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Abstract—Considering the trend of the vehicle market where 

the vehicle becomes quieter, in-vehicle rattling noise is 

significant criterion for the quality of the vehicle. Though the 

latest deep learning algorithms have been introduced for 

classifying in-vehicle rattling noise, there are limitations due to 

impulsive and transient nature of rattling noise and reflective 

and refractive characteristics of in-vehicle environment. In this 

paper, we propose a novel beamforming method that extracts 

intra-interchannel spatial features by parameterizing the 

optimal beamforming weights including Direction-of-Arrival 

(DOA) function to overcome the addressed problem. The 

proposed method outperformed the existing deep learning 

algorithms with 0.9270 accuracy and verified by 10-fold cross 

validation and chi-squared test. In addition, it is shown that the 

time cost for classification of rattling noise is appropriate for 

real-time classification as a side-effect of using convolution-

pooling operations. 
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I. INTRODUCTION 

The in-vehicle rattling noise is difficult to represent by 
using sound quality metrics due to its impulsive and transient 
nature, as well as its similarity to vehicle background noise [1]. 
Considering the trend of the vehicle market where the driving 
of the vehicle becomes elaborate and quieter, the rattling noise 
that occurs in the vehicle frame, chassis or finishing materials 
has a devastating effect on the evaluation factor of the vehicle. 
Various studies based on deep learning algorithms such as 
Convolutional Neural Network (CNN) and modified Deep 
Convolutional Generative Adversarial Network (DCGAN) 
have been conducted to classify or model vehicle noise, since 
a large amount of noise data has been collected and can 
improve immediately if the source of the noise is identified. 

Figure 1 shows a multi-channel environment in which data 
is collected to model the in-vehicle rattling noise. 30 sensors 
are arranged in a circle along the equator to collect the in-
vehicle noise generated by a shaker simulating the profile of 
the road surface. The expert classifies the type of the in-
vehicle rattling noise and selects the most significant channel 
after all the noise exceeding the threshold intensity is sampled 
in the sound-absorbing room. Existing CNN and modified 
DCGAN methods, which focus on the robustness against 
environmental noise, are trained with a specific channel 
selected by the experts and achieved the accuracy of 0.9205 to 
classify three different types of buzz-squeak-rattle (BSR) 
noise [2],[3]. 

The classification between the rattling noise itself, 
however, the existing deep models have several limitations 
due to the similar acoustic characteristics considering that the 
rattling noise can occur anywhere between the seams of the 
vehicle finish. As will be described in the section IV, the 
existing CNN and DCGAN methods classify the type of 
rattling noise with the accuracy of 0.2425 and 0.2453, 
respectively. 

 

Fig. 1. In-vehicle rattling noise sampling from 30 sensors surrounding the 

interior materials 

 

Fig. 2. Theoretical framework of linear beamformer and convolutional 

neural-based beamformer 

The performance degradation is due to the fact that 
existing methods do not use global spatial information that can 
be effectively used for classification of rattling noise but 
classify it by a single channel selected by an expert. 

The term of beamforming refers to the design of a spatio-
temporal filter which operates on the outputs of the 
multichannel signal array [4]. In the field of classifying in-
vehicle rattling noise where reflections and refractions occur 
in a narrow space, it is impossible to improve both 
intelligibility and quality at the same time 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 as described in Figure 2. 

The first beamformer in Figure 2-(a) depicts the linear 
combination of the 𝐽 sensors at time 𝑡: 

 𝑦(𝑡) =∑ 𝑤𝑖
∗𝑥𝑖(𝑡)

𝐽

𝑖=1
 (1) 

where 𝑤𝑖
∗ represents the weight of global spatial filter. The 

second beamformer in Figure 2-(b) samples the signals in both 
space and time and is often used when signals of significant 
frequency extent (broadband) are of interest [5]. The output in 
this case can be expressed as: 

 𝑦(𝑡) =∑ ∑ 𝑤𝑖,𝑝
∗ 𝑥𝑖(𝑡 − 𝑝)

𝑡−1

𝑝=0

𝐽

𝑖=1
 (2) 

where 𝑡 − 1 is the number of time steps in each of the 𝐽th 
sensor. It is possible to model the noise that occurs at a given 
position by setting the weight for each channel per rattling 
noise, but still have to consider dynamic properties including 
reflections and refractions. 
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TABLE 1. RELATED WORKS ON ACOUSTIC MODELING WITH RESPECT OF 

