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ABSTRACT 

Real-time change detection and abnormal prediction play essential roles in the safety and 

quality assurance of manufacturing processes. This research tried to verify the efficiency 

of Dirichlet Process Gaussian State Machine (DPGSM) and Intrinsic Time-Scale 

Decomposition (ITD) applied on the Acoustic Emission (AE) cutting sensor signal — 

which is a kind of nonlinear, non-parametric, and non-stationary manufacturing process 

signal that is generated during the cutting process — to assess the characteristics of 

machining of a Natural Fiber Reinforced Plastic (NFRP) composite material. The research 

attempted to determine whether the combination method of DPGSM and ITD is eligible 

to distinguish the pattern change of the cutting process under process parameter settings. 

The research also employed Average Run Length 1 (ARL1) to justify the performance of 

the DPGSM and ITD methods, classify the cutting process based on the results of Control 

Chart plots, and relate the change points to the actual process through the use of videos 

and AE cutting signals gathered during an earlier experimented study of the cutting 

process of the NFRP material. 
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1. INTRODUCTION

1.1. Research Background and Objects 

1.1.1. The Importance of Change Detection in Industry Manufacturing Processes  

Real-time change detection, especially the detection of anomalies in real-time streaming 

data, plays an essential role in real time processes in modern industry (Ahmad et al. [1]) 

and other fields, making it essential for improving the monitoring and control of real-

world complex systems (Bukkapatnam and Cheng [2]).  

Sensors that widely applied in the industry file have provided the previous researchers 

with abundant data generated from various kinds of manufacturing processes, and the 

abnormal phenomena in the time series datasets from the signals detected by sensors has 

become the main research object which processed by the methods and algorithms 

discussed in this report.  

Generally say, the abnormal phenomena discussed in this report regard behavior expressed 

by the signal, such as characteristics that are sharply and obviously different from the 

normal situations and cases during signal generation, and that usually acts as foretastes or 

omens before serious or undesirable faults, failures and accidents, such as collapses or 

catastrophes, happen. Thus, by analyzing the abnormal phenomena, damage and 

catastrophe can be prevented from happening (Iquebal and Bukkapatnam [3]).  
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1.1.2. Limitations of Parametric Models in Non-Stationary Cases 

Some stationary assumptions and methods have been introduced in previous research. 

However, the traditional methods that rely on parametric models have their inherent 

limitations and are not sufficient to handle the non-parametric, non-stationary, and non-

linear situations that are widely seen in the real world (Cheng et al. [4], Bukkapatnam et 

al. [5] [6]). For example, traditional theories in change detection tend to apply the 

hypothesis testing defined as 𝐻( : 𝜃 = 	𝜃(  against 𝐻+ : 𝜃	 ≠ 	𝜃( . This method does not 

match well with real world cases, which are often highly non-linear and non-stationary, 

and the corresponding 𝜃 varies over time. Thus, the limitation of traditional theories is that 

they may only be able to detect well-developed changes and are slow to detect initial 

anomalies (Wang and Bukkapatnam [7]).  

Therefore, efficient, precise, and real-time change detection algorithms and methods are 

needed to overcome the inefficiencies of traditional models. Some previous research 

projects have shown the applications of mathematical and statistical models on the non-

stationary process. For example, Alippi et al. [8] introduced a just-in-time classification 

system based on the data generated in non-stationary circumstances. An et al. [9] applied 

the intrinsic time-scale decomposition (ITD) method to decompose the vibration signal 

into several proper rotations and apply the nearest neighbor algorithm to identify the fault 

types of the wind turbine bearing. Ahmad et al. [1] used an online sequence memory 

algorithm called Hierarchical Temporal Memory (HTM), which is an unsupervised model 

that focuses on the non-stationary process, to work on the Numenta Anomaly Benchmark 
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(NAB), a benchmark containing real-world data streams with labeled anomalies. 

