
Motor
Max torque [Nm] 200
Type Li-Ion
Battery Voltage [V] 270
Capacity [Ah] 5.3
Type Dry clutch

Clutch force equivalent 0.1
net radius [m] ’

Clutch Effective applied

0.03
pressure area [m?]
Static, kinetic friction
coefficient [-] 045,04
Transmission Type 6 speed AT
Vehicle Mass [kg] 1623
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M

where g() :engine load torque function

AT :step time

Table 2 Target signals

Target signals Meaning Unit
14 Vehicle longitudinal speed km/h

Py oma Engine clutch pressure command bar

P, Engine clutch pressure bar
w, Engine speed RPM
w,, Traction motor speed RPM
i Engine torque command Nm

T, oma Traction motor torque command Nm

32 LSTM 7|4t OJAF3| Efz| 2|
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Table 3 Hyperparameter setting for training

Case The number of | Sequence | The number of hidden

LSTM layers length (L) | units per LSTM layers
1 100
2 100 200
3 300
4 100
5 1 200 200
6 300
7 100
8 300 200
9 300
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Table 4 Prediction accuracy of case 1~9 (engine clutch pressure)

Relative mean square | The number of hidden units per layers

error for training set [%o] 100 200 300
100 100.0 39.0 20.0
S
equence 200 124.0 45.1 14.5
length
300 119.7 52.5 20.4
Relative mean square The number of hidden units per layers
error for test set [%0] 100 200 300
100 100.0 40.9 10.0
Sequence 200 105.0 39.4 115
length
300 106.8 43.8 20.2

Table 5 Prediction accuracy of case 1~9 (engine speed)

Relative mean square | The number of hidden units per layers

error for training set [%o] 100 200 300

100 100.0 40.1 37.4

Sequence 200 712 1442 345
length

300 181.7 95.4 34.1

Relative mean square | The number of hidden units per layers

error for test set [%o] 100 200 300

100 100.0 33.5 59.2

Sequence 200 612 173.6 32.0
length

300 117.6 67.8 39.0

Table 6 Prediction accuracy of case 1~9 (motor speed)

Relative mean square | The number of hidden units per layers

error for training set [%o] 100 200 300

100 100.0 27.0 274

Sequence 200 60.8 37.3 19.6
length

300 91.5 44.0 222

Relative mean square | The number of hidden units per layers

error for test set [%0] 100 200 300

100 100.0 21.6 13.5

Sequence 200 253 23 11.2
length

300 88.9 252 14.4
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Table 7 Simulation model parameter setting for anomalous data

Case Engine clutch Engi.ne clutch actuation
pressure [bar] time constant [s]

Normal 3 0.25
Abnormal case 1 0 0.25
Abnormal case 2 0.07 0.25
Abnormal case 3 0.1 0.25
Abnormal case 4 2.5 0.25
Abnormal case 5 3 1
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Fig. 21 Anomaly detection result for abnormal test data
(abnormal case 2, clutch pressure)
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Fig. 22 Anomaly detection result for abnormal test data
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Fig. 29 Anomaly detection result for abnormal test data
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