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Abstract14

We present a data-driven method for monitoring machine status in man-15

ufacturing processes. Audio and vibration data from precision machining16

are used for inference in two operating scenarios: a) variable machine health17

states (anomaly detection); and b) settings of machine operation (state esti-18

mation). Audio and vibration signals are first processed through Fast Fourier19

Transform and Principal Component Analysis to extract transformed and in-20

formative features. These features are then used in the training of classifica-21

tion and regression models for machine state monitoring. Specifically, three22

classifiers (K-nearest neighbors, convolutional neural networks and support23

vector machines) and two regressors (support vector regression and neural24

network regression) were explored, in terms of their accuracy in machine state25

prediction. It is shown that the audio and vibration signals are sufficiently26
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rich in information about the machine that 100% state classification accu-27

racy could be accomplished. Data fusion was also explored, showing overall28

superior accuracy of data-driven regression models.29

Keywords: Machining, Machine Learning, Signal processing, Fault30

detection, machine state monitoring31
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1. Introduction32

Machine state monitoring is receiving increased attention in smart man-33

ufacturing systems because it has the potential to increase productivity and34

efficiency by minimizing wastage and scrap [1]. Faults in machining, such35

as tool wear, could affect the durability and dimensional accuracy of the36

machined part. For instance, the gradual increase in tool wear during ma-37

chining leads to overall failure of the process and damage to the machine38

tools in addition to high scrap yields and product quality issues. Mourtzis et39

al. [2] reported that production downtime in a machining process due to tool40

change and maintenance makes up to 75% of the total production downtime.41

Kothuru et al. [3] calculated that maintenance cost of critical components of42

machine tools accounts for 12% of the total production cost. Thus, monitor-43

ing of machine state is vital to improve the efficiency of the entire machining44

process, which, by extension, leads to a better and predictable production45

schedule for the entire manufacturing floor [4].46

A machine state monitoring system typically involves three stages: (a)47

sensing; (b) signal processing; and (c) decision making [5]. Sensing can be48

direct or indirect. For example, tool wear can be measured directly using49

a visual inspection camera and a laser beam. However, machines are rarely50

equipped with such sensors [6]. Tool wear can also be inferred indirectly from51

other measured process variables, such as vibration, audio, cutting power,52

force and temperature. While physics-based, semi-empirical, and analytical53

models can be developed for precision machining [7], data-driven models are54

appropriate for audio and vibration signals. Application of such indirect55

methods are becoming increasingly common because of their lower cost in56
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hardware requirements and machine modifications.57

After the sensing stage, time-domain and/or frequency-domain signal pro-58

cessing are required to generate useful features from the collected signals. In59

the time domain, the low-level representation of the noisy signal can dis-60

tort results, thus restricting the quality of decision-making [3]. In addition,61

filtering the effects of noise in the time domain involves substantial compu-62

tational cost, whereas it is straightforward in the frequency domain. Fast63

Fourier Transform (FFT) is a widely used method to perform feature gen-64

eration through frequency-domain analysis [3]. Several studies have applied65

FFT to audio and vibration signals for fault detection in machinery systems.66

A standard framework involves identification of the frequencies rich in fault67

information and use of this information in the detection of machine abnormal68

conditions. Glowacz [8] performed FFT to process acoustic signals gathered69

from a commutator motor and detected four fault states of the motor from es-70

sential frequency components. Atoui et al. [9] detected and diagnosed faults71

in rotating machinery through Wavelet Transform and FFT of vibration mea-72

surements obtained from accelerometer sensors. FFT has also been used to73

monitor the tool condition of various types of machinery by investigating74

frequency ranges that correlate with tool wear. Bhuiyan et al. [10] employed75

FFT on the audio and vibration signatures of turning, and investigated tool76

wear, chip formation and surface roughness of the workpiece under different77

machining conditions. Charoenprasit and Seemuang [11] inferred tool wear78

progression in drilling by using the audio signature processed through FFT79

and identified a relationship between the frequency of spindle noise and tool80

wear. Lu et al. [12] applied FFT to the audio signal obtained from a micro-81
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milling process for micro tool wear monitoring. Jauregui et al. [13] proposed82