Bukkapatnam et al. introduced signal separation methods such as the Neighborhood 

Method (NM) and the Modified Wavelet Method (MWM) on signals that are acquired by 

sensors from machining processes [6], applied a suboptimal scaling function to represent 

the signal simply [10], introduced the detection of chaos sensor signal from the turning 

operation based on real-time theory [5], and used chaos theory in the control system and 

manufacturing processes [11]. Cao et al. [12] proved that the application of permutation 

entropy is a kind of simple and efficient method that can detect dynamical change in the 

time series signal like brain waves. Cheng and Bukkapatnam tested multiple prediction 

experiment cases, which were based on the Monte Carlo simulation method, on the 

nanostructure material Carbon Nanotube Synthesis [13] [14] [15]. Choi et al. [16] claimed 

that the change of autocorrelation structure should be reflected in the Fourier or wavelet-

based spectrum and can be detected by comparing estimated spectra of adjacent blocks of 

the series under non-stationary circumstances. Huang et al. [17] used the empirical mode 

decomposition method as the key combined with Hilbert spectrum to deal with non-

stationary time series and reviewed the applications of Hilbert - Huang Transform (HHT)  

on non-linear and non-stationary situations that exist widely in the real world [18].  

Iquebal, Bukkapatnam, and Srinivasa [19] applied a non-linear and non-stationary method 

called Intrinsic Time-Scale Decomposition (ITD), introduced a concept of maximal 

mutual agreement to the ITD method to capture information about dynamical changes, 

and used the InSync statistical method to capture this local information. Karandikar et al. 
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[20] applied various methods such as electrocardiogram (ECG) Derived Respiration

(EDR), which is based the Empirical Mode Decomposition (EMD) technique, to deal with 

the non-stationary ECG signal generated from Obstructive Sleep Apnea (OSA). Kim and 

Melhem [21] developed traditional wavelet analysis methods and used Discrete Wavelet 

Transform (DWT) to deal with the non-stationary structure damage signal. Kong et al. [22] 

used non-linear Bayesian analysis and statistical modeling, including Sequential Monte 

Carlo (SMC) and Particle Filtering (PF), to estimate and predict process state variables.  

This thesis used the combination method of Dirichlet Process Gaussian State Machine 

(DPGSM) and Intrinsic Time-Scale Decomposition (ITD) to verify whether these methods 

can keep their efficiency in the cases of manufacturing processes on the Natural Fiber 

Reinforced Plastic (NFRP) material, which tends to generate a non-linear and non-

stationary Acoustic Emission (AE) structural wave signal. 

1.1.3. The Applications of Acoustic Emission (AE) Signal in Process Monitoring 

Acoustic Emission (AE) is a physical phenomenon and sensing method associated with 

the spontaneous release of string energy and a kind of burst wave signal that is generated 

from the plastic deformations of materials (Terchi and Au [23]). Basically, the AE signal 

is a kind of non-stationary and random process that can be considered as a time series. Al-

Dossary et al. [24] defined the Acoustic Emissions as the phenomenon that results in 

structure-borne propagating waves and is generated by the rapid release of energy from 

localized sources within and/or on the surface of a material. These researchers showed 



5 

that defect sizes in a rolling element bearing can be detected from analyzing the AE 

wavelets. Blum and Inasaki [25] defined the definition of Acoustic Emission as the release 

of a vibrational wave in the lattice of crystalline materials due to the rearrangement of the 

internal structure of a material. Blum also stated that the generation of the AE signals 

directly in the cutting zone makes them very sensitive to changes in the cutting process, 

and considered the AE signal as one of the most promising tool monitoring techniques. 

Enormous data of AE signals was generated while changing the cutting conditions in the 

orthogonal cutting process. Baccar and Söffker [26] used the definition of Acoustic 

Emission from the American Society of Testing and Materials Terminology for Non-

Destructive Examinations, “the class of phenomena whereby transient elastic waves are 

generated by the rapid release of energy from localized sources within a material”. Baccar 

and Söffke also mentioned that Acoustic Emission is a suitable method to monitor the 

health of composite structures in real time and is considered to be one of the most 

appropriate Non-Destructive Testing (NDT) methods in health monitoring, especially in 

dynamic systems. Bukkapatnam et al. [27] and Chang et al. [28] described the AE signal 

as high-frequency micro-elastic pulses generated in a material undergoing plastic 

deformation. The researchers emphasized the steps of signal characterization, signal 

representation, and state estimation in the analysis of the AE signal. 

