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Abstract. BSR (Buzz, squeak, and rattle) noises are essential criteria for the
quality of a vehicle. It is necessary to classify them to handle them appropri-
ately. Although many studies have been conducted to classify noise, they suf-
fered some problems: the difficulty in extracting features, a small amount of data
to train a classifier, and less robustness to background noise. This paper pro-
poses a method called transferred encoder-decoder generative adversarial net-
works (tedGAN) which solves the problems. Deep auto-encoder (DAE)
compresses and reconstructs the audio data for capturing the features of them.
The decoder network is transferred to the generator of GAN so as to make the
process of training generator more stable. Because the generator and the dis-
criminator of GAN are trained at the same time, the capacity of extracting
features is enhanced, and a knowledge space of the data is expanded with a
small amount of data. The discriminator to classify whether the input is the real
or fake BSR noises is transferred again to the classifier; then it is finally trained
to classify the BSR noises. The classifier yields the accuracy of 95.15%, which
outperforms other machine learning models. We analyze the model with t-SNE
algorithm to investigate the misclassified data. The proposed model achieves the
accuracy of 92.05% for the data including background noise.

1 Introduction

BSR (Buzz, squeak, and rattle) noises are a severe problem to deteriorate the quality of
a vehicle. The decline in vehicle quality leads to customer complaints and vehicle
repairs, and at least 50% of motor vehicle repairs are associated with noise in the
interior of a vehicle [1]. Although there are many approaches to reducing the noise for
improving the quality, the factors which produce noises increase, for example, elec-
tronic devices and light bodywork and materials. However, because it can be improved
immediately when a noise source is identified [2], studies about classifying noise have
been conducted.

Some problems exist in classifying noise: the difficulty in extracting features, a
small amount of data to train a classifier, and reduction in robustness to background
noise. The first problem is challenging to extract features. Figure 1 shows sound data of
each type: normal, retractor, seat rattle, and weatherstrip, which are the types of BSR
noises. As data have complicated and messy features, we need a preprocessing method.
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Since the sound data have spatial (frequency) and temporal (time) features, we convert
the data to sound map image with short-time Fourier transform (STFT) to maintain
temporal features as well as spatial features, as illustrated in Fig. 2. The features that
appear are relatively clear, but because they are still complex to be classified, we need a
more sophisticated method to extract features. The second problem is that there is a
small amount of data to train a classifier. If there is lots of data, structuring them is
expensive. Classifier needs lots of data to get better performance. We can collect BSR
noise easily without background noise in a laboratory, but not quickly natural data. The
third problem is that a real BSR noise has background noise such as wind sound or chat
sound. We can divide BSR noises into two types: data with background noise and data
without it. The latter can be collected relatively easily but not practical. Therefore, it is
needed to make classifier which can classify previous data, not just latter data.

Noises raised in the vehicle are shown in Fig. 3. The noise generated in the vehicle
can be roughly divided into two types: noise from the vehicle itself and noise from
external factors (background noise). BSR classification is to distinguish yellow star in
Fig. 3 from the normal sound. Because there are background noises, not just BSR
noises, the third problem occurs.

The rest of the paper is organized as follows. Section 2 reviews the related works
and the hybrid deep learning model is proposed in Sect. 3. In Sect. 4, we show the
performance of the proposed method and compare it with the conventional methods.
Some conclusions and discussion are presented in Sect. 5.

Fig. 1. Sound data of each type. The blue line is a data and orange line is just 0 line. (Color
figure online)

Fig. 2. Sound data which are converted to sound map image with STFT. Height means time and
width means frequency. The color of each pixel means amplitude on that time and frequency.
Red color means higher amplitude than blue. (Color figure online)
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2 Related Works

Many research works have been conducted to classify various types of noise. The
related works are summarized in Table 1. Machine learning techniques were used to
classify noise. Saki and Kehtarnavaz classified background noise using random forest
[3]. Li preprocessed eco-environmental sound based on matching pursuit and classified
them with support vector machine (SVM) [4]. Many researchers used SVM with
different preprocessing methods. For example, Wang et al. preprocessed data with
principal component analysis, linear discriminant, and Gabor dictionary [5]. Amiri-
parian et al. used spectrograms of data and extracted features with convolutional neural
networks (CNN) [6]. Lee et al. analyzed features of sound using Prony’s method and
classified the data based on it [7]. Salamon and Bello used other methods that extract
features based on spherical k-means algorithm [8].

These research tried finding efficient or superior feature extraction methods.
Because most of them extracted characteristics of data based on existing data, they may
not be robust to new data. Some studies overcame this problem with the fact that deep
learning can discover representations that are stable with respect to variations in data
[9]. Tanweer et al. classified environmental noise using LDA, quadratic discriminant
analysis, and artificial neural network [10]. Rahim et al. made homogeneous
multi-classifier system for classifying moving vehicles noise with multilayer perceptron
[11]. Piczak used CNN architecture and classified environmental sound [12]. Medgat
et al. classified sound with masked conditional neural networks which can learn
exploration of different feature combinations [13].

