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ABSTRACT 

 

The classification task of impact noise on vehicle steering system 

mainly addresses the issue of modeling the transient and impulsive 

nature. Though various deep learning models including triplet 

network have been developed, the existing triplet network based on 

Euclidean distance metric is limited due to the simplicity of distance 

measure against reverberation generated from the narrow interior 

space and the low frequency difference generated from the interior 

finishes. In this paper, we propose a method to overcome the above 

two major hurdles by modify a sampling algorithm of triplet pairs 

based on structural similarity index instead of naive Euclidean 

distance within Monte Carlo based sampling strategy. We verify the 

proposed modified triplet loss through cross-validation that the 

proposed sampling method has more than 3% of accuracy 

improvement with computational cost reduction against the existing 

triplet networks. The detailed analysis shows that the proposed 

method can potentially compensate for the disjoint issues between 

the learning and validation vehicle types.  

 

Index Terms—Metric learning, Triplet network, Hard-triplets 

sampling, In-vehicle noise classification 

 

1. INTRODUCTION 

In consideration of market trends that emphasize a quieter driving 

experience, various deep learning-based models for absorption or 

attenuation of in-vehicle noise based on the analysis of body 

vibration have been developed [1],[2]. Among the noises generated 

while driving, the impact noise from steering gear is fatal for both 

manufacturers and users, accounting for 50% of the total vehicle 

repairs [3]. Figure 1-(a) depicts three representative components that 

highly suspicious to cause the impact noise on the steering system. 

The impact noise, which occurs mainly in the joints, is propagated 

through the body chassis, and has unique characteristics in the low 

frequency band unlike the noise caused by friction between interior 

finishes. To fully model the low frequency features, as shown in 

Figure 1-(b), we compute the impact noise-map with Short-time 

Fourier Transformation and Mel-filters, which are widely used in 

the field of acoustic modeling [4].  

Besides, Figure 2 visualizes the Class Activation Map extracted 

from the last convolutional layer of standard triplet-network based 

on CNN [5], which models the explicit feature space of C-EPS, S-

GEAR and U-JOINT impact noise. Triplet network is a method of 

explicitly modeling feature space from (anchor, positive, negative) 

pairs that widely used for short-utterance and text-independent 

acoustic modeling [6],[7],[8]. As predicted from the analytical point 

of view, the similarity and multi co-linearity in the frequency band 

suggests that more complex distance measures are needed as well as 

lighter sampling algorithm with reduced computational complexity 

to cope with the computation of complex distance measure. 

 

Fig. 1. (a) Three main components that generate impulsive 

noise inside the steering system (b) Mel spectrogram noise 

representation for extracting features of impact noise 

concentrated in low frequency bands. 

 

Fig. 2. Class activation map for each steering noise type 

extracted from the last convolutional layer of triplet network 

based on CNN-LSTM. 

Taken together, instead of the existing triplet networks including 

the shared CNN-RNN approach, a modified triplet loss and 

sampling algorithm is required in the impact noise classification 

domain at the same time. We propose the Monte Carlo-based triplet 

sampling algorithm based on Structural Similarity (SSIM) index that 

can explicitly learn the feature space of impact noise on steering gear. 

The key idea is to have a candidates table for calculating hard-

positive and negative by its sampling count instead of computing all 

the SSIM index for the entire triplet pairs. The proposed method 

outperforms the existing triplet networks including Centroid-based  

[9] or Cosine-based [10] triplet loss with the accuracy of 0.9646 that 

is verified by 10-fold cross validation. Moreover, the proposed 

triplet sampling algorithm showed 58.43% of computational cost 

reduction against existing triplet-based approach. We further 

compared other triplet-based approaches by visualizing the feature 

space that triplet networks explicitly learned. Intuitively, by 

generating the feature space with hard-positive and hard-negative 

samples based on complex distance measures, it is possible to 

classify impulsive noise that was difficult to model with a typical 

deep learning models including CNN-RNN approach with 0.95 

precision. 
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Table 1. Related works on triplet loss-based acoustic modeling 

with respect of distance metric and architecture 

Author Metric Learning Network Architecture 

Zhang [7] Triplet, thresholding 
STFT spectrogram, 
CNN-RNN 

Bredin [4] Triplet, thresholding MFCC, Bi-LSTM 

Yang [11] Triplet, thresholding 
Fisher encoding after 

extracting prosodic descriptor 

Novoselov [10] 
Modified triplet loss 

(Cosine score) 
MFCC, Time-delay DNN 

Wang [9] 
Modified triplet loss 

(Centroid-based score) 
MFCC, Bi-LSTM 

Turpault [12] 
Semi-supervised triplet 

pair selection 
MFCC, CNN-BiGRU 

Zhao [8] 
Modified embedding model 
(with de-noising loss) 

STFT spectrogram, 
CNN-LSTM autoencoder 

 

 

Fig. 3. The overall architecture: a spatial-temporal feature 

extractor CNN-LSTM and 128-dimensional representation of 

impact noise. 