FEATURE EXTRACTION AND MODELING 

Authors 
Feature 

extraction  
Modeling Description 

Mohamed [6] MFCC DBN 
Pretraining of neural network 

based probabilistic modeling 

Graves [7] 
Raw 

waveform 
Bi-LSTM 

Latest recurrent neural 
network for low-level acoustic 

modeling 

Graves [8] STFT Bi-LSTM 

Modeling acoustic features 

with appropriate level for Bi-
LSTM 

Xiao [9] GCC DNN 
Pretrained neural network for 

solving DOA problem 

Xiao [10] 
DNN-

beamformer 
DNN 

Pretraining the neural network 
with beamformer simulation 

data 

Shahin [11] 
Pretrained 

CNN 
SVM 

CNN for low-level feature 
extraction of STFT 

spectrograms 

Shahin [12] 
STFT, 

BoDF 
SVM 

Quantization of CNN-based 

features for robustness 

Bu [2] STFT CNN 
End-to-end CNN approach for 

BSR classification 

Yong [13] MFCC 
CNN-
LSTM 

Use of deep models for spatio-
temporal feature modeling 

Kim [3] STFT DCGAN 
BSR noise augmentation and 

modeling for robustness 

 

Therefore, in this paper, we propose a deep learning 
algorithm that can learn the optimal weights for each channel 
in an end-to-end manner: Convolutional Neural-based 
Beamformer (CNB). The key idea is to parameterize the 
weights of the channels inside the filter included in the 
convolution operation, and to optimize the weight to classify 
the rattling noise by backpropagation method. The proposed 
method outperformed the existing deep learning algorithms 
including CNN and DCGAN with the accuracy of 0.9270 that 
is verified by 10-fold cross validation and chi-squared test. In 
addition, it is shown that the time cost for classifying rattling 
noise is appropriate for real-time operation as a side-effect of 
using convolution-pooling. 

The remainder of this paper is organized as follows. In 
Section II, we review the existing noise classification 
techniques and clarify the contributions of this paper by 
discussing the differences from the previous works. Section 
III explains how to encode the global and local spatial 
information of the in-vehicle rattling noise and how we train 
the network to model the time series data from each channel 
sensor. The performance of our method is evaluated in Section 
IV through various experiments, including the comparisons 
with the existing algorithms and the analysis of misclassified 
data.  

II. RELATED WORKS 

In this section, we introduce various works based on 
machine learning approaches for comparison with the 
proposed convolutional neural-based beamformer. The main 
research issues are categorized into two folds: One is 
extracting effective features for the task from redundant and 
noisy signal-level data, and the other is modeling the global 
and local spatial information and time-series information. 

Based on the similarities of the fields and the techniques 
used, we refer to recent deep learning based acoustic modeling 
studies. Table 1 summarizes the significant sound 
classification studies including in-vehicle acoustic modeling 
or classification in terms of feature extraction and modeling. 

The Deep Belief Network (DBN), which used the 
Kullback-Leibler divergence to calculate the loss function, 
was the first to use neural networks for acoustic modeling by 
pretraining the weight of network in Mohamed et al. [6]. The 
Mel Frequency Cepstral Coefficient (MFCC) was used for the 
feature extraction because of the good performance from the 
previous stochastic modeling by HMM. However, the deep 
learning algorithm which has the advantage of low-level 
signal modeling, especially CNN, it is advantageous to model 
signal at lower level. 

In later studies, Short-Time Fourier Transform (STFT), 
which is a time-frequency decomposition algorithm that 
preserves the low-level characteristics of the signal or raw 
waveform signal are mainly used. In order to capture the low-
level time-series characteristics, Graves et al. successfully 
modeled the acoustics from raw waveform [7] and STFT 
features [8], respectively, in an end-to-end manner using Bi-
directional Long Short-term Memory (Bi-LSTM), which 
produced the best performance out of the recurrent neural 
network at that time. 

The beamforming algorithms, also known as essential 
preprocessing step for acoustic modeling, are also introduced 
for deep learning-based approach. In Xiao et al. which solved 
the problem of Direction of Arrival Estimation (DOA) by 
shallow neural network to select most significant channel in 
noisy and reverberant environments, use the Generalized 
Cross Correlation (GCC) [9] or pretrain the network with 
optimal weights using simulated data by minimizing Mean 
Squared Error (MSE), respectively [10]. 

