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Abstract To ensure vehicle operational safety and enhance user experience, it is crucial to
accurately classify in-vehicle noise and detect performance anomalies in advance. However, deep
learning-based noise classifiers often struggle in complex acoustic environments, such as those with
external noise and internal reverberation. To address these challenges, we propose a novel vehicle
noise classification method that integrates diffusion model-based signal augmentation with expert
knowledge-guided clustering. This approach synthesizes a variety of challenging in—vehicle acoustic
conditions and enhances signal-label associations through automatic label assignment based on
expert-defined clusters. As a result, we can create training datasets that closely mirror real-world
scenarios. Our experiments demonstrate that this method achieves a classification accuracy of 99.60%,
surpassing state-of-the-art classifiers and improving by 0.06 percentage points over existing generative
augmentation methods, thereby showcasing the effectiveness of the diffusion-based approach.

Keywords: diffusion models, generative deep learning, data augmentation, acoustic classification,

in-vehicle noise classification
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Table 1 Related Work Utilizing URL and HTML for Phishing Detection

Augmentation Type Year Method Dataset Classification Performance
Traditional 2018 Flip, Rotate, Blur, Noise[4] Stanford Cars-196 ACC: 0.9460
Augmentation 2023 Flip, Shift[5] Exhaust system ACC: 09840

vehicle

2019 GANI[6] UrbanSound8K ACC: 0.9703
Deep Learning-based 2021 ACGANI[7] In-vehicle noise ACC: 0.9581
Augmentation 2022 DCGANI8] UrbanSound8K ACC: 0.9800
2023 DEVAE-GANI9] EEG-based SEED ACC: 09721
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Fig. 1 Autoencoder-based Anomaly Detection and Multimodal Ensemble Method
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Algorithm 1: Pseudo-labeling with DDPM

Input:

windowed_data: array[N, F]

windowed_labels: array[N]

T: int

sigma: float

Output:

pseudolabeled_data: array[N, F]

pseudolabels: array[N]

Initialization

1: Initialize ddpm_model as Model(audio_data_shape)
2: noise_schedule <set_noise_schedule(T, sigma)
Training Loop:

3: for epoch = 1 to num_epochs do

4: minibatch <- sample(windowed_data, batch_size)
5: noisy_minibatch <- add_noise(minibatch,
noise_schedule[epoch])

6: ddpm_model.train(noisy_minibatch, minibatch)
7: if is_milestone(epoch) then

8: ddpm_model.save_weights()

Model Training

9: fori =1 to N do

10:  sample <- windowed_data[i]

11: noisy_sample <- add_noise_incrementally(sample, T,
sigma)

12:  denoised_sample <- ddpm_model.denoise(noisy_sample)
13: pseudolabel <- predict label(denoised_sample)
14:  pseudolabeled_data[i] <- denoised_sample

15: pseudolabels[i] <- pseudo-label

Denoising and Pseudo labeling

16: combined data <- concatenate(windowed_data,
pseudolabeled_data)

17: combined_labels <- concatenate(windowed_labels,
pseudolabels)

18: train_model(combined_data, combined_labels)

19: evaluate_model(test_data, test_labels)
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Table 2 Types and Duration of Vehicle Noises Sampled
in a Controlled Environment

Class Noise type Windows Lengthls]
Sampled
0 Shaker noise 332 6.8
1 Center console armrest 1 110 2.4
2 Center console armrest 2 544 11.0
3 Center console armrest 3 546 11.0
4 Seat rail 1 602 12.2
5 Seat rail 2 596 12.0
6 Seat backboard 1162 23.4
7 Sun visor 1036 20.8
8 Crash pad 610 12.3
9 Passenger seat armrest 390 79
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Table 3 Comparison Between Traditional Generation
Methods and DDPM-Based Generation