FFT analysis of cutting force and vibration signals for estimating the tool83

condition of a micro-milling process.84

The decision-making stage is the most important in machine state mon-85

itoring systems and can be categorized into two classes: model-based and86

data-driven [6]. Model-based methods require in-depth knowledge of the87

physical mechanisms by which a fault would affect the sensed information88

of the machine. In practice, it is very difficult to predict tool wear and89

other minor machine faults with a physics-based model with high accuracy,90

because of the difficulty in quantifying the impacts of environmental uncer-91

tainty, process noise, and modeling errors on sensed signals. Moreover, our92

understanding of the physics responsible for machine vibration and sound93

is very limited. To supplement model-based methods, data-driven methods94

apply machine learning techniques to predict tool wear and detect machine95

abnormalities. Recently, deep learning is receiving significant attention in96

signal processing and machine state monitoring. Painuli et al. [14] used97

the K-star algorithm (K-nearest neighbor algorithm using an entropy-based98

distance measure) to predict the healthy and faulty tool states in a CNC99

machine, using statistical features such as standard deviation, kurtosis, and100

skewness obtained from vibration signals. Shi and Gindv [15] developed a101

least squares support vector machine (LS-SVM)-based tool wear prediction102

model by learning correlations between the actual tool wear and the ex-103

tracted features (e.g., average cutting force, the length of major axis, and104

inclination angle of major axis) on a Cincinnati vertical broaching machine.105

Gonzlez-Muiz et al. [16] proposed a system that uses 1-D deep convolutional106
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neural network (1D DCNN) to determine seven possible operating conditions107

for fault detection in a rotating machine. Wang et al. [17] used DCNN in108

the health monitoring of a gearbox, using features of the time-frequency do-109

main graphical image data learned with different fault types. Li et al. [18]110

employed CNN to detect tool breakage of CNC machines from signals of111

spindle current. Ghosh et al. [19] estimated the average flank wear of a face112

milling machine from four features (cutting forces, spindle vibration, spindle113

current, and sound pressure), using a feed-forward neural network. Jia et al.114

[20] built a deep neural network (DNN) model to diagnose faults of rotating115

machinery from vibration signals. Corne et al. [21] developed neural network116

models for real-time tool wear prediction during drilling from spindle power117

data.118

There has also been substantial interest in the application of various types119

of machine learning algorithms to machine state monitoring using audio and120

vibration signals. Cooper at el. [22] constructed CNN models to predict121

tool wear in a vertical milling machine using audio signals and compared122

the performance of 1D-CNN and 2D-CNN in terms of training time and123

accuracy. Yang and Rai [23] built and compared a back-propagation neural124

network (BPNN) and a CNN to classify the chatter caused by CNC machine125

vibrations, along with the machining settings such as speed, feed rate, and126

depth of cut. Kothuru et al. [24] performed a comparative analysis of SVM127

and CNN techniques to predict tool wear and the hardness variation of the128

workpiece, using audio signals generated in a milling machine. Madhusudana129

et al. [25] used decision trees to extract discrete wavelet transform features130

and then developed data-driven models using SVM, NN, Nave Bayes, and131
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K-star for audio signal classification in a face milling machine. Aghazadeh132

et al. [26] proposed a methodology that uses CNN to classify force and133

vibration signals under changing cutting parameters, and compared with134

other machine learning techniques such as SVM, Bayesian networks, and K-135

nearest-neighbors (KNN). Jedlinski and Jonak [27] evaluated the faults of136

a gearbox through SVM and multilayer perceptron (MLP), using vibration137

signals. Jing et al. [28] applied CNN to diagnose fault conditions of gearboxes138

from vibration signals and compared them with a fully-connected neural139

network (FNN), SVM and random forest (RF) algorithms.140

Although these studies have shown good performance, there is still con-141

fusion with regards to the most effective tool chain and machine learning al-142

gorithms for machine state monitoring through audio and vibration signals.143

Most of the studies benchmarked various algorithms for the classification of144

discrete machine states. However, introducing degradation faults, such as145

tool wear, or machine settings require methods that can predict continuous146

variables. Therefore, it is important to explore regression models to predict147

faults and machining settings modeled as continuous variables. Indeed, re-148

gression models are seldom used and the fusion of data from multiple sources149

is often missing. This study proposes a machine learning-based framework for150

machine state monitoring in precision machining. The framework is tested151

on both classification and regression for the inference of machine faults and152

estimation of machine settings. We generated experimental data of audio153

and vibration signals for two different subtractive manufacturing processes154

and explored the performance of the proposed framework using various al-155

gorithms for classification and regression. First, signals are converted to the156
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frequency domain through FFT. Then, Principal Component Analysis (PCA)157