CNN-based studies, which have advantages in modeling 
low-level signals, mainly used STFT spectrograms. Shahin et 
al. showed that the convolution-pooling operation from CNN 
successfully extracted features and was effective enough to be 
modeled by linear SVM at snoring classification challenge in 
INTERSPEECH ComParE 2017 [11]. In a follow-up study, 
they proposed a Bag-of-Deep Features (BoDF) inspired by the 
Bag-of-Word approach and achieved robustness against 
environmental noise [12].  

In the several studies on introducing and improving the 
deep learning algorithms on the same feature extraction 
method, the robustness against environmental noise and 
performance that the convolution-pooling operation itself is 
explored. Bu and Cho achieved the accuracy of 0.9915 in 
classifying 4-way in-vehicle BSR noise by converting the in-
vehicle noise to STFT spectrogram and classifying using 
standard CNN [2]. For the purpose of simultaneously 
modeling the spatial and temporal information, Yong et al. 
achieved the highest accuracy in Detection and Classification 
of Acoustic Scenes and Events (DCASE) 2017 challenge [13]. 
The modified DCGAN, which is used to augment the BSR 
noise and classification in order to improve the robustness 
against environmental noise, was introduced and 
outperformed the existing models [3].  

Most existing studies focused on aspects of feature 
extraction and model improvement for acoustic modeling, but 
higher accuracy can be achieved by using the additional 
location information from noise in field of in-vehicle noise 
classification. Unlike the existing cases that learn the optimal 
beamforming weights from the simulated results [10], we 
parameterize the optimal beamforming weights through the 
CNN filters that are optimal for classification. 
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Fig. 3. Two components for in-vehicle rattling noise classification method 

implemented as modified CNN and LSTM-DNN 

 

Fig. 4. Comparison of spatial information labeling methods with and 

without DOA function 

III. CONVOLUTIONAL NEURAL-BASED BEAMFORMING 

In this section, we present the overall architecture of the 
Convolutional Neural-based Beamformer that parameterizes 
the weights of beamformer with spatial filters in CNN and the 
LSTM-DNN that classifies the in-vehicle rattling noise. Two 
major components of conventional beamformer are adopted 
and modified with end-to-end neural network as depicted in 
Figure 3: A spatial feature extractor ϕc that models the hidden 
correlations from the intrachannel (global) and interchannel 
(local), respectively, and temporal feature extractor ϕL  and 
classification network ϕ that models time-series information 
selectively using a gate operation. 

A. Parameterizing Beamformer with CNN 

It is well known that the microphone array and the 
beamforming technique for modeling the reflection and 
refraction of sounds in a narrow space, such as inside a vehicle, 
can attain high interference-reduction performance [14]. 
Delay-and-sum beamforming is widely used for multi-
channel signal processing, in which the multi-channel inputs 
are summed up to be a single channel after delayed to be 
aligned in time [15]. This conventional beamformer, however, 
is a parametric model that stores time-invariant coefficients 
calculated, which has practical limitations in the field of 
classifying in-vehicle rattling noise. 

Two of the most important factors that should be 
considered in classifying the in-vehicle rattling noise are 
Direction-of-Arrival (DOA) and robustness to reverberant. 
Neural networks, which can express complex mapping 
functions with sum, product and nonlinear functions, are the 
best candidates to be adopted into beamforming to consider 
dynamic environmental factors. For example, the LSTM-
DNN for estimating the time-invariant filter coefficients to 
ensure the robustness against the reverberant is already widely 
used in acoustic modeling field [16],[17]. The Convolutional 
Neural-based Beamformer (CNB) proposed in this paper 
learns the role of translational-invariant filter as well as time-
invariant filter which consider localized features of rattling 
noise and spatial features in time-frequency in a data-driven 
manner. 

Before formulating the CNB, we compare the input data 
𝑥(𝑡𝜔) with explicit spatial information conventionally used in 
the field of in-vehicle noise classification [2] and the input 
data 𝑥𝐽(𝑡)  from channel 𝐽  with implicit spatial information 

proposed by CNB at time step in Figure 4. The left side of 
each image is a sampled window with size 𝜔  from STFT 
spectrogram that decomposes the rattling noise into time-
frequency domain [18]. The horizontal axis is the frequency 
band and each pixel represents the intensity of the signal at the 
corresponding time-frequency. 

