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Abstract. In spite of various deep learning models devised, it is still a challeng-
ing task to classify in-vehicle noise because of the reverberation and the variance
in the low-frequency band generated from the narrow interior space. Considering
the impulsive characteristics of the vehicle noise and the multi-channel sampling
environment at the same time, it is essential to automatically learn the disentan-
gled noise representation as well as parameterize the conventional beamforming
operation. We propose a method to overcome the above two major hurdles by
parameterizing a beamforming operation based on convolutional neural network.
Moreover, we improve the structure of the beamforming network by explicitly
learning of the distance between vehicle noises within the triplet network frame-
work. Experiments with the dataset consisting of a total 241,958,848 time-series
collected by a global motor company show that the proposed model improves the
classification accuracy by 5% compared to the latest deep acoustic models. The
detailed analysis shows that the proposed method can potentially compensate for
the disjoint issues between the learning and validation vehicle types.

Keywords: Multichannel sensor array · Deep metric learning · Learnable
beamformer · In-vehicle noise

1 Introduction

In consideration of market trends that emphasize a quieter driving experience, various
deep learning-basedmodels for absorption or attenuation of in-vehicle noise based on the
analysis of body vibration have been developed [1, 2]. Among the noises generatedwhile
driving, in-vehicle noise from interior finishes is fatal for both manufacturers and users,
accounting for 50% of the total vehicle repair cases [3]. Due to the painstaking process of
disassembling the car and the subjective evaluation of experts, the deep learning model
appeared to suggest a new paradigm in automated classification process of in-vehicle
noise classification. However, the deep learning-based in-vehicle noise classification
models encountered two major hurdles: One is the reverberation and refraction caused
by the interiormaterials and the narrow space, and the other is the transient and impulsive
nature of the noise mainly occurring in the low frequency band.
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Although the multi-channel sampling environment is proposed to overcome the dif-
ficulties mentioned as depicted in Fig. 1(a), the performance bottleneck of the existing
direction-of-arrival (DOA) beamformer from the limited environment caused the perfor-
mance degradation of the deep learning-based classificationmodel as shown in Fig. 1(b).
Moreover, because the in-vehicle noise is mainly expressed in the low frequency band
and being absorbed mostly by internal finishes, it is difficult to construct the in-vehicle
noise classification model with conventional convolutional neural network (CNN) and
recurrent neural network (RNN).

Fig. 1. (a) The multichannel sampling environment to consider the impulsive and transient
nature of in-vehicle noise and reflective and refractive characteristics of in-vehicle environment.
(b) Performance degradation of conventional beamformers due to the reverberation.

Taken together, instead of the existing deep learning model including the standard
CNN-RNN approach, a novel mechanism of beamforming and modeling is needed in
the in-vehicle noise classification domain at the same time. We propose the triplet-loss
embedded convolutional beamformer that can explicitly learn the difference metrics of
in-vehicle noise and model the feature space and the DOA-weights.

The key idea is to parameterize the weights of the channels via the convolutional
filters and learns the disentangled features from triplets in an end-to-endmanner. The pro-
posed method outperforms the conventional deep learning models including standard
triplet networks with the accuracy of 0.9823 that is verified by 10-fold cross valida-
tion and chi-squared test. In addition, we conduct the grid-wise parameter exploration
experiments to provide the guidelines for multi-channel speech recognition or other
manufacturing domains.

2 Related Works

Based on the similarities of the fields and the techniques used, we refer to recent metric
learning based acoustic modeling studies. Table 1 summarizes the significant speech
recognition studies in terms of feature extraction and metric learning in the last two
years.
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Table 1. Related works on acoustic modeling with respect of feature extraction and metric
learning

Author Feature extraction Metric learning

Zhang [4] STFT spectrogram, CNN-RNN Triplet, thresholding

Bredin [5] MFCC, Bi-LSTM Triplet, thresholding

Yang [6] Fisher encoding after extracting
prosodic descriptor

Triplet, thresholding

Novoselov [7] MFCC, Time-delay DNN Modified triplet loss (Cosine score)

Wang [8] MFCC, Bi-LSTM Modified triplet loss (Centroid-based
score)

Turpault [9] MFCC, CNN-BiGRU Semi-supervised triplet pair selection

Zhao [10] STFT spectrogram, CNN-LSTM
autoencoder

Modified embedding method (with
de-noising loss)

In the speech recognition field, the triplet-loss concept has been introduced to explic-
itly model the differencemetrics between vocal characteristics [11]. Zhang and Koishida
introduced the triplet loss into speaker verification field to encode the short utterances
and achieved better performance over the conventional i-vector system [4].