. Noise level

Augmentation Model 001 005 o1
Flip + CNN 0.9888 0.9751 0.9672
Stretch x 0.9 + CNN 0.9860 0.9788 0.9732
Stretch x 1.0 + CNN 0.9880 0.9830 0.9775
Stretch x 1.1 + CNN 0.9869 0.9808 0.9756
Speed x 0.9 + CNN 0.9842 0.9744 0.9686
Speed x 1.0 + CNN 0.9892 0.9823 0.9790
Speed x 1.1 + CNN 0.9878 0.9787 0.9716
GAN + CNN 0.9911 0.9838 0.9778
DDPM augmented CNN 0.9960 | 0.9921 | 0.9838
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Table 4 Performance Comparison of Classification Accuracy

by Model
Noise level
Model 0.01 0.05 0.1
KNN 0.9523 | 0.9492 | 09438
RF 0.9882 | 0.9694 | 0.9564
MLP 0.9882 | 0.9766 | 0.9631
LSTM 0.9561 | 0.9499 | 0.9445
Temporal Convolution 0.9882 0.9836 0.9760
CNN 0.9915 | 0.9885 | 0.9825
DDPM augmented CNN 0.9960 0.9921 0.9838
0.9950
0.9930 -o-DDPM =e=GAN
0.9910
..0.9890
£'0.9870
5 0.9850
3 0.9830 —
0.9810
0.9790
0.9770
0.9750
1,000 5,000 10,000

Number of generated samples
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Fig. 2 Model Accuracy Based on the Number of
Generated Data Points
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(a) GAN augmentation

(b) DDPM based augmentation
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Fig. 3 Visualization of Generated Spectrograms by Model

4.2 2T} WA JjHe| SHAEHD HE
Hl@
Y 4dAE =Rl ART AT AN s
ZH8 A A8 AFel 37 deold e A7
Aoz syt @AHE 2315 Hgol HLHx

o
0x
oir

e HolEg, (DelAE FASE A48 doly F1t
o) mg BolEth ARIL A4 Jwe] 2L AE
97 e A, dolele] 1go] BRTetn witH s

A wEo] Q= v
7} BEe TR 2o s,

of ABe AEA AN el FHHE Hegon
W dolE 27 A4 F 0d B4 Be4e I
3% 5 e AAdos Fudd 2E 4 1%
AEste] Ad AoE 2ol o) AUa B
glom, olF Fal Yol HeolHE NP o
NE A7l A4S HET 5 Je dHe AN
Ak 53, 28 wlolee} o] BT oy BE

| FHEE A8T Aol Hel

2

£ 7R @74 s HelHE rtes 583
 EF A FEE 71U 5 3ok o] A2 HolH

Shaker noise

Center console
armrest 1

Center console
armrest 2

Seat rail 1
Seat rail 2
Seat backboard
Sun visor
Crash pad

Passenger seat
armrest

°

°

°

e 0o o

°

°

(a)vw/o K-means Clustering (b) with K-means Clustering
FE Yo " TH
tloly 33 A3t
Fig. 4 Visualization of an Augmented Data Space Labeled
by Expert Knowledge-guided Clustering

8 4 AEIF =2 7k

Pl 28 HgT NS BYFHAE H5g
FYAL F e AR PEYE YFA

5. 22 4 g% o7

B ATIAE A4 W a8 BF A5 FYAI]
SRR R
Wl 238 A1He A
AT b mde

B8 Dk 49 e W
@ @4 FlolEE sk, AETt A4 Sl FHst
o=

£ B3 279 dolEel ABOR BUL Rolgo
W, A1Ee] Hed Al 2R PEE vz 849
s ﬂm% o %9t

fa w7 A4 Sl :Lw e Aggow

9191 c=1 094_01 EﬂOIEiE a}@egom Qiets Aok
v A% 5 dee st 28 Heold

+33E T4 telHE &8
FEEHA JehtoH, ol &%
oy oA WA= AZHE, AdE RgdS =
ol d f&3 WS ’\V\]‘ﬂﬂr
= °4:rL9] Ads AF W A5 BF EoblA s
T4 HAE7E A4 716k #3138 HES AT AR
%(i:“ﬂol 71E el HlEl o &2 Ass ATE

dEsA o, ol BTl HA &% RUEY H
A Azgle] A838 5 9= 7MedE B :
FL AFME Fejr 20 ARE TP} 2[R
4+ 2@ (Conditional Diffusion Model) & =3},
A 25 T3S Ao 7hed o E TR

3}

_‘_E_'_

o 7 FE e BANIA BT =, 55 o
2= 2

=] <]

],

e wo Mo ofy

11?1_5

g Py =Hl FE 4

A E(BWT, forgetting 5)& F7HHo2 =40
A, BFsta WEA =2 AR gkl 71eS 7<}
T Ay BR AzHeR ST  9ls Aot

References

[1] Cerrato, Gabriella.
Accessories, BSR, and brakes,”
Vibration, 43.9: 10, 2009.