In Figure 4-(a), the most significant channel label selected 
by an expert from multi-channel environment is attached. An 
automotive engineer can empirically identify the type and 
location of noise and attach the sensor id of the corresponding 
area to data. On the other hand, in Figure 4-(b), the overall 
data from 𝐽 channel sensors are stacked in order to maximize 
the advantages of CNB that performs DOA in a data-driven 
manner. Although Figure 4-(a) has the advantage of including 
the expert knowledge in the preprocessing step, it is not 
suitable for classifying in-vehicle rattling noise with high 
reflections and refractions. 

 𝜙𝑐
𝑙 (𝑥𝑖𝑓(𝑡𝜔)) =∑ ∑ 𝑤𝑎𝑏𝑥(𝑖+𝑎)(𝑓+𝑏)

𝑙−1 (𝑡𝜔)
𝑐𝑛−1

𝑏=0

𝑐𝑚−1

𝑎=0
 (3) 

where the output 𝜙𝑐
𝑙  from the 𝑖th node of the 𝑙th convolutional 

layer performs the convolution operation on 𝑥𝑙−1  using 
𝑐𝑚 × 𝑐𝑛  sized filter 𝑓𝑤 . The convolution operation, which 
preserves the spatial relationships between features by 
learning filters that extract correlations, is known to reduce the 
translational variance between features [19]. Intuitively, the 

vector 𝜙𝑐
𝑙(𝑦𝑙−1) output by the convolution operation in the 𝑙th 

layer is the same as the result of 2-dimensional convolution 
operation vector on the frequency axis and the channel axis. 

Because the dimensionality of the interchannel spatial 
feature map from the convolution layer is increased by the 
number of convolutional filters, it must be carefully controlled. 
In the conventional CNNs, the most frequently introduced 
method for adjusting the dimensionality after the convolution 
operation is max-pooling operation, which is considered to 
reduce the resolution of the distorted image by the convolution 
operation [20]. Max-pooling refers to a dimensionality 
reduction process used in CNNs in order to impose a capacity 
bottleneck and facilitate faster computation [21]. In order not 
to lose the intrachannel information from channel axis, 𝑙 th 
max-pooling layer selects the maximum features from a 
1 × 𝑝𝑛 area from feature map with stride 𝜏: 

 𝜙𝑝
𝑙 (𝜙𝑐

𝑙(⋅)) = 𝑚𝑎𝑥 𝜙𝑐𝑖×𝜏
𝑙−1 (⋅) (4) 
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We define the convolution vector for the channel axis as 
intrachannel (global) spatial feature map and the convolution 
vector for frequency axis as interchannel (local) spatial feature 
map. 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 interchannel is modeled as 
distributed over the time axis before LSTM-DNN model and 
classify the time-series features as described in the next 
section. 

B. Time-series Modeling and Classification with LSTM 

The spatial feature map extracted by intra-interchannel 
from the mapping function 𝜙𝑐  contains time-series 
information of the window size 𝜔 according to the sliding-
window preprocessing step. Focusing on the Markov property 
of history block, we formalize the window size parameter 𝜔 
and Markov chain of sequence of intensity per frequency: 

 
𝑝(𝑥(𝑡)|𝑥(𝑡 − 1),… , 𝑥(1))

= 𝑝(𝑥(𝑡)|𝑥(𝑡 − 1), … , 𝑥(𝑡 − 𝜔)) 
(5) 

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 [22]. 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 [23],[24], or beamformers 
that combine prior knowledge in terms of Bayesian approach 
[25]. 