is used to reduce the number of features in the data by eliminating features158

of small variance. Finally, we employ various types of machine learning tech-159

niques for classification and regression to analyze the transformed features of160

audio and vibration signals and compare their performance on machine state161

monitoring in terms of their prediction accuracy.162

Machine state 
prediction

Signal Decomposition
(FFT)

Feature Extraction 
(PCA)

Data Preprocessing

Audio

Vibration

Data Acquisition

KNN CNNSVM

NNR SVR

Classification

Regression

Decision Support

Figure 1: Machine learning-based framework of signal processing for machine state moni-

toring.

2. Problem Statement and Experimental Setup163

The proposed framework for machine state monitoring is illustrated in164

Fig. 1. To demonstrate the application of the framework, we explored differ-165

ent applications in machine fault detection and machine state monitoring. In166

the following, we will simply refer to the application to machine fault detec-167

tion (classification) as case 1 and the application to machine state prediction168

(regression) as case 2.169

2.1. Case 1: Machine Fault Detection170

Data from a Gerber Technology Paragon Cutter used in fabric cutting171

were analyzed to illustrate our approach to machine fault detection. Fabric172
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cutting in the Paragon Cutter is accomplished with a knife that is periodically173

sharpened. Sharpening and replacement of the knife are conducted at fixed174

time intervals and the process is agnostic to the actual wear of the knife. The175

machine generally deviates from its nominal operating mode due to issues176

that occur in the cutting head. Common faults of the machine are dull knife,177

loose knife, loose screws, loose swivel, belt issues, worn Lanchester balancer,178

to name a few. The main area of focus here was on the components that are179

related to the knife effectiveness. Each fault in the cutting head has different180

effects and behavior characteristics depending on the type and amount of181

material processed. Although the knives are at the same health state when182

they are first inserted into the cutting head, the inconsistency of materials183

being cut can cause each blades lifespan to differ substantially from others184

as time progresses.185

During faulty operation, the machine produces a sound that is unique186

to what is causing the deviation of the machine from its designed operating187

conditions. We propose using the variability in the sound characteristics of188

the machine to detect the faulty condition and the consequent identification189

of degraded operating condition of the cutting head. For this purpose, we190

collected audio signals using a GRAS General Purpose Array Microphone (50191

mV/Pa) from the National Instruments, a DataTranslation DT9837 Module,192

and QuickDAQ data logging software in very close proximity to the operating193

machinery. The microphone was attached to the cutting head to read the194

acoustic signals with good fidelity. Since the purpose our experiment was195

to classify the anomalies, the audio data was collected from known machine196

faults. Three faults that would be simple to model and that also happen197
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during operation were introduced; no knife, loose knife, and no belt. The198

no-knife scenario was operationalized by completely removing the knife from199

the Paragon Cutter while the loose-knife was defined as a knife loosened200

by three turns of the screw holding it in place. The no-belt scenario was201

operationalized by removing the belt that drives the knife. Finally, a baseline202

scenario that is representative of the Paragon Cutter in healthy operation (no203

faults) was included as well.204

2.2. Case 2: Machine State Prediction205

Data from a Mazak Variaxis 630-5X II T legacy CNC machine was used206

to predict machine settings based on audio and vibration signals. The Mazak207

Variaxis 630-5X II T Mill/Turn Machine is a 5-axis milling/turning machine208

with a tool power of 40 hp. A series of machining tests were performed209

in this machine at dry conditions (no coolant during milling). The tool210

used for cutting was a face mill cutter from Kennametal. Face milling was211

performed on a rectangular block of AISI 4340 steel with a hardness of 25212

HRC. Face milling was performed on a rectangular boss in a linear fashion213

across the length of the piece. Each controlled linear pass of the face mill214

cutter was treated as an independent test from which machine measurements215

were collected.216

To predict the machine state (its machining settings), we used audio and217

vibration signals collected from spindle vibration monitors and an audio sig-218

nal capture device. We used a six-sigma design of experiments to generate219

audio and vibration signals under various cutting settings, resulting in com-220

binations of cutting parameters that covered the operating envelope of the221

machine. In this particular case, tests were carried out under healthy con-222
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ditions (no tool wear). A tool with five teeth and a tool angle of 90◦ were223