 

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. 

In the speech recognition field, the triplet-loss concept has been 

introduced to explicitly model the difference metrics between vocal 

characteristics [13]. 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 

[7]. Bredin used mel-frequency cepstral coefficients (MFCC) and 

recurrent neural networks was used to verify the superiority of 

metric learning in speaker verification field [4]. Based on proven 

excellence, Yang et al. proposed an application of estimating blood 

pressure from prosodic features from patients [11].  

After several verifications that the triplet loss-based deep metric 

learning method can effectively embed the signal level features, 

various modified triplet loss approach has emerged. Novoselov et al. 

and Wang et al. proposed the use of cosine and centroid-based 

metrics instead of Euclidean distance metric respectively [10],[9].  

Although it has not been verified yet that modified triplet loss can 

be used in general domains, it is at least effective in the modeling of 

phonetic features. In addition to the modified loss function, attempts 

have been made to improve the triplet sampling algorithms and 

embedding methods. Turpault et al. introduced a semi-supervised 

method inspired by data augmentation [12], Zhao et al. proposed a 

combination of de-noising autoencoder and triplet network that 

shows the robustness in signal level [8]. 

The work presented here has focused on the modification of the 

loss function or sampling method of metric learning concepts, which 

takes advantage of optimization for signal level feature space 

generation. While the present study is related to recent approaches 

in modification or enhancement of triplet loss, the proposed method 

capitalizes on a triplet loss design as well as triplet sampling 

algorithm, which was not considered in these earlier studies. 

Although more detailed explanations and analysis can be found 

throughout this paper, let us first summarize the contributions here: 

a) we propose a triplet loss modification based on SSIM index with 

Monte Carlo searching-based triplet sampling algorithm and derive 

significant performance improvements over deep learning models, 

including standard triplet networks; and b) we collect impact noise 

on steering gears and providing datasets in a controlled environment 

and provide databases that are generally inaccessible to individuals. 

 

3. THE PROPOSED METHOD 

We present the overall architecture of the Monte Carlo searching-

based triplet sampling and SSIM-based triplet loss and generate the 

feature space of impact noise on steering gears. Four major steps 

from Monte Carlo searching are adopted embedded as spatio-

temporal feature vector as depicted in Figure 3. The major 

modification from standard triplet networks is that the Monte Carlo-

based triplet sampling which reduces the sampling complexity and 

capable to compute complex distance measure based on SSIM 

scores that are more suitable for sampling hard-positives and hard-

negatives. 

3.1. Metric Learning and CNN-LSTM based Triplet Network 

Attempts to generate feature space for impact noise types 

concentrating the low frequency bands can be regarded as a form of 

deep metric learning. The network composed with triple-shared 

CNN or CNN-LSTM compare the pairs of examples with standard 

similarity functions including cosine or Euclidean distance [14]. 

It is well known that the neural networks, which can express 

complex mapping functions with sum, product and nonlinear 

functions, are the best candidates to be adopted into feature 

embedding and forming the feature space with consideration of 

spatio-temporal frequency feature from impact noise. For example, 

the serial connection of the Convolutional Neural Network (CNN) 

and Long Short-term Memory (LSTM) for estimating the time-

invariant filter coefficients to ensure the robustness against the 

reverberant is already widely used in the field of acoustic modeling 

[15],[16]. The CNN-LSTM embedding learns the translational-

invariant filter as well as time-invariant filter which consider 

localized features of impact noise on steering gears and spatial 

features in time-frequency in a data-driven manner as described in 

Figure 3: 

 𝜙𝑐
𝑙 (𝑥𝑖𝑓(𝑡𝜔)) =∑ ∑ 𝑤𝑎𝑏𝑥(𝑖+𝑎)(𝑓+𝑏)

𝑙−1 (𝑡𝜔)
𝑐𝑛−1

𝑏=0

𝑐𝑚−1

𝑎=0
 (1) 

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.  
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Fig. 4. A four-stage (anchor, positive, negative) sampling 

strategy based on Monte Carlo searching algorithm. Hard-

positive and hard-negative candidates are selected and sorted 

according to SSIM score. 