We use the Recurrent Neural Network (RNN) to combine 
and model the multi-channel in-vehicle noise to fully exploit 
the non-linear mapping capacity of the neural network as 
described in Figure 5. The RNN models temporal dynamics 
by mapping input sequences to hidden states, and hidden 
states to outputs via the following recurrence equations: 

 
ℎ𝑡 = 𝑔(𝑊𝑥ℎ𝑥𝑡 +𝑊ℎℎℎ𝑡−1 + 𝑏ℎ) 

𝑧𝑡 = 𝑔(𝑊ℎ𝑧ℎ𝑡 + 𝑏𝑧) 
(6) 

where 𝑔  is an element-wise non-linearity, ℎ𝑡  is the hidden 
state of RNN cell and 𝑧𝑡 is the output at time 𝑡. Though RNNs 
have proven successful on time-series modeling, they suffer 
from vanishing and exploding gradient problems in a situation 
where information should be selectively stored such as in-
vehicle noise classification. The Long Short-Term Memory 
(LSTM) networks have achieved impressive results on 
acoustic modeling tasks including speech recognition [26], 
environmental sound classification [27]. 

A conventional LSTM network has an internal non-linear 
gate operation and has selective memorization capacity by 
updating the gate weights for frequency-intensity features, 
where the gate operation used is a simple neural network. As 
a result, the beamformer that learns the time-invariant filter 
imitated by the LSTM can be regarded as a three-layered RNN 
[28]: input gate (i), forget gate (f), and output gate (o). 

An 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 using the following equations: 

 

Fig. 5. A convolutional neural-based beamformer that extracts 

interchannel-level spatial features 

 

𝑖𝑡 = 𝜎(𝑊𝑖𝑥𝑥(𝑡) +𝑊𝑖𝑚ℎ𝑡−1 + 𝑏𝑖) 

𝑓𝑡 = 𝜎(𝑊𝑥𝑓𝑥(𝑡) +𝑊ℎ𝑓ℎ𝑡−1 + 𝑏𝑓) 

𝑜𝑡 = 𝜎(𝑊𝑥𝑜𝑥(𝑡) +𝑊ℎ𝑜ℎ𝑡−1 + 𝑏𝑜) 

𝑔𝑡 = 𝑡𝑎𝑛ℎ(𝑊𝑥ℎ𝑥(𝑡) +𝑊ℎ𝑐ℎ𝑡−1 + 𝑏𝑜) 

𝑐𝑡 = 𝑓𝑡⨀𝑐𝑡−1 + 𝑖𝑡⨀𝑔𝑡  

𝜙𝐿(⋅) = ℎ𝑡 = 𝑜𝑡⨀𝑡𝑎𝑛ℎ(𝑐𝑡) 

(7) 

where 𝑊  denotes weight matrices, 𝑊𝑖𝑐 , 𝑊𝑓𝑐  and Woc  are 

diagonal weight matrices between each node from input, 
forget, output and cell state 𝑐. The remaining parameters 𝑏, 𝜎, 
⨀  is bias, sigmoid activation non-linear function and 
Hadamard production, respectively. 

After the time-series features from the spatial features are 
extracted by LSTMs, the typical Deep Neural Network (DNN) 
is used to complete the mapping function 𝜙(⋅): 

 

𝜙𝑙(𝑥𝑖(𝑡𝜔)) = 𝜙𝐿
𝑙−1 (𝜙𝐶

𝑙−2(𝑥𝑖(𝑡𝜔))) 

𝑝(�̂�𝑖|𝑥𝑖(𝑡)) = 𝑎𝑟𝑔𝑚𝑎𝑥
𝑒𝑥𝑝(𝜙𝑙−1(𝑥𝑖(𝑡𝜔))𝑤

𝑙 + 𝑏𝑙)

∑𝑒𝑥𝑝(𝜙𝑙−1(𝑥𝑖(𝑡𝜔)) + 𝑏𝑙)
 

(8) 

where a softmax activation function is used in the last layer of 
DNN so that the output vector is encoded as a probability in 
the rage [0,1] and 𝑖 denotes to the index of the rattling noise 
window instance from overall dataset. 

The weights of the CNB and LSTM-DNN are optimized 
using the backpropagation algorithm based on gradient 
descent optimization, by minimizing the cross-entropy loss 
function 𝐿𝐶𝐸 : 

 𝐿𝐶𝐸 = −∑ 𝑦𝑖 𝑙𝑜𝑔(�̂�𝑖)
𝑖

 (9) 

TABLE 2. TYPE AND LENGTH OF THE RATTLING NOISE SAMPLED IN 

ABSORBING ROOM 

Class 

index 
Rattle type 

Length 

[s] 

Windows 

sampled 

Class 

index 
Rattle 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 
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Fig. 6. Visualization of typical STFT spectrogram of rattling noise and 

channel-wise differences 

In summary, the entire network is learned in a way that 
minimizes the error between the output value and the type of 
in-vehicle rattling sound. The contribution of the paper is to 
propose the learnable beamformer including DOA based on 
end-to-end deep learning algorithm, in the process of finding 
the optimal filters for classifying rattling noise. 