used in all tests. The cutting parameters employed and the tests that were224

conducted are summarized in Table 1.225

Table 1: Precision machining settings of the tests studied

Depth of cut Width of cut Feed rate Spindle speed

(mm) (mm) (mm/min) (RPM)

Test 1 1.59 31.75 317.5 1299

Test 2 2.54 34.30 200.0 2000

Test 3 2.54 5.00 800.0 1500

Test 4 2.54 63.50 200.0 1500

Test 5 2.54 5.00 500.0 1000

Test 6 2.54 63.50 500.0 1000

Test 7 2.54 34.30 500.0 1500

Test 8 2.54 34.30 800.0 2000

Test 9 2.54 5.00 200.0 1500

3. Methodology226

The presented framework was developed in Python and the algorithms227

used are identified in the following sections. The data used as well as the228

specific functions used in the machine learning model are provided as Sup-229

plementary Information to this manuscript.230

3.1. Data acquisition231

In the data acquisition stage, the sound and vibration signals from the232

machine are collected and labeled. Data are collected at specific time inter-233
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vals depending on the case analyzed. Then, repeatability of the data can be234

assessed by comparison of the signals at time intervals during which the ma-235

chine performs identical operations. In case 1, audio data was collected with236

the cutter operating at 3,500RPM and at 10,000Hz sampling rate. Three237

fault scenarios and a healthy baseline scenario were recorded with four re-238

peated trials for each scenario. The collected audio signals were labeled by239

scenarios, including the baseline (healthy operation). In case 2, audio and240

vibration signals were monitored. The audio signals were extracted at a sam-241

pling frequency of 48,000Hz from the videos recorded during each test. Each242

audio length was pre-processed to include only the actual cutting period,243

removing the first and last few seconds of machine tool noise. The collected244

audio and vibration signals were labeled with the cutting parameters (depth245

of cut, width of cut, feed rate and spindle speed) used to produce them.246

3.2. Data Pre-processing247

The signal pre-processing stage is necessary to extract the collected se-248

lect class-sensitive informative features from the signals. In this step, time249

series data were transformed into the frequency domain using FFT. There250

exist more advanced methods such as Wavelet analysis and Hilbert-Huang251

transformation for signal processing. However, the small size of the collected252

audio and vibration signals, along with their unique and easily identifiable253

features in the frequency domain, did not necessitate complex signal pro-254

cessing approaches. FFT was shown sufficient to analyze signal data for the255

determination of machine status and settings. The raw audio and vibra-256

tion signals collected are time discrete and finite, and therefore, the discrete257

Fourier transform is applicable. FFT separates the signal into its corre-258
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sponding spectral components, identifies salient frequencies and the weight259

each frequency contributes to the original signal energy [29]. We prioritize260

detection of a fault after a completed manufacturing process (piece by piece,261

as the manufacturing product being processed would not meet requirements262

after a manufacturing fault either way), and for that reason we used the263

entirety of the signal of one manufacturing operation transformed to the264

frequency domain.265

After signal decomposition, a feature selection step aims to reduce the266

computational cost and increase accuracy by selecting the most informative267

features. One of the important steps in signal processing was feature selec-268

tion, in that it was necessary to select features that are specific to machine269

state or settings. Despite its simplicity, PCA was found satisfactory in pro-270

viding the most significant features for the cases studied here. In brief, PCA271

involves an orthogonal transformation that converts a set of features into a272

new feature space of equal or lower dimension, called principal components273

[30]. The feature with the largest variance has possibly the largest infor-274

mation content. The principal components are ordered by the amount of275

variation captured from the original data set and, therefore, the selection of276

a subset of principal components simplifies the database, reduces the number277

of dimensions, improves visualization of data, facilitates the explainability of278