Kannatey-Asibu and Dornfeld [29] analyzed the AE signal generated during the 

machining process; studied the interactions between the cutting tools, the workpiece 

materials, and the formations; and used the AE signal analysis as a kind of online tool 
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wear and failure detection method. Dornfeld et al. applied the AE signal in other cases, 

such as using the AE signal in the cutting test and tool wear of face milling machines [30], 

in the detection of the onset of motion and slip between the effector and the workpiece 

[31], and in tool life and surface roughness monitoring [32].  

In this thesis, the AE signal is considered as the main data resource that describes the 

characteristics of amplitudes and patterns of cutting manufacturing processes. The 

changes of the cutting process, such as the deformation of plastic materials (e.g., fiber), 

and the chip formation and accumulation are reflected from the changing of the AE signal. 

According to the experience of previous research and the signal used in this report, the 

raw AE signal directly collected from the Acoustic Emission (AE) sensor generally has 

high frequency and contains obvious noise, which became a topic for resolution in this 

research. 

Al-Dossary et al. [24] concluded that the geometric defect size of outer race defects in the 

rolling element bearing can be determined from the AE waveform. Bhuiyan et al. [33] 

used the AE sensor to measure the signal frequency in machining. The AE signal 

component of tool wear and plastic deformation in turning are separated by simulating the 

process of tool wear by a grinding test where the workpiece of the grinding test is the same 

tool-insert for the tuning test, and the process of tool wear in turning is replicated by the 

process of material removal in grinding.  
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Boczar and Zmarzły [34] used the AE signal to detect, measure, and locate partial 

discharges in the oil insulation systems of power appliances; in that research, the AE signal 

was considered as a wavelet and was processed with different transform methods. 

Briongos et al. [35] showed the application of low frequency out-bed passive AE signal 

on the monitoring of gas-solid fluidised bed hydrodynamics.  

Chang and Bukkapatnam [28] studied the AE signals that generated from the prominent 

atomistic sources in the shear zone of a machining process. The application of statistical 

models proved the emulation of phenomenon like bursts and transients. Gómez et al. [36] 

considered the AE signal as a kind of steel machining characteristic that can be extracted 

the cutting process information. Eftekharnejad et al. [37] applied spectral kurtosis on the 

AE and vibration signals, and Elforjani and Mba [38] applied Fast Fourier Transform (FFT) 

on the AE signal in order to detect the defective phenomenon or to diagnose the fault that 

exists in a bearing. Huguet et al. [39] applied the AE signal parameters as the resource and 

used Kohonen’s self-organizing neural network as the tool to identify and characterize the 

various damage mechanisms in stressed glass fiber reinforced polymer composite 

materials.  

Govekar et al. [40] emphasized that the signal analysis methods applied on the AE signal 

should be nonlinear and that the AE signal should be considered as a kind of time series. 

McCrory et al. [41] identified the AE signal as coming from the regions of damage and 

then analyzed it using three AE classification techniques: Artificial Neural Network 
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(ANN) analysis, Unsupervised Waveform Clustering (UWC), and corrected Measured 

Amplitude Ratio (MAR). Dahmene et al. [42] used examples to show that the AE theories 

and methods have been applied in the field of material engineering and also as a 

nondestructive testing (NDT) method in the aerospace industry.  