IV. EXPERIMENTAL RESULTS 

In this section, we discuss how the CNB outperforms the 
existing deep learning algorithms for acoustic modeling. 10-
fold cross validation and chi-squared test are performed for 
the sake of quantitative comparison with other state-of-the-art 
methods. 

A. In-vehicle Noise Dataset and Preprocessing  

Table 2 summarizes the in-vehicle rattling noise dataset 
collected for training and test. A shaker capable of applying a 
specific excitation according to road-profile setting is installed, 
and the vehicle is vibrated at a frequency at which an in-
vehicle rattling sound is generated. An automotive engineer 
then classifies and truncates the rattling noise sample. 30 
sensors are arranged in a spherical shape and sample 30 ‘.wav’ 
files per noise, respectively. We have converted each rattling 
noise ‘.wav’ file to a STFT spectrogram, a time-frequency 
decomposition technique similar to the deep learning-based 
in-vehicle single channel BSR classification [2], with the 
purpose to compare the proposed learnable beamformer. 

TABLE 3. CLASSIFICATION PERFORMANCE AND COST PER WINDOW SIZE 

Window 
Duration per 

window [s] 
Test accuracy Training time [h] Testing time [s] 

3 0.06 0.3588 1.40 0.0046 

5 0.10 0.9084 1.62 0.0056 

7 0.14 0.9496 2.06 0.0065 

10 0.20 0.9328 2.43 0.0093 

20 0.40 0.9385 3.31 0.0186 

30 0.60 0.8849 3.28 0.0279 

40 0.80 0.8479 3.27 0.0372 

50 1.00 0.8857 3.06 0.0465 

100 2.00 0.7887 3.72 0.0928 

 

 

TABLE 4. THE CHI-SQUARE VALUE OF EACH RATTLING NOISE FOR THE CNB 

Cla

ss 
0 1 2 3 4 5 6 7 8 9 

Chi-

squ

are 

5.

06 

26.

00 

103.

01 

103.

00 

122.

07 

129.

00 

212.

00 

223.

00 

102.

32 

84.

00 

 

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. We use only the first 80% 
of the rattling noise to avoid overlapping of training and test 
data, since the preprocessing step includes sliding-window 
algorithm. Figure 6 visualizes a typical rattling noise for each 
channel. The intensity variation of seat rail rattling noise 
generates vertical pattern, whereas the crash pad rattling noise 
is difficult to observe with the naked eye. 

B. Classification Performance and Computational Cost 

The window size 𝜔 , which is a hyperparameter of the 
sliding-window preprocessing step, represents the memory 
size of the local Markov property of in-vehicle rattling noise. 
Too short windows are inadequate to model the interchannel 
spatial features of rattling noise due to its impulsive and 
transient nature, whereas too long window cannot cope with 
reverberant properties and intrachannel spatial features due to 
reflective and refractive characteristics of repeated rattling 
noise. As we need to derive the optimal window size for the 
accurate rattling sound classification, we conduct grid-wise 
repetitive experiment in Table 3 within [0.06, 2.00] second 
range based on the domain knowledge. 

When the window size is 3, each window encodes 0.06 
seconds of temporal features. The rattling noise test accuracy 
is 0.3588 and we check the variance of internal weights of the 
CNBs increases sharply. On the other hand, we confirm that 
the test accuracy improves to 0.9084 in window size 5, and we 
achieve the 0.9496 test accuracy in window size 7 which 
encodes the 0.14 second of temporal feature. The test accuracy 
degradation begins when window size exceeds 20 and the 
learning time has extended to about three hours. In window 
size 7, which yields optimal test accuracy, the time required 
for CNB to classify a window is 0.007 seconds, which can be 
computed to classify about 142 windows per second. The 
hardware environment is considered to be a sufficient level of 
computational resources for the automobile manufacturer, 
given that it is standard deep learning server configuration that 
uses four NVIDIA GTX 1080Ti cards in parallel. 

