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Abstract Acoustic signals play an essential role in

machine state monitoring. Efficient processing of real-time

machine acoustic signals improves production quality.

However, generating semantically useful information from

sound signals is an ill-defined problem that exhibits a

highly non-linear relationship between sound and subjec-

tive perceptions. This paper outlines two neural network

models to analyze and classify acoustic signals emanating

from machines: (i) a backpropagation neural network (BP-

NN); and (ii) a convolutional neural network (CNN).

Microphones are used to collect acoustic data for training

models from a computer numeric control (CNC) lathe.

Numerical experiments demonstrate that CNN performs

better than the BP-NN.

Keywords Acoustic signal processing � Machine

performance � Backpropagation neural network (BP-NN) �
Convolutional neural network (CNN)

1 Introduction

Auscultation is the act of listening to the internal sounds of

organs such as the heart and lungs for diagnosing patho-

logical disorders. Health professionals (doctors and nurses)

develop pronounced auscultation skills through substantial

clinical practice and can easily link body sounds with

specific pathological disorders. This paper outlines the

concept of machine auscultation, analogous to auscultation,

which identifies abnormal sounds emanating from machi-

nes with a time resolution better than one second just as a

human health professional can recognize abnormal sounds

using a stethoscope.

Generating semantically useful information from sound

signals is an ill-defined problem that exhibits a highly non-

linear relationship between sound and subjective percep-

tion [1]. There are several challenges to develop appro-

priate automated sound recognition based on reliable

machine perception. The biggest challenge in deciphering

insightful information from sound bites is that time-struc-

ture sound signals are masked by time dilation and com-

pression. In other words, the duration of the same sound

pattern such as machine chatter can vary by a factor of ten

or more. If the focus is on classification, in some cases, the

sound signal properties of subclasses in a particular class

are similar to the subclasses in other classes while being

different from subclasses in its own class. This creates

interclass similarity and increases the complexity of the

problem [2]. This problem is further exacerbated by the

fact that real-world environments such as shop floor induce

noise because of the presence of multiple non-target sound

sources [3]. Noise and flat spectrum features always

influence the accuracy ratio of the final result. In addition,

the number and complexity of sound classes, including the

amount of training data, also have a direct influence on the

performance of sound recognition systems.

As an illustrative example of the machine auscultation

concept, we focus on the task of chatter detection. Chatter,

which is caused by machine vibration, is the relative

movement between a workpiece and a cutting tool. This

can occur during multiple machine processes such as mil-

ling, drilling, and grinding. Chatter can significantly dete-

riorate surface quality and reduce tool life in the computer

numeric control (CNC) machines [4]. It is caused because
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of process nonlinearities [5]. Therefore, chatter identifica-

tion, detection, and prevention are the most important tasks

in the manufacturing process [6]. In addition, our focus is

on determining machining parameters such as cut depth,

feed rate, and spindle speed that produce chatter. Under-

standing the non-linear relationships between machining

parameters and chatter can help in the proper selection of

machining parameters to avoid chatter.

This paper outlines the application of neural networks

(NNs) in chatter detection from a large-scale audio dataset.

Instead of relying on approaches based on existing

heuristics and hand-coded features to address the above-

mentioned challenges in enabling machine perception from

sound, a data-driven approach that learns features of fea-

tures to identify semantic audio events such as chatter from

spectrogram based on raw audio data pre-processing is the

core focus of this paper. The contributions of this paper

include the following: (i) a novel framework using back-

propagation neural network (BP-NN) and convolutional

neural network (CNN) to help understand artificial sounds

for machine diagnostic purposes; (ii) training the devel-

oped NN learning models using large-scale audio datasets

of sound recorded from a machine shop CNC machine

termed CNCAudioNet database; (iii) very high classifica-

tion accuracy of our learned models in recognizing audio

events such as chatter and manufacturing parameters

including feed rate, spindle speed, and cut depth, drasti-

cally outperforming state-of-art methods. The code and

dataset related to the outlined work is located at Ref. [7].

Our contributions are motivated by the idea that the

application of machine learning techniques to manufac-

turing processes can serve as the backbone of a digital

manufacturing paradigm, thereby leading to increased

productivity and product quality. In addition, the created

dataset enables the examination of the application of deep-

learning frameworks with large audio datasets in the

manufacturing domain, which helps in exploiting ideas

from performance improvements reported in the field of

image classification.

This paper is organized as follows. Section 2 presents a

discussion on related studies. Section 3 provides an over-

view of the main components of the paper. Section 4

introduces an acoustic signal collection method. Section 5

outlines sound/figure pre-processing methods that convert

recorded raw acoustic signals to processable data for the

BP-NN and CNN, separately. Section 6 explains the

architectures of two different machine learning models.