[2] S. J. Bu and S. B. Cho, "Classifying in-vehicle
noise from multi-channel sound spectrum by deep
beamforming networks,” IEEE Int. Conf on Big
Data, pp. 35645-3552, 2019.

[3] S. J. Bu and S. B. Cho, "Automated learning of
in-vehicle noise representation with triplet-loss

"Automotive sound quality—-
Sound  and

embedded convolutional beamforming network,” /nt.
Conf on Intelligent Data Engineering and Automated
Learning, pp. 507-515, 2020.

[4] K. Valev, A. Schumann, L. Sommer and J. Beyerer,



[6]

[7]

[8]

[91]

[10]

[11]

[12]

[13]

X

Qe A4

tlo

283 TP E T

o

"A systematic evaluation of recent deep learning
architectures for fine-grained vehicle classification,”
Pattern Recognition and Tracking XXIX, Vol
10649, p. 1064902, 2018.

A. Madhu and S. Kumaraswamy, "Data augmentation
using generative adversarial network for environmental
IEEE European Signal
Processing Conf, pp. 1-5, 2019.

S. J. Bu, H. J. Moon and S. B. Cho, "Adversarial
signal augmentation for CNN-LSTM to classify
impact noise in automobiles,” /EEE Int. Conf on
Big Data and Smart Computing, pp. 60-64, 2021.
B. Bahmei,
"CNN-RNN and data augmentation using deep
convolutional generative adversarial network for
environmental sound classification,” /EEE Signal
Processing Letters, Vol. 29, pp. 682-686, 2022.

K. W. Cheng, H. M. Chow, S. Y. Li, T. W. Tsang, H.
L. B. Ng, C. H. Hui, Y. H. Lee, K. W. Cheng, S. C.
Cheung, C. K. Lee, S. W. Tsang, "Spectrogram-based
classification on vehicles with modified loud exhausts

sound classification,”

E. Birmingham and S. Arzanpour,

via convolutional neural networks,” Applied Acoustics,
Vol. 205, p. 109254, 2023.

C. Tian, Y. Ma, J. Cammon, F. Fang, Y. Zhang, and M.
Meng, "Dual-encoder VAE-GAN with spatiotemporal
features for emotional EEG data augmentation,”
[IEEE Trans. on Neural Systems and Rehabilitation
Engineering, Vol. 31, pp 2018- 2027, 2023.

Z. Zhao, H. Bai, Y. Zhu, J. Zhang, S. Xu, Y. Zhang, K.
Zhang, D. Meng, R. Timofte, L. Van Gool. "DDFM:
denoising diffusion model for multi-modality image
fusion.” Proc. of the IEEE/CVF Int. Conf on
Computer Vision, pp. 8082-8093, 2023.

7Z. Kong, W. Ping, J. Huang, K. Zhao, and B.
Catanzaro, "DiffWave: A versatile diffusion model for
audio synthesis,” arXiv preprint arXiv:2009.09761,
2020.

Y. Chen, Z. Yan, Y. Zhu, Z. Ren, ]J. Shen, and Y.
Huang, "Data augmentation for
sound classification using diffusion probabilistic
model with top-k selection discriminator,” Proc.
Int. Conf Intelligent Computing, Singapore. Springer
Nature, pp. 283 - 295, 2023.

J. M. Lemercier, J. Richter, S. Welker, E. Moliner,
V. Vilimiki, and T. Gerkmann, "Diffusion models
[IEEE Signal
Processing Magazine, Vol. 41, No. 6, pp. 72 -84,
2025.

environmental

for audio restoration: A review,”

CR
EEEETER S
A5 AA6CET F=x

ek 28 7 777
0 e 2
AR

20229 ~A Ad=hosta
SHE Shalaly, BAEokE AEAT, o
24

LR
SEEL TR
A2dAA6s =z