 

Fig. 7. Classification accuracy when replacing the existing beamforming 

method with the proposed CNB 
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Fig. 8. Comparison of 10-fold cross validation accuracy with other machine 

learning algorithms 

C. Comparisons with Other Methods 

Since the proposed CNB is a novel data-driven 
beamformer that parameterizes the existing broadband 
beamformer with CNN and LSTM-DNN, the performance 
comparison with both the existing beamforming method and 
other deep learning algorithms are needed. In Figure 7, we 
compare the accuracy with respect to the critical 
hyperparameters after we replace only the beamforming 
algorithm with the conventional one. The best test accuracy 
when using the conventional beamforming algorithm was 
0.2425, compared to 0.9496 of CNB which successfully 
models intra-interchannel spatial features from in-vehicle 
rattling noise. 

Table 4 shows that the conventional beamformer is 
inadequate for modeling the in-vehicle rattling noise in that all 
rattling noise are mainly misclassified as shaker noise. The 
chi-squared values for each of the misclassifications are listed 
and the p-value is less than 0.005, derived from chi-squared 
test. We therefore statistically confirm that the proposed CNB 
as a candidate solution for the problem of classifying in-
vehicle rattling noise. 

In Figure 8, 10-fold cross-validation is conducted by 
approaching the in-vehicle rattling classification task as a 
pattern recognition problem that simply classifies 
(𝜔, 156, 30) vectors, so that we compare the entire rattling 
noise classifier with the latest deep learning algorithms. CNN 
and LSTM, which show the guaranteed accuracy in various 
domains among the deep learning algorithms, proved to be 
difficult to classify in-vehicle rattling noise by achieving 
0.7388 and 0.6543 test accuracy, respectively. DCGAN-based 
data augmentation approach [3], one of the latest models 
among deep learning algorithms, achieves 1% of performance 
improvement over CNN despite the loss of stability and its 
heavy computational cost. On the other hand, the proposed 
rattling noise classifier achieves the accuracy of 0.9270, which 
improves the DCGAN-based classifier by 24%. 

TABLE 5. CONFUSION MATRIX OF CNB METHOD (10-WAY CLASSIFICATION) 

  Predicted 

  0 1 2 3 4 5 6 7 8 9 

A
c
tu

a
l 

0 46 0 2 0 3 0 6 4 3 0 

1 0 21 0 0 1 0 0 2 2 0 

2 1 0 90 13 0 0 0 0 0 1 

3 0 0 11 91 0 0 0 1 0 0 

4 3 0 0 0 115 0 5 0 5 0 

5 0 0 0 0 0 127 0 0 2 0 

6 1 0 0 0 3 0 208 0 2 0 

7 0 0 1 0 0 0 1 221 0 0 

8 6 0 0 0 4 2 6 0 96 0 

9 0 0 0 1 0 2 0 0 1 80 

TABLE 6. CLASSIFICATION PERFORMANCE MEASUREMENT WITH RESPECT 

TO RATTLING NOISE (10-WAY CLASSIFICATION) 

Noise 

Type 
0 1 2 3 4 5 6 7 8 9 Avg. Acc. 

F1 

score 

Precision 
0.80

70 

1.00

00 

0.86

54 

0.86

67 

0.91

27 

0.96

95 

0.92

04 

0.96

93 

0.86

49 

0.98

77 

0.91

63 0.92

02 
0.9033 

Recall 
0.71

88 

0.80

77 

0.85

71 

0.88

35 

0.89

84 

0.98

45 

0.97

20 

0.99

10 

0.84

21 

0.95

24 

0.89

07 

TABLE 7. CONFUSION MATRIX OF CNB METHOD (7-WAY CLASSIFICATION) 

  Predicted 

  0 1,2,3 4,5 6 7 8 9 

A
c
tu

a
l 

0 45 1 3 0 16 0 1 

1,2,3 0 240 0 0 0 0 0 

4,5 0 0 222 17 0 0 0 

6 0 0 0 232 0 0 0 

7 0 0 0 0 207 0 0 

8 0 0 0 12 1 109 0 

9 0 0 0 0 0 0 78 

TABLE 8. CLASSIFICATION PERFORMANCE MEASUREMENT WITH RESPECT 

TO RATTLING NOISE (7-WAY CLASSIFICATION) 