Section 7 describes the classification performance of the

two presented models and possible future work.

2 Related work

2.1 Chatter detection

Chatter identification has been the focus of reported

research in the manufacturing domain. In the last couple of

decades, chatter detection has been executed via in-process

real-time sensor measurements such as force, displace-

ment, and off-line machined surface characterization [8].

Several sensors such as accelerometers, dynamometers,

ammeters, or multi-sensor based approaches have been

pursued [9–12]. Displacement, velocity, and acceleration

transducers have a common problem of signal bandwidth

alteration because of either the sensor’s frequency

response, signal filtering, and sensitivity (as a consequence

of remote placement) or the fusion of data from multiple

sensors. Unlike our study, which primarily focuses on a

single modality such as sound, these techniques either

focus on multi-modal signals or completely different

modalities.

Sound signals can easily overcome the problem of signal

bandwidth alteration and are easier to implement, induce

less cost, and can accurately analyze chatter. Delio et al.

[13] were the first to report the use of audio signals for

chatter detection. However, the study reported in Ref. [13]

is limited to a very small dataset and cannot be scaled to a

large dataset. Moreover, the results were demonstrated

with ‘‘clean’’ datasets in which noise from the background

was absent. In addition, the method can detect chatter in

only fully developed stages and not at the onset of chatter.

Our method addresses all such shortcomings.

Several machine learning algorithms have been used for

chatter detection such as artificial neural network (ANN)

[14], support vector machine (SVM) [15, 16], fuzzy logic

[17], and hidden Markov model (HMM) [18]. All these

techniques require feature engineering, which involves the

development of handcrafted feature vectors to enable

chatter detection. For instance, the use of Hilbert–Huang

transform (HHT) as a feature vector was proposed [19].

Albeit, because there are only two features, the mean value

and standard deviation, in the HHT spectrum, the proposed

method cannot effectively describe the complex charac-

teristics of signals, thereby limiting model accuracy.

Several feature vectors based on spectral analysis [20],

s-transform [21], total power and dispersion of the domi-

nant forced and chatter vibration modes [22], coarse-

grained entropy rate [23], mutual information, [24] and

maximum likelihood (ML) estimation [25] have been

developed to process different data types for enabling

chatter detection. Feature engineering is an arduous and

expensive (in terms of time and expertise) process of cre-

ating features that encapsulate the complexity of data,
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making it easier for machine learning algorithms to detect

patterns.

Our method utilizes deep learning algorithms that

automatically learn high-level features from data and help

improve the accuracy of prediction. In addition, the non-

linear relationship between manufacturing parameters such

as cut depth, feed rate, and spindle speed also plays a

critical role in the onset of chatter.

2.2 CNN

In 1998, Lécun proposed LeNet [26], paving the way for

modern CNN. His network comprising of five layers,

including convolution layers and pooling layers, could

efficiently recognize large image datasets. Restricted by the

performance of CPU and GPU, CNN became irrelevant for

ten years. After 2012, with advances in GPU performance,

AlexNet was proposed by Krizhevsky et al. [27]. They used

ReLU as an activation function and added a dropout layer

that greatly enhanced the accuracy and speed of CNN. In

the next few years, deeper networks were proposed such as

VGG [28] and GoogLeNet [29]. All these networks

enhanced the performance of object classification. Mean-

while, object detection problems became a common topic

with the surge in online databases and repositories. Gir-

shick et al. [30] proposed a R-CNN to detect and recognize

features in images. Following this, fast R-CNN [31] and

faster R-CNN [32] improved the efficiency and accuracy of

structure making object detection problems [33].

CNN-based architectures have also been used for sound

and speech recognition. Piczak [34] successfully applied

CNN for environmental sound classification tasks. The

results presented in the paper indicated that CNN was

indeed, a suitable approach for sound classification but

demonstrated relatively low accuracy. Boddapatia and

Petef [35] utilized two leading CNN architectures for

image recognition (AlexNet and GoogLeNet) on the same

dataset as Karol on three different sound images: spectro-

gram; mel-frequency cepstrum coefficients (MFCCs); and

cross recurrence plot (CRP). Although the test accuracy of

GoogLeNet was shown to be close to 93%, its 22-layer

architecture was too complex for sound identification and

required further simplification. Fu et al. [36] applied an

11-layer CNN model for monitoring machining vibration

states using a vibration-time image without traditional

feature engineering. The performances among SVM, NN,

and CNN models were compared and CNN exhibited the

highest accuracy and lowest overfitting phenomenon.