the classification results, and typically increases accuracy in the decision-279

making step.280

3.3. Decision Support281

The audio and vibration data transformed through FFT and reduced282

through PCA were then used to train machine learning algorithms for de-283
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cision support. This stage aims to assist with the decision of the operator284

about the state of the machine. This can be in the form of data classifica-285

tion or model prediction through regression. Classification aims to predict286

a discrete class label, while regression predicts a continuous quantity. As287

discussed in the introduction, the decision support method depends on the288

type of machine state we are interested in.289

We employed three different algorithms for the audio and vibration signal290

classification; specifically: KNN, CNN and SVM. KNN is a simple algorithm291

to classify a data point based on how its known neighbors are labeled in a292

neighborhood of k-nearest neighbors (k is a hyper-parameter and is typically293

an odd number) [31]. SVM is another simple algorithm that finds a linear294

hyperplane in a much higher dimensional space, called kernel space, that295

when projected into the feature space can provide any nonlinear classifica-296

tion boundary among classes [15]. Among many possible hyperplanes that297

could separate classes, SVM searches for one that has the maximum mar-298

gin (i.e., maximum distance between data points of different classes) with299

minimum error. We used SVM using a linear Kernel, which separates data300

using a single line. Lastly, CNN are suitable for signal processing because301

it contextualize opaque patterns in data by detecting features in 1-D (e.g.,302

time series), or 2-D (e.g., image) data. CNN consist of convolution layers303

to learn the temporal and spectral structures of feature maps, along with304

pooling layers to reduce the size of the feature maps, while preserving the305

information that is needed for the model to learn effectively and carry out306

efficient prediction of a class [22, 23]. We trained the CNN with two blocks307

of 2 convolutional layers and 1 max pooling layer, followed by a single fully308

14



connected layer. Results of these blocks were flattened and fed into the fully309

connected layer. The fully connected layer was connected to the final layer,310

which reduces the feature map to the number of classes for machine fault de-311

tection and tool condition assessment. We used rectified linear units (ReLU)312

as activation functions for the intermediate layers, a softmax function in the313

output layer, and categorical cross-entropy as the loss function. We employed314

the accelerated stochastic gradient algorithm Adam, for optimizing the loss315

function. For the regression models, two different techniques were explored:316

support vector regression (SVR) and neural network-based regression (NNR).317

SVR and NNR are regression functions for mapping the input data through318

a nonlinear function to predict the outputs. [32].319

4. Results320

Results obtained from each stage in the presented framework are com-321

municated in the following sections in the order of tasks presented in Fig.322

1.323

4.1. Data-driven model for fault detection324

4.1.1. Signal decomposition for case 1325

Audio signals collected were first transformed using FFT. We applied326

FFT to the audio data from all four trials of each operating condition (i.e.,327

baseline, loose knife, no knife and no belt). After FFT, we identified key328

signal features: the frequencies and amplitudes at which a prominent peak329

occurs. Prominent peaks were defined as those with amplitude higher than330

0.25. The transformed signals at the four operating conditions are presented331

15



in Fig. 2. Note that in Fig. 2, frequencies were shifted so that each trial is332

offset by 100 Hz to avoid overlap of signals and improve the visual quality333

of the plot. The solid lines are the signals in the frequency domain and the334

circle marks represent the key signal features. Eight frequencies in every trial335

for the four operating conditions were selected as the key features. The eight336

key frequencies show clear differences in the peak position and its magnitude337

depending on the type of operation, while the repetitions show a small stan-338

dard deviation, indicating good data quality. This means that a unique sound339

signature is generated when the operating conditions deviate from the base-340

line operation of the Paragon Cutter. The detailed decomposed audio data341

for case 1 are summarized in Table S.1 of the Supplementary Information.342
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(a) (b)

(c) (d)

Figure 2: Decomposed signals with mains peaks identified for case 1: (a) baseline, (b)

loose knife, (c) no knife, and (d) no belt operation. Frequencies were shifted by 100 Hz to

avoid signal overlap and improve the visual quality of the plot.

