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Abstract : The Acoustic Vehicle Alerting System (AVAS) is mandated by international regulations and included in periodic
inspections as part of measures to ensure pedestrian safety with Electric Vehicles (EV). However, reliable verification is
often hindered by high background noise in vehicle inspection environments. This study conducts an experimental analysis
of AVAS signals obtained from six EV models and proposes a Convolutional Neural Network (CNN)-based classification
method. The dataset is constructed using multi-position measurements, segmented into one-second samples, and converted
into log-mel spectrogram with noise augmentation reflecting inspection-site conditions. Results showed robust performance,
with some models achieving perfect recall, while others exhibited reduced accuracy due to spectral similarities. These trends
were confirmed by Receiver Operating Characteristic (ROC), precision-recall, and Principal Component Analysis (PCA)
evaluations. The proposed approach demonstrates strong classification capability under noisy conditions and offers practical
implications for automated AVAS verification and vehicle-type identification. These features serve as a foundation for
improving AVAS measurement methodologies and regulatory applications.

Key words : Electric vehicle(7] 7] 2}, Acoustic vehicle alerting system(# 4525 2} 74 322X 74 X]), Convolutional
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Nomenclature ROC :receiver operating characteristics curve
A VAS : acoustic vehicle alerting system PRC: precision recall curve
. . . VIC  : vehicle inspection automation
EV : electric vehicle

CNN : convolutional neural network

SNR :signal to noise ratio, dB Subscripts
SPL  :sound pressure lever, dB i,7 : spatial index
PCA : principal component analysis k : feature map channel index
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Fig. 1 AVAS Measurement Points. (a) Front(above ground),
(b) Bottom(above ground), (c) Bottom(from bum -per)

Table 1 AVAS Measuring distance

Vertical position Horizontal distance
(cm) (cm)
Front 55 10
(above ground) 55 20
Bottom 5 0
(above ground) 10 0
10 10
Botts
ottom 10 0
(from bumper)
10 -10
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Fig. 2 Measurement of AVAS signal characteristics in 1/3 octave; (a) BONGO3 EV, (b) IONIQS5, (¢) KONA EV, (d)
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Fig. 3 AVAS Data preprocessing workflow
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Fig. 4 Log-mel spectrogram examples with noise augmentation
(SNR 5, 10, 15 dB) for CNN training; (a) Original, (b)
SNR 5, (C) SNR 10, (d) SNR 15.
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Table 2 Classification performance metrics (per class)

Class Recall | Specificity | Precision | Fl-score

BONGO3_EV 0.83 1 1 0.9071

IONIQ5 0.2289 0.9384 0.4265 0.2979
KONA_EV 0.2856 0.8864 0.3346 0.3082
KORANDO_EV 1 0.9353 0.7557 0.8608
BMW3_PHEV 1 0.9098 0.6891 0.816
TESLA_Y 1 0.9989 0.9945 0.9972
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