These initial studies demonstrated that CNN was a pow-

erful approach for sound signal classification tasks. How-

ever, to the best of our knowledge, CNN-based approaches

for chatter detection and proper selection of machining

parameters did not exist in the literature.

3 Overview

Our goal in this paper is to demonstrate that machine

auscultation can be achieved using a large-scale machine

audio dataset. The data acquisition process for enabling

machine auscultation is first discussed (see Fig. 1a).

Because the acquired data are noisy, a data pre-processing

method is utilized for noise attenuation (see Fig. 1b). Data

pre-processing, if needed, includes the conversion of raw

data into a format such as Mel-spectrogram (Section CNN).

Two different machine learning algorithms (i) a BP-NN

(see Fig. 1 c1), and (ii) a CNN (see Fig. 1 c2) was trained

to enable machine perception. Finally, the test dataset (a

subset of acquired data) was used to obtain an objective

comparison of the performance of BP and CNN-based

machine learning approaches.

4 Acoustic data collection

All experiments were performed on the Bridgeport Romi

EZ Path CNC Lathe (see Fig. 2). The CNC lathe was

programmed to perform turning operations on round stock

alloy steel. The acoustic signals generated during the

turning operation in all experiments were recorded using

the Behringer microphone (ECM8000). The microphone

was connected directly to a laptop, allowing sound samples

to be saved by the voice recorder App installed on the

laptop. The acoustic signal acquisition was performed in

two phases. The first phase focused on the acquisition of a

chatter dataset (dataset 1), whereas, the second phase

recorded acoustic signals from various work situations,

resulting in different combinations of machining parame-

ters (dataset 2).

For chatter dataset generation, the CNC lathe was pro-

grammed to settings that intentionally induced chatter

during the turning of the round stock. For the machining

parameter variation dataset, a latin hypercube sampling

(LHS) based design of experiment (DoE) approach was

used to generate different combinatorial settings of speed,

feed rate, and cut depth. LHS is a statistical method of

generating a near-random sample of parameter values from

a multidimensional distribution [37].

The range of parameters used for the LHS DoE setting

generated for dataset 2 is outlined in Table 1. However,

because of material and time limitations, CNC lathe was

programmed as a subset of the LHS generated parameter

settings (32 samples) to generate acoustic signals during a

turning operation. The selected parameters are displayed in

Fig. 3. The time for recording chatter sound sample is

about 80 min (dataset 1). The recording time for speed,

feed rate, and cut depth is 3 h (dataset 2). Each sound
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sample in dataset 2 includes three features at any given

time. The data were stored in *.wav file format for signal

pre-processing.

5 Signal pre-processing

5.1 Pre-emphasis

The raw acoustic signals obtained from the CNC lathe are

marred by environmental noise, inhibiting the signals from

being used directly as input data to the machine learning

techniques. In our case, during the data collection process,

the noise in the recorded acoustic signals is produced from

other CNC machines that are simultaneously operating in

conjunction with the CNC lathe from which the acoustic

signals were recorded. By pre-processing the raw data, it is

possible to generate ‘‘cleaner’’ acoustic signals that can be

used as inputs to different machine learning techniques.

The low-frequency component of the sound signal nor-

mally has more energy than the high-frequency component.

The discriminator output noise power spectral density

increases as the square of the frequency (low-frequency

noise is small, high-frequency noise is large), results in

high signal-to-noise ratio across low frequencies and low

signal-to-noise ratio across high frequencies. This makes

high-frequency transmission difficult. Pre-emphasis is an

effective acoustic signal pre-processing method for

addressing this issue [38]. Pre-emphasis essentially is a

first-order high-pass digital filter designed to increase the

magnitude of higher frequencies with respect to the mag-

nitude of lower frequencies. The high-pass filter makes the

overall signal-to-noise ratio more consistent across all

sound frequencies and minimizes the adverse effects of

phenomena such as attenuation distortion in subsequent

parts of the processing pipeline. The transfer function

Fig. 1 Overview of the main components

Fig. 2 Setup for sound data collection

Fig. 3 Parameter settings at which data was collected

Table 1 Machine process parameters

Item Generated parameter

Speed/(r�min-1) 45, 95, 133, 190, 256,

375, 530, 750, 1 060

Feed rate/(mm�r-1) 0.002 2, 0.003 0, 0.003 5, 0.004 3,

0.005 0, 0.005 5, 0.006 4, 0.010 0,

0.015 0, 0.020 0

Cut depth/(25.4 mm) 0.006 0, 0.010 0, 0.018 5, 0.020 0,

0.023 0

0.025 3, 0.027 8, 0.030 0, 0.032 0,

0.037 5, 0.042 5, 0.045 3, 0.050 0
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underlying the pre-emphasis high-pass filter used in the

outlined work is defined as follows

H yð Þ ¼ 1� ay�1; ð1Þ

where a is pre-emphasis coefficient and y is the sound

signal.