Bredin used Mel-frequency cepstral coefficients (MFCC) and recurrent neural net-
works to verify the superiority of metric learning in speaker verification field [5]. Based
on proven excellence, Yang et al. proposed an application of estimating blood pressure
from prosodic features from patients [6]. Novoselov et al. and Wang et al. proposed the
use of cosine and centroid-based metrics instead of Euclidean distance metric [7, 8].
Although it has not been verified yet that the modified triplet loss can be used in general
domains, it is at least effective in the modeling of phonetic features. Turpault et al. intro-
duced a semi-supervised method inspired by data augmentation [9]. Zhao et al. proposed
a combination of de-noising autoencoder and triplet network that shows the robustness
in signal level [10].

The work presented here has focused on the modification of the loss function or
embedding method of metric learning concepts, which takes advantage of optimiza-
tion for signal level feature space generation from single-channel spectrums. While the
present study is related to recent approaches in deep beamforming [12], it capitalizes on
a multi-channel environment, which was not considered in these earlier studies.

3 The Proposed Method

3.1 Convolutional Neural-Based Beamforming Network

We present the overall architecture of the triplet-loss embedded convolutional neural
beamformer that parameterizes the weights of beamformer with spatial filters in CNN
and generate the feature space of in-vehicle noise as depicted in Fig. 2. Themajormodifi-
cation from standard triplet networks is that the data-driven beamformer is implemented
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with CNN in an end-to-end manner to consider the multichannel environment. The term
of beamforming refers to the design of a spatio-temporal filter which operates on the
outputs of the multichannel signal array [13].

Fig. 2. The overall architecture: A spatial feature extractor φc that models the hidden correla-
tions from the intrachannel (global) and interchannel (local), respectively, and temporal feature
extractor φL with embedding network φ that models time-series information selectively using a
gate operation.

In the field of classifying in-vehicle noise where reflections and refractions occur in
a narrow space, it is impossible to improve both intelligibility and quality when using a
selective single channel. In order to improve the classification accuracy of existing deep
models, it is necessary to adopt the concept of beamforming:

y(t) =
∑J

i=1

∑t−1

p=0
w∗
i,pxi(t − p) (1)

where w∗
i,p represents the weight of global spatial filter from the combination of the J

sensors at time t.
The conventional beamformer, however, is a non-parametric model that stores time-

invariant coefficients calculated as a constant, which has practical limitations in the
field of classifying in-vehicle noise: we still need to parameterize and learn the dynamic
properties from reverberations. Specifically, two of themost important factors that should
be considered in classifying the in-vehicle noise are DOA and robustness to reverberant.
Neural networks are the best candidates to be adopted into beamforming to consider
dynamic environmental factors in consideration of its complex mapping capability. The
convolutional neural-based beamformer proposed in this paper learns the translational-
invariant filter as well as the time-invariant filter which consider localized features of
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in-vehicle noise and spatial features in time-frequency in a data-driven manner:

φl
c

(
xif (tω)

)
=

∑cm−1

a=0

∑cn−1

b=0
wabx

l−1
(i+a)(f +b)(tω) (2)

where the output φl
c from the i th node of the l th convolutional layer performs the

convolution operation on xl−1 using cm×cn sized filter fw [14, 15]. From the conventional
beamformer viewpoint, it can be assumed that DOA and adaptive beamforming are
simultaneously learned in a data-driven manner. From the standard CNN viewpoint, the
inter-channel is modeled as distributed over the time axis before LSTM-DNN model
and embeds the time-series features.

3.2 Triplet-Loss Embedded Metric Learning

In terms of traditional delay-and-sum beamformers, the most important function is to
multiply sensor data input from multiple channels by an optimal weight and output it as
a time-series features [16]. To introduce the adaptive and learning capacity to the delay-
and-sum beamformer, several studies proposed the data-driven beamformers based on
machine learning techniques such as SVMs [17, 18] or beamformers that combine prior
knowledge in terms of Bayesian approach [19].

We use the LSTM network to combine and model the multi-channel in-vehicle
noise to fully exploit the non-linear mapping capacity of the neural network. A con-
ventional LSTM network computes a mapping from an input sensor sequence x =
(x(t), . . . , x(t − ω)) to an output temporal feature map y(t) by calculating the network
unit activations.