These methods can be robust to new data thanks to deep learning, but they have
also disadvantage that it needs lots of data, since deep learning with a small amount of

Fig. 3. Types of noises raised in vehicle. (Color figure online)
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data can be overfitting easily [14]. To solve this problem, we propose a model that
extracts features with deep auto-encoder (DAE) and generates new data. This model
finally helps classifier to be trained with more data.

3 The Proposed Method

We divide the proposed model into three parts: extracting feature, generating, and
classifying parts. In the first part, DAE compresses and reconstructs the sound data.
Besides, the decoder of DAE is used in the generator (G) of GAN. G and discriminator
(D) are trained at the same time so that G can generate data as similar to the real as
possible and D can distinguish the real and the fake as precise as possible. The
architecture of the whole process is shown in Fig. 4.

Table 1. Related words for classification of sound data.

Category Authors Method Description

Focus on
feature
extraction

Saki F. [3]
(2014)

Random
forest

Background noise classification using random
forest tree classifier

Li Y. [4]
(2010)

SVM Eco-environmental sound classification based on
matching pursuit for preprocessing and SVM for
classification

Wang J.-C.
[5] (2014)

SVM Preprocessing with Gabor dictionary, PCA and
LDA, and classification with SVM

Amiriparian
S. [6] (2017)

SVM Extract features using spectrograms and CNN,
and classify data with SVM

Lee J. [7]
(2015)

Prony’s
method

Analyze characteristics of sound and classify data
based on them

Salamon
J. [8] (2015)

Spherical
k-means

Use method which extracts features based on
spherical k-means algorithm

Deep learning
to classify data

Tanweer S.
[10] (2016)

LDA,
QDA, and
ANN

Extract features using mel frequency cepstral
coefficient (MFCC) and classify data with LDA,
QDA, and ANN

Rahim N. A.
[11] (2015)

MLP Classify sound with homogeneous
multi-classifier system

Piczak K.
J. [12]
(2015)

CNN Construct CNN architecture and classify data
with it

Medhat F.
[13] (2017)

MCLNN Propose MCLNN model which can learn
exploration of different feature combinations
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3.1 Feature Extraction with DAE

Since sound data have not only spatial-temporal feature but also lots of combinations of a
feature, extracting a feature of sound is an important part of the classification. The DAE,
which is widely used for capturing features [15, 16], can extract characteristics while it
compresses and reconstructs data. A loss function to train DAE is following:

LDAE ¼ H X;Dec Enc Xð Þð Þð Þ þ KLðEnc Xð Þ N 0; 1ð ÞÞk ð1Þ

The first term of Eq. (1) indicates the degree of reconstruction. H means infor-
mation entropy. Enc and Dec are encoder and decoder functions, respectively. The
smaller the first term, the more precise the reconstruction. The second term is
Kullback-Leibler divergence between Enc(X) and a normal distribution with mean of
0 and standard deviation of 1. It improves G’s performance because G generates data
from normal distribution, so it can be called a process of pre-training of G. This will be
explained more in the next section.

Details of DAE construction is illustrated in Fig. 5. We use long-term recurrent
convolutional networks (LRCN) [17] for encoder, and deconvolution layers [18] for
decoder. LeakyReLU and dropout layer are followed all of the conv1D, conv2D, and
deconv2D except the second conv1D of ConvBlock in Fig. 6.

Fig. 4. The architecture of whole process of TED-GAN.
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3.2 Generating Data Using GAN

GAN has led to significant improvements in data generation [19]. The basic training
process of GAN is to adversely interact and simultaneously train G and D. Equation (2)
shows the objective function of a GAN. pdata is the probability distribution of the real
data. G zð Þ is generated from a probability distribution pz by the G, and it is distin-
guished from the real data by the discriminator D. The discriminator is trained such that
D(x) of the first term is 1 and D G zð Þð Þ of the second term is 0, to maximize V D;Gð Þ,
and G is trained such that D G zð Þð Þ of the second term is 1, to minimize V D;Gð Þ.

min
G

max
D

V D;Gð Þ ¼ Ex� pdata xð Þ logD xð Þ½ �
þEz� pz zð Þ log 1� D G zð Þð Þð Þ½ �

ð2Þ

Since original GAN has a disadvantage that the generated data are insensible
because of the unstable learning process of the generator, we pre-train G with the
decoder of DAE as discussed in the previous section. To overcome the difference
related to the fact that the G generates fake data from a random variable z but the
decoder generates it from Enc xð Þ, we add Kullback-Leibler divergence to loss of DAE
as shown in Eq. (1). The result of DAE is that pDAEdata � pDAEG

�
�

�
�� pdata � pGj j so that it

can reach a goal of GAN pdata � pGð Þ stably.
The reason for using GAN is to classify new data, including background noise, into

the model learned using existing data. Because GAN generates data from a random
distribution, new data has some variants compared to existing data, resulting in
expanding a knowledge space of data. Therefore, D is robust to deformation [20], and
we can train D with more data.

Details of GAN is shown in Fig. 6. The structure of G is same to that of decoder of
DAE, and we use LRCN in D which is transferred to classifier later. A ConvBlock is a
concatenation of two convolutional layers which is shown at the right in Fig. 6.