In the outlined work, the value of a is set to 0.98. As

shown in Fig. 4, the application of pre-emphasis based pre-

processing methods relatively increases the amplitude of

high frequencies as compared to the lower frequencies,

thereby enhancing consistency across the entire spectrum.

5.2 BP-NN feature extraction

BP-NN is a technique that is dependent on the extraction of

characteristic features from the raw data. Characteristic

feature extraction compresses raw data through the use of

dimensionality reduction and helps in the detection of the

most effective data attributes that make sound signal

identification tasks easier to execute.

Feature vectors are usually obtained from segmented

sound signals to be used for classification [39]. Feature

vectors utilize amplitude, frequency, and energy informa-

tion of the sound signals. Peak intensity and average

amplitude values directly correspond to sound character-

istics. Different frequency peaks are obvious features for

the classification system to use for prediction [40, 41].

Feature extraction algorithms based on wavelet packet

decomposition were proposed in Refs. [42, 43]

In the field of acoustics, amplitude refers to the maxi-

mum value that a vibration quantity can acquire in a

specific time period and is the most intuitive feature when

distinguishing different sounds. In this paper, maximum

and average amplitudes are chosen as features.

Frequency is another important feature of sound signal

and is defined as the number of acoustic vibrations per

second. Major peaks in the frequency and the harmonics

are the two features used to predict the working condition

of the CNC machines in the outlined work. In this paper,

the fast Fourier transform (FFT) method is applied to the

original sound image to obtain a spectrogram that extracts

useful sound classification features. Based on the approach

in Ref. [41], five different types of frequency parameters

are selected as frequency feature vectors to train neural

network models. These parameters include: P1 is the

maximum frequency peak in the time period; P2 is the

second harmonic peak; P3 is the third harmonic peak; P4 =

P1 ? P2; P5 = P1 ? P2 ? P3.

In addition to amplitude and frequency, energy is

another valuable feature. Energy features can be attributed

to the recent developments in wavelet transform theory.

The traditional theory of signal analysis is primarily based

on the Fourier transform (FT). However, the FT suffers

from the following disadvantages: (i) limitations of local-

ization analysis; and (ii) inability to analyze non-stationary

signals. To address these limitations, researchers are

improving application methods by short time Fourier

transforms (STFT). Unfortunately, the sliding window

function of STFT is fixed. Fixed sliding window causes the

frequency resolution to be bounded during the signal

analysis process. A wavelet transform can overcome this

problem. Wavelet analysis is an emerging branch of

mathematics that is a perfect addition to Fourier analysis,

harmonic analysis, and numerical analysis. In the fields of

signal processing, image processing, speech processing,

and nonlinear science, wavelet transform is considered to

be one of the most effective time-frequency analysis

methods following Fourier analysis. Compared with

Fourier transforms, wavelet transforms are localized time

and frequency domain transforms that can effectively

extract valuable information. Wavelet transform solves

many of the difficulties plaguing Fourier transforms.

Wavelet transforms can be used to decompose a signal

using wavelets, e.g., a family of orthogonal functions such

as

WT a; sð Þ ¼ 1
ffiffiffi

a
p

Z

þ1

�1

x tð Þ/ t � s
a

� �

dt; ð2Þ

where a is the scale factor of a basic wavelet / tð Þ and s is a
translation variable.

In the outlined work, a 5 dB wavelet transform is

applied to enable the multi-scale 5 layers wavelet decom-

position. Figure 5 denotes the low-frequency coefficient of

layer 5 as A5 and the high-frequency coefficients in the 5

different layers as D1, D2, D3, D4, and D5. All frequency

coefficients are calculated simultaneously. The quadraticFig. 4 Signal comparison before and after pre-emphasis
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sum of each layer is calculated and sent as input data for

the BP-NN.

Thirteen feature vectors were extracted from the

amplitude, frequency, and energy information of the sound

dataset to detect chatter. Of the 13 features, two features

were extracted from amplitude information; five features

were extracted from frequency information; and six fea-

tures were extracted from energy information. All 13 fea-

tures are listed in Table 2.