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 [17].  

We use the LSTM network to combine and model the temporal 

features from impact noise to fully exploit the non-linear mapping 

capacity of the neural network. 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
𝑙−1 (𝜙𝐶

𝑙−2(𝑥𝑖(𝑡𝜔))) (2) 

where a linear activation function is used in the last layer of DNN 

so that the output vector is encoded as a distance feature, and 𝑖 
denotes to the index of the rattling noise window instance. 

The weights of the shared CNN-LSTM from the triplet network 

are optimized using the backpropagation algorithm based on 

gradient descent optimization, by minimizing the distance score 

d(x1, x2) triplet loss function L𝑇: 

 𝐿𝑇 =∑ [𝑑(𝜙(𝑥𝑖
𝑎) − 𝜙(𝑥𝑖

𝑝
)) − 𝑑(𝜙(𝑥𝑖

𝑎) − 𝜙(𝑥𝑖
𝑛)) + 𝛼]

𝑖
 (3) 

where 𝛼 is an empirically defined margin that is enforced between 

positive 𝑝 and negative 𝑛 pairs and anchor 𝑎 [11]. 

3.2. Monte Carlo Searching-based Triplet Sampling 

In the field of steering gear impact noise classification, which has its 

unique characteristics in the low frequency band regardless of the 

type of noise, mainly focus on decomposing of the frequency and 

express the difference between noises. Contrary to expectations, the 

standard CNN-LSTM neural network that models time-frequency 

features based on data as described above, more complex loss 

functions involving triplets (anchor, positive, negative) are required 

due to the nature of the propagated steering gear noise is biased in 

low frequency band. 

Structural Similarity index is a distance measure widely used to 

derive structural information from images inspired by the human 

visual system in the field of traditional image quality evaluation [18]. 

In detail, SSIM index compares the brightness 𝐼 , contrast 𝐶  and 

structure 𝑆  between images at the same time and allows small 

geometric distortions compared to simply comparing the Euclidean 

distance or directions of input vectors [19]. The distortion 

robustness of SSIM is particularly effective in modeling of 

impulsive noise that is mapped into a constant time-frequency 

domain by Fourier transformation: 

 𝐼 (𝑥𝑖(𝑡), 𝑥𝑗(𝑡)) =
2𝜇𝑥𝑖𝜇𝑥𝑗 + 𝑐1

𝜇𝑥𝑖
2 + 𝜇𝑥𝑗

2 + 𝑐1
 (4) 

 C (xi(t), xj(t)) =
2𝜎𝑥𝑖𝑥𝑗 + 𝑐2

𝜎𝑥𝑖
2 + 𝜎𝑥𝑗

2 + 𝑐2
 (5) 

 𝑆 (𝑥𝑖(𝑡), 𝑥𝑗(𝑡)) =
𝜎𝑥𝑖𝑥𝑗 + 𝑐3

𝜎𝑥𝑖𝜎𝑥𝑗 + 𝑐3
 (6) 

 𝑑 (𝑥𝑖(𝑡), 𝑥𝑗(𝑡)) = 𝐼(𝑥𝑖 , 𝑥𝑗)𝐶(𝑥𝑖 , 𝑥𝑗)𝑆(𝑥𝑖 , 𝑥𝑗) (7) 

However, the computational complexity of SSIM index 

comparing structures within probability distribution inevitably 

increase the computational complexity [20]. Instead of computing 

the SSIM index for all (anchor, positive, negatives) pairs, we select 

the hard-positive and hard-negative candidates based on the 

frequency that has been selected as described in Figure 4.  

Monte Carlo search algorithms are the best partial solution for 

reducing the computational complexity based on heuristics in 

limited computing resources [21]. The proposed triplet pair selection 

algorithm, which consists of selection, expansion, simulation and 

backpropagation stage, requires additional storage space to reflect 

the heuristics: the count table to store number of selected per noise. 

According to the typical triplet network concept, the anchor is 

selected for positive and negative samples in selection stage. In 

expansion stage, the hard-positive candidates of the same noise type 

that were previously selected at least are selected with reference to 

the index table as shown in bottom-left of Figure 4. The hard- 

negative candidates, in contrast, are selected from most frequently 

selected samples among other noise types. After deriving the hard-

sample candidates, the simulation stage computes the SSIM index 

to sample the positives that differ from the anchor and the negatives 

that are as close as possible, respectively. Intuitively, the hard-

samples found by the combination of the proposed heuristic-based 

global search and the SSIM index-based local search has advantages 

in modeling the collinearity in the specific frequency band. 