Noise Type 0 1,2,3 4,5 6 7 8 9 Avg. Acc. F1 Score 

Precision 1.0000 0.9959 0.9867 0.8889 0.9241 1.0000 0.9873 0.9690 

0.9569 0.9487 

Recall 0.6818 1.0000 0.9289 1.0000 1.0000 0.8934 1.0000 0.9292 

D. Analysis of Model Outputs 

Table 6 shows the confusion matrix of the proposed 
rattling noise classifier, which achieves the test accuracy of 
0.9202 that is similar to the 10-fold cross-validation average 
accuracy. Classes 2 and 3, which are mainly misclassified, are 
the same kind of rattling noise from center console armrest 
collected from different vehicles. The misclassification of the 
same type of rattling noise is rather a positive result 
demonstrating the scalability of the proposed rattling noise 
classifier, because the classifier does not model the 
characteristics of the sampled vehicle or environment, as we 
concerned. 

Table 6 quantitatively analyzes the confusion matrix and 
lists the precision, recall, accuracy and F1-score for each 
rattling noise. As expected, the recall for shaker noise is the 
lowest as 0.7188 and the precision between the center console 
armrest rattling noise is relatively low. We note that the 
precision and recall degradation occurs for class 8, crush pad 
rattling noise. 

We additionally conduct the 7-way classification 
experiment in Table 7 assuming that armrest rattle 1, 2, 3 and 
seat rail rattle 1, 2 as the same rattling noise, with the purpose 
of fairly verifying that the proposed CNB extracts the spatio-
temporal features from rattling noise. Compared to the 
previous 10-way classification results, the rattling noise from 
the seat rail and crush pad started to be confused with rattling 
noise from the seat backboard, but the overall accuracy is 
improved to 0.9569 as summarized in Table 8. Since the seat 
rail is relatively close to the backboard, there is a possibility 
that the CNB including DOA is misclassified.  
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The rattling noise from the shaker and crush pad mainly 
misclassified is qualitatively compared in Figure 9. The STFT 
spectrogram of the two rattling noises is very difficult to 
distinguish by naked eye because the intra-interchannel 
variance is relatively small. We have cherry-picked some 
crush pad rattling samples and noted a significant level of 
labeling noise. 

E. Robustness against Environmental Noise  

The current rattling noise sampling environment is the 
sound-absorbing room and only contains the shaker and 
specific rattling noise, whereas the environment in which the 
driver finds and records rattling sounds includes the various 
environmental noise. Therefore, Figure 10 compares the 
rattling noise classification accuracy by adding various 
environmental noise according to Signal-to-Noise Ratio. We 
conclude that the environmental noise with the least effect is 
music and Gaussian noise which have the constant noise 
source. 

V. CONCLUSIONS 

In this paper we have proposed a Convolutional Neural-
based Beamforming (CNB) for in-vehicle rattling noise 
classification. We have justified the deep learning algorithm 
in accordance with the traditional beamforming theory, and 
improved the existing CNN architecture to be suitable for a 
narrow in-vehicle environment with severe reflection and 
refraction. As a result, the CNB method has achieved 
statistically significant performance improvement compared 
to other beamforming algorithm and the latest deep learning 
algorithms. In order to address the strengths and weaknesses 
of the proposed method, 10-fold cross-validation and detailed 
misclassification case analysis were conducted.  

Considering the intelligent transportation framework 
based on the IoT paradigm, the AI-based service for 
controlling the framework and particularly the interaction 
tools implemented such as smartphone or smart speaker, the 
proposed in-vehicle rattling classification method has great 
potential in terms of market value. Although the robustness 
against environmental noise is essential for practical operation 
of the CNB, it shows unstable performance in noisy 
environment and needs to be improved. Therefore, as a future 
work, we will introduce a recent Bayesian deep learning 
approach to cope with the uncertainty of noisy environments. 

It is also necessary to verify whether the proposed method 
can be extended to other fields as a general method of spatio-
temporal feature modeling. In addition to speaker recognition 
field which is known to require beamforming technology, 
CNBs that extract global and local spatial features from 
patterns can be used for machine translation or text 
classification. 
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Fig. 9. The STFT spectrogram comparison between the most frequently 

misclassified case and the labeling noise of the crush pad rattling sound 

 

Fig. 10. Accuracy degradation according to the intensity of environmental 

noise 
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