5.3 CNN image processing

Mel-spectrogram image is used as an input to the CNN.

Each Mel-spectrogram image is constructed from a sound

sample of 0.2 s. Dividing the overall data into shorter time

intervals leads to easier feature extraction. FFT is the first

step in creating the Mel-spectrogram image. Simply stated,

the FFT converts waveform data in the time domain into a

frequency domain. The FFT achieves this by breaking

down the original time-based waveform into a series of

sinusoidal terms, each with a unique magnitude, frequency,

and phase. Plotting the amplitude of each sinusoidal term

versus its frequency creates a sound spectrum as shown in

Fig. 6.

A spectrogram image is obtained after extracting the

amplitude-frequency information. A spectrogram image

comprises two axes: the first axis represents time; the

second axis represents frequency. A Mel-spectrogram is a

specific spectrogram that expresses frequency in Mel scale.

The Mel scale is a perceptual scale of pitches determined

by listeners to be equal in distance from one another. The

reference point between this scale and the normal fre-

quency measurement is defined by assigning a perceptual

pitch of 1 000 Mels to a 1 000 Hz tone, 40 dB above the

listener’s threshold. The frequency (f) hertz is converted

into Mels (m) using [44]

m ¼ 2595 lg10 1þ f

700

� �

: ð3Þ

Figure 7 illustrates an example of a Mel-spectrogram

image obtained from the collected sound dataset.

Two of the most popular image/hand-writing recogni-

tion projects in the CNN domains are Cifar-10 [45] and

MNIST [26]. The size of the input images is set to 32 9 32

pixels and 28 9 28 pixels, respectively. The small pixel

size of input images requires smaller memory allocation

and reduces the time to train the overall CNN network.

However, smaller pixel resolution leads to a degradation of

Fig. 5 Wavelet decomposition of sound signals

Fig. 6 Sound spectrum of a sound data sample

Table 2 Sound signal features

Type Sound features

Amplitude Max amplitude

Average amplitude

Frequency Max frequency peak

Second harmonic peak

Third harmonic peak

Sum of max and second peak

Sum of max, second and third peak

Power A5 frequency cofficient

D5 frequency cofficient

D4 frequency cofficient

D3 frequency cofficient

D2 frequency cofficient

D1 frequency cofficient
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the defining features. The degradation of features adversely

affects the accuracy of the trained model. To obtain the

best tradeoff between image size and accuracy for our

problem, multiple image sizes were tested in the presented

work. When the sound image size was smaller than

100 9 100 pixels, the CNN loss function was unable to

converge, thereby resulting in poor training accuracy.

Moreover, because of the limitations imposed by the

computer configuration, a larger image will result in a

memory exhaust problem. Finally, a 150 9 150 pixels

Mel-spectrogram is selected in the reported work.

6 Model architecture

6.1 BP-NN

The learning rule for the BP-NN utilizes the steepest des-

cent optimization algorithm while back propagating

through the network to continuously adjust the intercon-

necting weights and thresholds in an attempt to minimize

the sum of squared error in the network. BP-NN comprises

an input layer, hidden layer, and an output layer. The layers

are updated using two main steps: information propagation

and error backpropagation steps. Input layer neurons are

responsible for receiving feature vectors as input data and

transmitting them to the middle hidden layer neurons. The

middle hidden layer is the information processing layer and

is responsible for information transformation. The most

popular transfer function used in BP-NN is the sigmoid

logistic, which is expressed as

f xð Þ ¼ 1

1þ e�x
: ð4Þ

According to the complexity of the classification task,

the middle layer can be designed to be either a single-layer

or multi-layers. After information is transferred from the

middle hidden layer to the output layer, the information

propagation operation is completed. When the actual out-

put is different from the desired output, the error BP pro-

cess begins. The BP error calculated by the NN is defined

as

e ¼ 1

2

X

N

d¼1

o
0

d � od
�

�

�

�

2
; ð5Þ

where o
0

d is the actual output of the sample and od is the

desired output. According to error gradient descent

methodology, the system adjusts the weights of each layer

starting from the output layer and consecutively works

back to the input layer. The positive cycle of information

dissemination and error back propagation to constantly

adjust the weight values in each layer is referred to as the

NN training process. The training process continues until

the network output error is reduced to an acceptable level

or achieves a preset number of learning iterations. Errors

decrease during each iteration of the training process.