 

4. EXPERIMENTAL RESULTS 

4.1. Steering Gear Impact Noise Dataset 

In order to preserve the frequency characteristics of the impact noise 

on steering gear that is propagated with vehicle chassis, the sampling 

process is conducted in the faulty vehicle. We collected four of noise 

types from 22 different vehicles including the sedans and SUVs 

under the same sampling condition. 12,800 Hz sampling rate is 

chosen, a specification for common smartphone microphones on the 

market, to ensure the practicality. Each noise sample is 15 seconds 

long and contains 10 to 12 of impact signals. 

We first computed a Fourier transformation for each 512 frames 

(0.04 seconds) to calculate the Short-Time Fourier Transform 

spectrogram and generated a noise window by sampling 200 steps 

allowing overlapping from the computed spectrogram. The resulting 

steering impact noise dataset is constructed in (575484, 200, 128) 
dimensions with 128 features extracted from the Mel filter. The 200 

steps (approximately 2 seconds) from Mel-spectrogram which is 

used as input length of 𝑥(𝑡) were determined by the experts and 

engineers in practice.  
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Fig. 5. Comparison of 10-fold cross validation accuracy with 

other machine learning algorithms, including standard CNN-

LSTM and Triplet network 

 

Fig. 6. Optimization of hyperparameters from triplet network 

to generate the feature space based on distance metric 

4.2. Embedding and Classification Performance 

To verify the proposed Monte Carlo search-based hard-triplet 

sampling algorithm, we compare the classification performance and 

the time cost according to the number of triplet pairs in Figure 5. In 

terms of classification accuracy after training, 2% performance 

improvement is achieved compared to conventional triplet networks 

based on Euclidean distance. From the view of computational cost, 

on the other hand, we achieved better accuracy with only a few hard-

samples since the heuristic-based exploration enables more complex 

triplet loss. 

In Figure 6, 10-fold cross-validation is conducted by approaching 

the impact noise classification task as a pattern recognition problem 

that simply classifies (𝑛, 200,128) vectors, so that we validate the 

practicality of proposed impact noise classifier with the latest deep 

learning algorithms. The last 20% of each .wav file is tested after the 

first 80% is trained. CNN-LSTM [22] proved to be difficult to 

classify in-vehicle noise by achieving 0.9330 test accuracy. Triplet 

loss approach [7] achieves 1.13% of performance improvement over 

CNN-LSTM despite the loss of stability and its heavy computational 

cost. On the other hand, the proposed Monte Carlo search-based 

triplet sampling strategy achieves the accuracy of 0.9648, which 

improves the CNN-LSTM by 3.18%. 

4.3. Optimization and Analysis 

Table 3 quantitatively analyzes the confusion matrix and shows the 

precision and recall per noise type. The recall for S-Gear 2 is the 

lowest as 0.89 and the precision U-Joint is relatively low. We note 

that the precision and recall degradation mainly caused from the low 

frequency vibration of the C-EPS in operation. 

Table 2. Classification performance with respect to noise type 

Noise Type EPS SGEAR 1 SGEAR 2 UJOINT Avg. 

Precision 0.97 0.98 0.96 0.90 0.95 

Recall 0.96 0.99 0.89 0.96 0.95 

 

 

Fig. 7. Comparison of the distribution of original noise data 

and the generated feature space per triplet loss design. 

The feature space generated by the proposed triplet network is 

depicted in Figure 7. At the upper-left, each noise window is mapped 

in 2-dimensions based on t-SNE embedding algorithm. We 

qualitatively verified that the proposed sampling strategy 

significantly improve the performance of metric learning compared 

to the ambiguous embeddings from typical Euclidean or cosine 

triplet loss. 

 

5. CONCLUSIONS 

In this paper we propose a Monte Carlo search-based hard-triplet 

sampling strategy for learning disentangled representation of impact 

noise on steering gear. We justify the proposed method in respect of 

sampling cost and classification performance in accordance with the 

typical triplet-based metric learning concept. We improved the 

existing triplet network to be suitable for an in-vehicle environment. 

As a result, the proposed method has achieved statistically 

significant performance improvement compared to other deep 

learning models including existing triplet network. 

Considering the current in-vehicle noise sampling environment is 

the mainly focus on sound-controlled environment and only 

contains the impact noise, whereas the environment in which the 

driver notices and records impulsive noise includes the various 

environmental noise. 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 general acoustic modeling 

fields in practice.  
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