4.1.2. Data generation for case 1343

Despite the lean audio signals of the tests in case 1, we should expect344

more noisy data from the standard machine operation and, of course, richer345

data sets. Due to the scarcity of available data in this case, we used the346

collected audio signals to create new synthetic data points. Specifically, the347

key frequency amplitudes from FFT were used for synthetic data generation348
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on the basis of their mean value. We computed a range for new data points349

in which synthetic data points would lie. Within this range, we produced 75350

new random data points. We applied this process to each of the eight key351

frequencies at the four operating conditions. Thus, a total 300 synthetic data352

points were produced for machine fault classifier. The average and standard353

deviations of each operating condition are summarized in Table 2.354

Table 2: Mean values and standard deviation of peak amplitudes for the key peaks of the

four trials of case 1

Baseline Loose Knife No Knife No Belt

Mean Stdev Mean Stdev Mean Stdev Mean Stdev

567Hz 10.26 0.27 10.13 0.22 9.62 0.50 10.46 0.49

1134Hz 1.12 0.09 2.07 0.24 0.92 0.22 2.77 0.49

1701Hz 1.11 0.12 1.21 0.50 1.45 0.06 3.33 0.40

2269Hz 1.88 0.22 1.00 0.15 1.11 0.21 1.66 0.35

2836Hz 1.43 0.16 1.58 0.30 0.61 0.12 1.04 0.18

3403Hz 0.38 0.13 1.55 0.51 0.29 0.13 0.35 0.18

3969Hz 0.49 0.12 0.92 0.29 0.64 0.14 0.50 0.19

4536Hz 0.88 0.05 2.40 0.55 0.46 0.09 0.59 0.20

4.1.3. Principal component analysis for case 1355

After signal transformation, the amplitudes of the eight key frequencies356

were analyzed with PCA. The original matrix has eight columns with rows357

representing each trial tested (i.e., 16 trials for four different operating con-358

ditions) and the amplitudes of the key frequencies populated the columns.359

Eight principal components were generated as new variables, and a new ma-360
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trix of eight dimensions that has columns representing the principal compo-361

nents was created. Given that the new matrix has the same dimension with362

the original matrix, PCA seems have no impact in terms of dimensionality363

reduction.364

Table 3 and Fig. 3 show the variance of each principal component and the365

clustering of the first three principal components, respectively. In Table 3,366

the variances are expressed as percentages of total variation. The first three367

components capture over 90% of the total variation of the original data set.368

The last three components account for less than 1% of the variance, making369

them practically irrelevant. Therefore, we can conclude the variation that was370

originally contained within the eight principal components can be reduced371

to five dimensions. As shown in Fig. 3, the first three principal components372

led to clearly separable clusters for each of the four operating conditions.373

These results indicate that any random point tested can be labeled with374

high certainty to the right category. To elucidate the significance of feature375

reduction through PCA in case 1, we compare the classification accuracy376

using PCA and the original feature set, and discuss results in the next section.377
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Table 3: Variances obtained from PCA performed for the key features of case 1

Variance (%)

PC1 45.99

PC2 38.11

PC3 8.41

PC4 5.24

PC5 1.33

PC6 0.47

PC7 0.30

PC8 0.14
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2nd Principal Component
1st Principal Component

Figure 3: Clustering of the first three principal components of the key features of case 1.

4.1.4. Machine fault classification378

Three classifiers (KNN, CNN and SVM) were employed for fault clas-379

sification, and were evaluated using their resulting confusion matrices, and380

the average correct classification metric obtained from those (the sum of oc-381

currences in the diagonal over the sum of all occurrences in the confusion382

matrix). The data were distributed between training and testing sets in the383

ratio of 80% to 20%, using random shuffling to avoid inductive biases. The384

goal of the fault classification was to predict unknown labeled faults (i.e.,385

baseline, loose knife, no knife and no belt), and compare the accuracy when386

using PCA versus when using original features to investigate the effect of387

PCA. The confusion matrices of the three classifiers using PCA and original388

features, respectively, are presented in Fig. 4. Classes 1, 2, 3, and 4 represent389

the scenarios of baseline, loose knife, no knife and no belt, respectively. All390

classifiers had 100% accuracy regardless of the type of data used between the391
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PCA and the original feature sets. It might be concluded that PCA is not392