Weight change during each iteration can be computed

using the following equation

w t þ 1ð Þ ¼ w tð Þ þ r
de tð Þ
dw

þ m0Dw t � 1ð Þ; ð6Þ

where w is the weight, t the iteration time, r the learning

rate, and m0 the momentum factor. For the BP-NN, the

number of input nodes is equal to the number of features,

i.e., 13 and the output layer has only one node. To build the

BP-NN for the detection of chatter, speed, cut depth, and

feed rate, 6 architectures with different nodes and hidden

layers (13-5-1,13-10-1,13-20-1,13-10-10-1,13-20-20-1,13-

30-30-1) are tested. The classification accuracy for these

architectures is outlined in the result section. A general BP-

NN construction is shown in Fig. 8.

6.2 CNN

A CNN consists of one input layer, one output layer, and

several hidden layers. The hidden layers include a convo-

lution layer, a max-pooling layer, and a fully connected

layer. Figure 9 presents the architecture of a CNN model

with each layer consisting of a specific name and function

in which the input data are depicted in grayscale in the

Mel-spectrogram.

The first hidden layer is the convolutional layer. Outputs

from the convolution operation are processed by an acti-

vation function called rectified linear unit (ReLU). The

ReLU function is expressed as

ReLU xð Þ ¼ max x; 0ð Þ: ð7Þ

Following the first convolution layer is the down-sampling

layer which is also referred to as a max-pooling layer.

Fig. 7 Mel-spectrogram image of a sound data sample
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Every feature value in the max pooling layer is the maxi-

mum value obtained from an observed set of neurons in the

preceding convolution layer. The controlling parameters

for the max pooling layer are filter size and spatial stride.

The filter size and spatial stride are both set to 2 for the

CNN architecture used in the presented work.

Following the first convolutional and max-pooling layer

group, there is another group of convolutional and max-

pooling layers in the proposed CNN architecture.

Two fully connected layers separate the second max-

pooling layer and a final output layer. Each neuron obtains

a value by ReLU with inputs, weights, and bias.

The output layers of a CNN consist of n outputs, each

representing a single class. In the 4 different classification

tasks, n is equal to the following: 2 (chatter case); 4 (feed

rate and cut depth case); and 7 (speed case). The output is

computed using a softmax activation function. The output

softmax function used in the outlined work is defined as

yi ¼ softmax zið Þ ¼ ezi
PK

j¼1 e
zj
; ð8Þ

where Zi can be expressed as wixþ bi and is the linear

combination of all the weights wi from penultimate layer

output(x) and a bias term bi. e
zi is the standard exponential

function to each Zi and K indicates the total class number.

The output of the softmax function can be used to denote a

probability distribution over several different possible

outcomes.

The components of CNN for Mel-spectrogram are the

same as the first CNN architecture, which includes a con-

volutional layer, a max pooling layer, and a fully connected

layer. However, parameters such as kernel size and feature

map quantity require modifications based on different data.

In addition, because of some overfitting problems during

the training process, the network has low generalization

ability. Overfitting occurs when the network learns all the

details and noise associated with the training data that will

influence the performance of the model on new data. The

most intuitionistic measure of overfitting is when the test

accuracy is much lower than the training and validation

accuracies. A drop out layer is added to the network to

address the problems associated with overfitting. A fun-

damental idea is to randomly drop units (along with their

connections) from the NN during training, which prevents

units from co-adapting too much [46]. In this paper, for

each machining parameter, four models were applied to

Fig. 8 BP-NN architecture

Fig. 9 CNN architecture
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test the classification results. The details concerning the

models’ chatter, feed rate, speed, and cut depth are listed in

Tables 3–6, respectively.

7 Results and discussion

7.1 Classification tasks

Data collection was focused on two primary categories of

datasets (dataset 1 and dataset 2, details were provided in

the data collection section). The first classification task

only focused on chatter detection (presence or absence of

chatter). For chatter detection, only dataset 1 was used, and

it comprised of two classes. The second classification task

focused on the classification of machining parameters

(speed, feed rate, and cut depth) into three different levels

(low, medium, and high). The classification task in dataset

2 was defined by the parameter values listed in Table 7.