Fig. 5. Details of DAE construction. Left: encoder of DAE. Right: decoder of DAE
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3.3 Classifying Data with Transfer Learning

In the previous process, we extract features with DAE and generates data for expanding
knowledge space with GAN so that D can classify data which are not in existing data.
The last process is a classification of data with transfer learning [21]. We transfer D to a
classifier so that the ability of D is inherited to a classifier. Since the goals of D and
classifier are different, we transfer ConvBlock and long short-term memory (LSTM) to
the classifier and train fully connected layers of it newly. The detail of a classifier is
shown in Fig. 7.

Fig. 6. Details of GAN construction. Left: generator of G. Middle: discriminator of D. Right:
ConvBlock layer in discriminator.

Fig. 7. Details of classifier construction. Dashed line means transfer learning.
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4 Experiments

4.1 Dataset

To validate classification performance of the tedGAN, we use the BSR noise data
described in Table 2. We collected BSR noises from Sedan in a laboratory. To imitate
the noise of the road, 2 shaker axes were used to give the vehicle vibration. We also
collected sound data with a sensor placed in the vehicle. There are 10,022 training
data and 3,112 test data. The data belong to one of the four types: normal, retractor,
seat rattle, and weatherstrip. Because raw data are intractable, we preprocess the data
using STFT, as shown in Fig. 2. The size of one data is (30, 513) for (time, fre-
quency), and the values of each point are amplitudes at the corresponding time and
frequency.

4.2 Result of Classification

In this section, we show a result of classification and compare it with those of other
classification methods, such as the k nearest neighbors (NN), naïve Bayes (NB), ran-
dom forest (RF), decision trees (DT), AdaBoost(AB), support vector machine
(SVM) with a polynomial (Poly) kernel and radial basis function (RBF) kernel, which
are provided in the scikit-learn library. For all of these algorithms, we used default
values, except maximal depth = 5 in the decision tree and random forest methods. We
compared the proposed method not only to those methods provided by the scikit-learn
library but also to the multi-layer perceptron (MLP) and the CNN which has the same
structure as the discriminator.

We use 10-fold cross-validation for all of the algorithms. Results of these
experiments are summarized in Fig. 8. The average correct classification achieved
by the proposed model is 95.15%. The accuracy difference between tedGAN
and CNN is small, but it has statistical significance with 2.44e-05 p-value in
a t-test.

Table 2. The number of training and test data used in experiments.

Normal Retractor Seat rattle Weatherstrip Total

Train 3885 567 3273 2297 10022
Test 978 223 928 983 3112
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4.3 Analysis of Result

The confusion matrix for BSR classification for validating the performance of the
proposed classifier is shown in Fig. 9. The matrix confirms that the classifier cannot
distinguish well normal and retractor. However, the proposed model can classify seat
rattle and weatherstrip better than others.

Figure 10 reveals clustering patterns in the BSR data by applying the t-SNE
algorithm [22], which groups data points according to their similarity. It can be seen
that data are sufficiently modified for the clustering pattern to become apparent to the
classifier.

Fig. 8. Result of classifying BSR noise. Y-axis represents accuracy.

Fig. 9. Confusion matrix for result of classifying BSR noise.
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4.4 Robust to Noise

To verify the effect of expanding knowledge space, we add background noise to data.
We use motorized noise (such as taxi, private, police, and ambulance) and
non-motorized noise (such as street, road, bicycle, construction, and vehicle air con-
ditioner) among Urban Sound Dataset1. We train model with data which do not include
background noise and test the model with data which have background noise. The
result of the experiment is shown in Fig. 11. The proposed model gets 92.05% per-
formance which is less than before but still higher than others.

Fig. 10. Distributions of the raw data (left) and output of the classifier (right). The classifier
changes the values so that similar data points are clustered together.

Fig. 11. Result of classification with data which includes background noise. STD means
‘standard’, i.e., they are data which has no surrounding noise. BK means ‘background’, i.e., they
are data which includes background noise.

1 https://serv.cusp.nyu.edu/projects/urbansounddataset/.
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5 Conclusion

In this paper, we introduce the necessity of classifying BSR noises. We attempt to
classify BSR noises using the information extracted from in-vehicle sensors. Since
there are three problems: the difficulty in extracting features, a small amount of data,
and less robustness to surrounding noise, we propose tedGAN to extract features and
generate more data. Knowledge space of data is expanded using the generator G which
is initialized by the decoder of DAE so that the discriminator D can learn more
characteristics of data. Finally, the capacity of D is transferred to a classifier. The
proposed classifier achieves the accuracy of 95.15%, thereby outperforming other
conventional models. Moreover, it can classify new data which includes surrounding
noise well, resulting in more robustness to noise.

In the future work, we plan to generate more various data that make the model more
robust to noise. To solve the problem of not distinguishing between normal and rattle,
we will construct a model that generates a specific class so that it can solve class
imbalance problem. We will investigate the generated data with inverse-STFT to check
how close it is to the sound from the vehicle.
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