useful in case 1. However, the main purpose of PCA is to find the subset of393

features that best capture information in the noisy signal data and reduce394

dimensions with minimal loss of information. Given the same classification395

accuracy of using PCA and original feature sets, PCA found the best sub-396

set of features without loss of information. It could also be concluded that397

using features reduced by PCA achieves 100% accuracy regardless of the398

classification algorithm. However, it should be noted that, when principal399

components are used, the number of features has less impact to the accuracy400

of most classifiers. The classification accuracy based on PCA is more relevant401

to the type of data than to the number of features reduced or the variance402

captured in the principal components [33]. Consequently, this means that403

irrespective of the machine learning algorithm, the audio signature was so404

clear and unique in each of the scenarios tested, that the complexity of the405

classifier did not matter. The classification results on data sets, including406

the synthetically generated data and the on-site collected data, suggest that407

the algorithms will work well as long as new unknown data are within the408

precision ranges of the original data.409

4.2. Data-driven model for machine state prediction410

4.2.1. Signal decomposition for case 2411

In the case of precision machining, we transformed audio and vibration412

signals of nine tests under different milling settings using FFT. As in case413

1, we identified key signal features (i.e., frequencies and amplitudes of the414

prominent peak, defined as a frequency with amplitude higher than 0.015415

for audio and 0.003 for vibration). Fig. 5 shows the transformed audio and416
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Figure 4: Confusion matrices for machine fault detection for case 1: (a) KNN with original

features, (b) CNN with original features, (c) SVM with original features, (d) KNN with

PCA, (e) CNN with PCA, and (f) SVM with PCA. Classes 1, 2, 3, and 4 represent

the baseline scenario and the three fault scenarios of loose knife, no knife and no belt,

respectively.

vibration signals for the nine tests. A total of 57 key audio frequencies and 9417

salient vibration frequencies were selected. As shown in Fig. 5(a), the 57 key418

frequencies selected from the audio signals exhibit significant shifts in peak419

position and changes in peak amplitudes as a result of different milling pa-420

rameter settings. In the vibration signals of Fig. 5(b), it can be seen that the421

9 key frequencies have considerable change in peak amplitudes despite little422

shift in peak positions with varying test settings. This means that changes423

in milling parameter settings result in unique audio and vibration signatures.424
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The detailed data of the transformed audio and vibration signals of this case425

study are tabulated in Table S.2 of the Supplementary Information.426

(a) (b)

Figure 5: Decomposed signals with mains peaks identified for case 2: (a) audio signals

and (b) vibration signals. Frequencies were shifted by 100 Hz to avoid signal overlap and

improve the visual quality of the plot.

4.2.2. Data generation for case 2427

To enrich the collected data and create noisy responses, we added white428

noise to the key frequencies in this case. 50 new data points were generated429

for each of the 66 key frequencies at each milling parameter setting with a430

standard deviation of 5%. In total, 450 additional data points were produced431

for machine state prediction.432

4.2.3. Principal component analysis for case 2433

The amplitudes of the 66 key frequencies obtained by the signal trans-434

formation (i.e., 57 frequencies of audio and 9 frequencies of vibration) were435
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analyzed with PCA. The variance of each principal component and the clus-436

tering of the first three principal components are shown in Table 4 and Fig.437

6, respectively. The first five components capture over 90% of total variation438

found in the original 66-dimensional data set. The cluster plot of the first439

three principal components shows that tests 2, 4 and 9 are easy to classify,440

while other tests are more difficult to discern. When we enlarge the clus-441

ter in the middle of Fig. 6(a), six data points are also simple to classify as442

shown in Fig. 6(b). This clear clustering of the first three principal com-443

ponents indicates a good separation of the features extracted from for the444

signals recorded. This highlights the richness of information about machine445

settings in the audio and vibration signals and are promising indicators of an446

accurate regression model (shown later). To clarify the necessity for PCA in447

case 2, results of comparing regression accuracy using PCA and the original448

features, respectively, will be discussed in the next section.449

Table 4: Variances obtained from PCA performed for the key features of case 2

Variance (%)

PC1 32.63

PC2 24.48

PC3 18.79

PC4 7.91

PC5 6.96

PC6 4.90

PC7 3.48

PC8 0.84
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Figure 6: Clustering of the first three principal components of the key features of case 2.