Each process parameter was divided into three classes (3-3-

3 classification task). For training and testing purposes,

each dataset (dataset 1 and dataset 2) was further subdi-

vided into three subgroups: training data, validation data,

and test data. The numbers of data points in each of these

Table 3 Parameters of CNN architecture for chatter classification (k: kernel size; c: channel number)

Layer Model 1 Model 2 Model 3 Model 4

Conv1 k(5 9 5)/c(32) k(13 9 13)/c(32) k(5 9 5)/c(32) k(5 9 5)/c(64)

Maxpool1 k(2 9 2) k(2 9 2) k(2 9 2) k(2 9 2)

Dropout1 0.2 0.5 0.5 0.5

Conv2 k(5 9 5)/c(64) k(13 9 13)/c(64) k(5 9 5)/c(64) k(5 9 5)/c(128)

Maxpool2 k(2 9 2) k(2 9 2) k(2 9 2) k(2 9 2)

Dropout2 0.2 0.5 0.5 0.5

FC1 c(64) c(64) c(64) c(128)

FC2 c(32) c(32) c(32) c(64)

Table 4 Parameters of CNN architecture for feed rate classification

Layer Model 1 Model 2 Model 3 Model 4

Conv1 k(5 9 5)/c(32) k(13 9 13)/c(32) k(5 9 5)/c(64) k(5 9 5)/c(32)

Maxpool1 k(2 9 2) k(2 9 2) k(2 9 2) k(2 9 2)

Dropout1 0.2 0.2 0.2 0.5

Conv2 k(5 9 5)/c(64) k(13 9 13)/c(64) k(5 9 5)/c(128) k(5 9 5)/c(64)

Maxpool2 k(2 9 2) k(2 9 2) k(2 9 2) k(2 9 2)

Dropout2 0.2 0.2 0.2 0.5

FC1 c(128) c(128) c(128) c(128)

FC2 c(64) c(64) c(64) c(64)

Table 5 Parameters of CNN architecture for speed classification

Layer Model 1 Model 2 Model 3 Model 4

Conv1 k(5 9 5)/c(64) k(13 9 13)/c(32) k(5 9 5)/c(32) k(5 9 5)/c(32)

Maxpool1 k(2 9 2) k(2 9 2) k(2 9 2) k(2 9 2)

Dropout1 0.25 0.25 0.25 0.5

Conv2 k(5 9 5)/c(128) k(13 9 13)/c(64) k(5 9 5)/c(64) k(5 9 5)/c(64)

Maxpool2 k(2 9 2) k(2 9 2) k(2 9 2) k(2 9 2)

Dropout2 0.25 0.25 0.25 0.5

FC1 c(128) c(128) c(128) c(128)

FC2 c(64) c(64) c(64) c(64)
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subgroups are listed in Table 8. The allocation of a data

point to each of these subgroups was performed using

uniform random distribution.

7.2 BP-NN

The results of the application of six different BP-NNs for

the classification task related to datasets 1 and 2 (with 3-3-3

classes) are outlined in Table 9. The performance of 13-20-

20-1 (two hidden layers with 20 nodes) model is the best

compared with other models. Figure 10 depicts the con-

fusion matrix of 13-20-20-1 model for each task. Each row

of the matrix denotes instances in a predicted class while

each column denotes the instances in an actual class. BP-

NN has a relatively high classification accuracy. For each

classification task, the accuracy achieved by BP-NN is

greater than 90%.

An additional numerical experiment was devised to test

the performance of BP-NN in the presence of a higher

number of classes. In particular, for dataset 2, the number

of speed classes was increased from three to seven. The

number of classes for feed rate and cut depth parameters

was increased to four. The modified classification task and

related parameters are outlined in Table 10 (dataset 2, 7-4-

4 classification task). The classification accuracy of BP-NN

on dataset 2 (7-4-4 classification task) is listed in Table 11.

It can be observed that as the number of classes in the

dataset increases, the classification accuracy of BP-NN

decreases. Declining accuracy can be mitigated by deeper

NNs or the addition of more accurate human-designed

features that can be fed into the BP-NN.

7.3 CNN

The CNN-based classification framework was only applied

to dataset 1 and dataset 2 (7-4-4) classification tasks. The

overall dataset was split into three different subgroups:

training, testing, and validation. The numbers of samples

for each subgroup are shown in Table 12. The CNN was

trained by the training dataset and validated by the vali-

dation dataset. Parameters controlling the CNN architec-

ture include the learning rate and batch size. Learning rate

is a decreasing function of time and was set to 0.001. Batch

size defines the number of samples that are propagated

through the network. Batch size was set to 20. The testing

dataset is used to check the trained system adaption for new

to the network data. The classification results for all 16

models are listed in Table 12 (column 2–5). The best

Table 7 Different classes of machine process parameters (3-3-3

classes)

Class Feed rate/

(mm�r-1)

Cut depth/(25.4

mm)

Speed/

(r�min-1)