After the time-series features from the spatial features are extracted by LSTMs, the
typical DNN is used to complete the embedding function φ(·):

φl(xi(tω)) = φl−1
L

(
φl−2
C (xi(tω))

)
(3)

The weights of the convolutional neural-based beamformer and LSTM-DNN are
optimized using the backpropagation algorithm based on gradient descent optimization,
by minimizing the L2 distance-based triplet loss function LT :

LT =
∑

i

[∥∥φ
(
xai

) − φ
(
xpi

)∥∥2
2 − ∥∥φ

(
xai

) − φ
(
xni

)∥∥2
2 + α

]
(4)

whereα is an empirically definedmargin that is enforced between positive p and negative
n pairs and anchor a [6].

4 Experimental Results

4.1 In-vehicle Noise Dataset and Preprocessing

Table 2 summarizes the in-vehicle rattling noise dataset collected for training and test. 30
sensors are arranged in a spherical shape. We have converted each rattling noise file to a
STFT spectrogram, with the purpose to compare the proposed method with the conven-
tional approaches. As the result, the rattling noise window dataset forms (n, 7, 156, 30)
sized matrix where each column represents the number of window instances, size of
window, intensity per frequency band, and the number of channels.
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Table 2. Type and length per in-vehicle noise sampled in controlled environment

Class
index

Noise type Length
[s]

Windows
Sampled

Class
index

Noise type Length
[s]

Windows
sampled

0 Shaker
noise

6.8 332 5 Seat rail 2 12.0 596

1 Center
console
armrest 1

2.4 110 6 Seat
backboard

23.4 1162

2 Center
console
armrest 2

11.0 544 7 Sun visor 20.8 1036

3 Center
console
armrest 3

11.0 546 8 Crash pad 12.3 610

4 Seat rail 1 12.2 602 9 Passenger
seat armrest

7.9 390

4.2 Classification and Embedding Performance

In Fig. 3, 10-fold cross-validation is conducted by approaching the in-vehicle noise
classification task as a pattern recognition problem that classifies (ω, 156, 30) vectors.
CNN-LSTM [20] proved to be difficult to classify in-vehicle noise by achieving 0.9329
test accuracy. Triplet loss approach [4] achieves 0.3% of performance improvement
over CNN-LSTM despite the loss of stability and its heavy computational cost. On the
other hand, the proposed triplet-loss embedded convolutional beamformer achieves the
accuracy of 0.9823, which improves the triplet network by 5%. Table 3 quantitatively
analyzes the confusion matrix and shows the precision and recall per noise type. As
expected, the precision for seat rail rattling noise is the lowest as 0.89 and the recall
between the center-console armrest and seat backboard rattling noise is relatively low.

The feature space generated [21] by the optimized triplet network is depicted inFig. 4.
At the bottom, each noisewindow ismapped in 2-dimensions based on t-SNE embedding
algorithm.While the distinction between center-console armrest noise, sun visor rattling
noise and passenger seat armrest noise in the original distribution is ambiguous, the
similarities and differences between the noises are explicitly learned and distinct in the
generated feature space.
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Fig. 3. Comparison of 10-fold cross-validation accuracy with other machine learning algorithms,
including standard CNN-LSTM and triplet network

Table 3. Classification performance with respect to noise type

Noise type 0 1 2 3 4 5 6 7 8 9 Avg.

Precision 0.99 1.00 0.97 1.00 1.00 0.89 1.00 1.00 1.00 0.98 0.98

Recall 1.00 0.95 0.98 0.98 0.99 1.00 0.95 1.00 0.99 1.00 0.98

Fig. 4. Comparison of the distribution of original noise data with the generated feature space.
Ambiguous interior noise is identified after embedding.
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5 Conclusions

In this paper we propose a triplet-loss embedded convolutional neural-based beam-
former for in-vehicle noise classification. We justify the convolutional neural networks
in accordance with the traditional beamforming theory and improve the existing triplet
network architecture to be suitable for an in-vehicle environment with severe reverbera-
tion. As a result, the proposed method has achieved statistically significant performance
improvement compared to other deep learningmodels including standard triplet network.

Considering the current in-vehicle noise sampling environment is the sound-
absorbing room and only contains the shaker and specific rattling noise, whereas the
environment includes the various background noise. As a future work, we will introduce
a recent Bayesian deep learning approach to cope with the uncertainty of noisy environ-
ments. It is also necessary to verify whether the proposed method can be extended to
general acoustic modeling fields with multi-channel environment.
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