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Abstract : In this study, machine leaming and deep leaming techniques are employed to identify anomalous time points in
Anti-lock Braking System (ABS) sensor data. Conventional braking performance evaluation is based on manual inspection
by experts, a method that is time-consuming and susceptible to subjective bias. These limitations were addressed by applying
several models, including One-Class Support Vector Machine (OCSVM), DBSCAN, and Convolutional Bi-directional Long
Short-Term Memory (CB-LSTM), and performing a systematic comparison of their performance. ABS sensor data originated
from real-world braking experiments and were annotated by domain experts to ensure label reliability. The experimental
results indicate that the supervised CB-LSTM model achieved the most stable and accurate anomaly detection performance,
reaching a maximum F1-score of 0.8 and reliably identifying abnormal intervals in both braking and non-braking phases.
The findings of this study confirm the feasibility of automating ABS anomaly detection and lay a foundation for developing
automated fault diagnosis systems for ABS braking mechanisms. Future work will extend this approach to unsupervised deep
learning models, aiming to identify previously unseen anomaly pattems and to conduct channel-wise anomaly reasoning for
intelligent ABS fault diagnosis and predictive maintenance systems.

Key words : Anti-lock Braking System(ABS, #}7] 2] A5 X)), Temporal anomaly detection(©]/d A1 & ¥ 4]), Deep
learning(%] 3-8} <), Time-series data(*] | € ©| ©] €]), Machine learning(”] A &} 7), Recurrent Neural Network (RNN (5
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Nomenclature Subscripts
P : precision i : index of data sample
R :recall
FC : fully connected layer LAME
Eps  :radius parameter defining the neighborhood in 23 WA AlE A 2~§)(Anti-lock Braking System, ABS)
DBSCAN 2 AE Al vk 2 ZH4 & WA e 2] b & B

£ 84 7lzoltt. ABSS] A 2HE2 3 b
3} Ab 31 ool A7 A2 F B vl AT 22} ABS A
_ T H7LA oA S o] EAEHAFH LR AR T
MFDD : mean fully developed deceleration 249] AZ o] o) Z8 gho 1 o] HAL W A7to] 28

LIS = .

Min_ s :minimum samples to form a cluster in DBSCAN
PWM : pulse width modulation
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w : weight vector

@(x;) : feature mapping

p : offset

&; : slack variable

v : regularization parameter
n : number of samples
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Fig. 1 Braking scenarios under different road friction conditions, the figure illustrates three typical friction transition conditions
encountered during braking tests: low to high, high to low, and split-p surfaces
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Table 1 Normal data

Normal data
Mode Number of samples Sequence length
High 41 csv 701.27s
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Low 141 csv 1,609.98 s
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239 csv 51min5.24 s
Table 2 Abnormal data
Abnormal data
Mode Number of samples Sequence length
High 35 csv 663245
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Split 27 csv 500.59s
101 csv 31 min 20.04 s
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Table 3 Evaluation matrix
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Fig. 3 Visualization of anomaly detection inference results using the CB-LSTM model, the red shaded areas represent the ground
truth anomaly intervals, while the green shaded areas indicate the anomaly time points inferred by the model

—— Sensor. PFFL ——
10 \
GT Ancmaly 7l \

T Detected Anomaly /f b ||
E
= /
£ o6 \ g v \
E 04 l\--" / \
5 044 | '|I.'u \\

02 |

|
0.04 : ; . T . :
o 200 400 600 B0O 1000
Anomaly Probability (Window Center)
104
M.
.
Zo8 . ‘
= -
E -
2 0.6 . - .
£ i ¥
=
£ P41 & Ancmaly Prabability
g ==+ Threshold = 0.90
<02 GT Ancmaly
@ Detected Anomaly - -
0.0 T T T - T
o 200 400 600 BOD 1000

Time index

Fig. 4 Visualization of anomaly detection inference results using the CB-LSTM model, the red shaded areas represent the ground
truth anomaly intervals, while the green shaded areas indicate the anomaly time points inferred by the model
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Table 4 OCSVM performance in only active ABS system

OCSVM
Mode Precision Recall Fl
High 0.10 0.51 0.17
Low 0.14 0.34 0.20
High2low 0.14 1.00 0.25
LowZhigh 0.14 0.50 0.22
Split 0.11 0.51 0.18

Table 5 DBSCAN performance in only active ABS system

DBSCAN
Mode Eps Min_s | Precision | Recall F1
High 30 5 0.27 0.72 0.39
Low 2 5 0.25 0.86 0.39
High2low 6 10 0.20 1.00 033
LowZhigh 12 10 0.44 0.49 0.46
Split 6 20 0.15 0.50 0.23

Table 6 CB-LSTM performance

CB-LSTM
Mode Precision Recall Fl1
High 0.68 0.85 0.76
Low 1.00 0.25 0.40
High2low 0.64 0.87 0.74
Low2high 0.50 0.40 0.44
Split 0.80 0.80 0.80
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