Low 0-0.003 0-0.01 45,95,133,190

Medium 0.003-0.01 0.01-0.02 256,375

High 0.01-0.06 0.02-0.049 530,750,1 060

Table 8 Dataset for BP-NN

Item Training

number

Validation

number

Testing

number

Chatter 1 480 260 260

Feed rate 1 480 260 260

Speed 1 480 260 260

Cut depth 1 480 260 260

Table 9 Classification accuracy for different BP-NNs

BP-NN Chatter

accuracy

Feed rate

accuracy

Speed

accuracy

Cut depth

accuracy

13-5-1 0.96 0.91 0.97 0.97

13-10-1 0.97 0.93 0.97 0.97

13-20-1 0.95 0.92 0.97 0.97

13-10-10-1 0.96 0.92 0.95 0.95

13-20-20-1 0.97 0.93 0.98 0.97

13-30-30-1 0.95 0.93 0.96 0.96

Table 6 Parameters of CNN architecture for cut depth classification

Layer Model 1 Model 2 Model 3 Model 4

Conv1 k(5 9 5)/c(32) k(13 9 13)/c(32) k(5 9 5)/c(64) k(5 9 5)/c(32)

Maxpool1 k(2 9 2) k(2 9 2) k(2 9 2) k(2 9 2)

Dropout1 0.2 0.5 0.5 0.5

Conv2 k(5 9 5)/c(64) k(13 9 13)/c(64) k(5 9 5)/c(128) k(5 9 5)/c(64)

Maxpool2 k(2 9 2) k(2 9 2) k(2 9 2) k(2 9 2)

Dropout2 0.2 0.5 0.5 0.5

FC1 c(128) c(128) c(128) c(128)

FC2 c(64) c(64) c(64) c(64)
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models for chatter, feed rate, speed, and cut depth are

model 3, model 1, model 3, and model 1, respectively. The

test classification accuracy values are 0.97, 0.92, 0.93, and

0.90, respectively.

Confusion matrices of the four best models are shown in

Fig. 11. Each row of the matrix indicates instances in a

predicted class, while each column indicates the instances

in an actual class. Even with a higher number of classes,

Table 11 Classification accuracy of all potential CNN models and

BP-NN (13-20-20-1) for (7-4-4) dataset

Item Model

1

Model

2

Model

3

Model

4

BP-

NN

Chatter accuracy 0.95 0.92 0.97 0.96 0.97

Feed rate

accuracy

0.92 0.83 0.9 0.88 0.88

Speed accuracy 0.86 0.90 0.93 0.87 0.83

Cut depth

accuracy

0.90 0.86 0.86 0.87 0.89

Fig. 10 Confusion matrix for BP-NN based classification framework

Table 10 Different classes of machine process parameters (7-4-4

classes)

Class Feed rate/

(mm�r-1)

Cut depth/

25.4 mm

Speed/

(r�min-1)

1 0-0.003 0-0.01 45, 95

2 0.003-0.006 0.01-0.02 133

3 0.006-0.01 0.02-0.04 190

4 0.01-0.06 0.04-0.049 256

5 375

6 530

7 750, 1 060
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the CNN-based classification framework exhibits high

classification accuracy (more than 90% in each task).

8 Conclusions

This paper outlined the concept of machine auscultation. It

was demonstrated that different machining states can be

recognized only from sound signals. Two different

machine learning models, BP-NN and CNN, were used to

enable artificial sound understanding for machine

diagnostics purposes. By comparing the results of the two

machine learning models, it was concluded that CNN

performed better than the BP-NN architecture for most

classification tasks. In addition, the CNN model based on

Mel-spectrum image was less demanding and more general

in terms of feature engineering in comparison with the BP-

NN model, explicitly based on extracted and selected

features.

In short, the findings of this paper demonstrate the utility

of CNN-based approaches to machine health state moni-

toring. In spite of the successes of the presented CNN

model, the precision of machine parameter determination

for practical applications is limited. Advancements in this

field are required to improve its practicability. In the future,

various types of input sound images, such as asyn-

chronously sampled signal images and MFCC images, can

be used as inputs to train the overall CNN model. Asyn-

chronously sampled signal image and MFCC-based sound

image inputs may result in improved performance. In

addition to the BP-NN and CNN, other models such as a

recurrent neural network (RNN) and HMM have been used

in image classification and may prove to be useful in sound

Fig. 11 Confusion matrix for CNN based classification framework

Table 12 Dataset for CNN model

Item Training

number

Validation

number

Testing

number

Chatter 16 000 2 000 2 000

Feed rate 17 050 2 100 1 800

Speed 30 200 3 610 3 600

Cut depth 15 800 2 000 1 800
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imaging too. RNN or HMM-based techniques for devel-

oping machine state diagnostics is an avenue for future

research.
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