4.2.4. Machine state prediction450

Two regressors (SVR and NNR) were used for machine state inference.451

The root mean squared error (RMSE), shown in Table 5, was used to eval-452

uate the regressor performance. The objective of regression was to predict453

unknown cutting parameters: depth of cut, width of cut, feed rate and spin-454

dle speed. Three scenarios were studied in which each data set of audio455

and vibration signals and a data set with both signals were used as inputs.456

For each scenario, regression accuracy using PCA and that using the origi-457

nal features were compared. The RMSE of regression using PCA was lower458

than that using the original features, regardless of the type of model and459

scenario. The RMSE of NNR was lower than that of SVR for all regression460

tasks. The RMSEs of vibration signal models were lower than that of audio461

signal models. In summary: i) regression accuracy achieved with PCA was462

significantly better than that with the original feature sets, ii) NNR showed463

better performance than SVR in estimating the unknown continuous cutting464
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settings using either audio or vibration signals as inputs; and iii) the models465

using vibration signals were more accurate. The use of fused audio and vi-466

bration signals as inputs further improved the prediction accuracy, indicating467

different information content in the two signals. The entirety of data, signal468

processing and regression algorithms and execution guides can be found in469

the Supplementary Information of this document.470

Table 5: Root mean squared error of SVR and NNR models, trained with the original

features and those reduced through PCA from the audio, vibration data and fused audio

and vibration data

Audio Vibration Audio+Vibration

SVR NNR SVR NNR SVR NNR

Original

features

Depth of cut 0.021 0.014 0.007 0.006 0.005 0.004

Width of cut 0.023 0.012 0.006 0.004 0.005 0.003

Feed rate 0.053 0.039 0.007 0.006 0.006 0.005

Spindle speed 0.019 0.011 0.005 0.004 0.004 0.002

PCA

Depth of cut 0.0070 0.0049 0.0046 0.0031 0.0027 0.0019

Width of cut 0.0094 0.0042 0.0043 0.0029 0.0017 0.0012

Feed rate 0.0093 0.0059 0.0029 0.0024 0.0016 0.0013

Spindle speed 0.0099 0.0035 0.0037 0.0028 0.0020 0.0010

5. Conclusions471

This study proposed a machine-learning framework, coupled with signal472

processing, for machine state monitoring. We applied the framework for two473

purposes: machine fault detection and machine state prediction. First, we474
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collected labeled data of audio and vibration signals for the two applications.475

Then, we analyzed the collected signals through FFT and PCA to extract476

information from the signals as features. Finally, we performed classification477

and regression tasks using different machine learning algorithms. Conse-478

quently, it was demonstrated that machine faults and cutting settings can479

be recognized from the audio and vibration signals. In case 1, three machine480

learning classifiers, KNN, CNN, and SVM, were used to enable audio-based481

detection of machine faults. By comparing the results of the three machine482

learning models, it was concluded that all models correctly classified the483

four operating conditions from audio signals. In case 2, two regressors (SVR484

and NNR) were employed to predict the continuous cutting parameters from485

the audio and vibration signals. In these regression tasks, data reduction486

through PCA was shown to be superior to the original features. NNR had487

better performance than SVR in terms of RMSE, and the prediction was488

more accurate through vibration signals instead of audio signals. In short,489

the findings of this paper demonstrate that audio and vibration signals are490

rich in information about the machine state, and machine learning-based491

approaches can be beneficially employed to machine state monitoring. De-492

spite the successes of the presented machine learning models, the number of493

signal data and precision of machine parameter determination for practical494

applications are limited. In the future, the much greater number of signal495

data and different types of input signal images, such as short-time Fourier496

Transform spectrogram or Mel frequency cepstral coefficients image, can be497

used to train machine learning models. In addition to machine learning mod-498

els used in this study, other models such as a recurrent neural network and499
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least squared support vector machine can be used for processing signals in500

smart manufacturing. Finally, given that the method presented here de-501

pends on particularities of a machining process (e.g., machine, tooling and502

work piece), analysis of signals from different machines is underway to explore503

potential commonalities between the extracted features to provide general-504

ized inference of machine state or machine settings for specific manufacturing505

operations.506
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