1.1.4. Summary of Introduction 

In the research presented in this thesis, the AE signal was generated from the surface 

cutting manufacturing process applied on the Natural Fiber Reinforced Plastic (NFRP) 

composite material. Since the AE signal is able to indicate potential pattern changes in the 

cutting process, we used the AE signal as the main analysis subject. The original AE signal 

generated during a cutting process tended to have large spikes. These spikes (or say bursts) 

tended to have relatively large amplitudes and short duration times when compared with 

the whole cutting process signal. Meanwhile, the original AE cutting signal tended to be 

non-parametric and non-stationary; thus, some original stationary hypothesis methods 

might not be suitable for this case. These are the reasons the DPGSM model combined 

with the ITD method was chosen: to see whether these combined methods can accurately 

detect abnormal signals that stand out as the unusual patterns during the cutting process. 
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2. METHODOLOGY

2.1. The Definition and Advantages of the Dirichlet Process Gaussian State Machine 

(DPGSM) Model 

Liu et al. [43] introduced the object of research from the perspective of sensor-based online 

process monitoring as 

(1) Detect the onset of anomalous process states and

(2) Identify/classify different types of anomalous process states.

Liu et al. [43] thought that these two questions could be solved by applying the Dirichlet 

Processed Gaussian Mixture (DPGM) models, since the DPGM models are able to 

overcome limitations such as normality and symmetry of data, and DPGM models 

inherently account for temporal autocorrelation in the data.  

Le and Bukkapatnam [44] studied obstructive sleep apnea and considered the apnea as a 

kind of abnormal phenomenon, then applied the DPMG to estimate the transition from 

normal to abnormal in order to estimate the time to a potential Obstructive Sleep Apnea 

(OSA) status. Le et al. [45] applied the DPGM model to predict the occurrence of sleep 

apnea episodes from the OSA database and determined the accuracy of predicting OSA as 

about 80%. 

Beyca et al. [46] applied the Dirichlet Process as a kind of decision-making method, which 

can be used in real-time situations like ultraprecision machining.  
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Wang and Bukkapatnam [7] introduced the Dirichlet Process Gaussian State Machine 

(DPGSM) model as a kind of non-parametric Bayesian approach based on representing 

the transient stochastic process as a Dirichlet process in which Gaussian clusters are mixed 

with a non-linear stationary process to determine the internal evolution within each cluster. 

According to the introduction of Wang et al. [47], the DPGSM is able to detect both 

stationary status and different kinds of intermittent statuses, and the result of the DPGSM 

tends to perform better than some traditional control chart methods, e.g., detecting the 

changes like different patterns in intermittent signals ahead of some competing methods 

[7]. Meanwhile, the Markov transition matrix has been used to determine the stationary 

transition between clusters.  

Non-parametric means that the method used in this research should overcome the 

limitations of those parametric models that have some value settings such as the mean of 

data, the standard deviation, or some coefficient of input data that should exactly or 

impliedly exist. A stationary process means that the joint probability distribution of the 

stochastic process does not change when shifted in time or space. The intermittency 

process refers to a kind of complex and non-stationary process, which has irregular 

changes such as changes of signal amplitude, frequency, and intervals that always exist 

during the dynamic behaviors. 
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The Dirichlet process is a kind of probability distribution whose range is itself a set of 

probability distributions, and the Gaussian clusters means the data to be classified into the 

clusters should follow the Gaussian distribution. According to the Dai and Storkey [48], 

the Dirichlet process mixture method can train unsupervised models which are generally 

applied on the nonparametric model that has an infinite number of clusters.  

The Markov Chain and Markov Matrix are used to describe the probability of transitions 

between clusters. They mainly describe the probability of the cluster changes from the 

current situation in the current step to the next situation in the next step. 

DPGSM is a kind of new approach that is based on representing the state space of the 

dynamics as a stochastic mixture, which is modeled as a Dirichlet Process of Gaussian 

clusters. The DPGSM model has a specified nonlinear stationary transition between 

clusters and a Markov transition matrix determining the stationary transition between 

clusters. 

The DPGSM should capture both steady state situations, as well as various forms of 

intermittencies, and it is conducive for detecting changes which in these situations. Thus, 

this research used the DPGSM model to determine the changes of the cutting pattern from 

the AE signal. 



12 

An intermittent process is characterized by finite-time sojourns of system trajectories in 

the state space about multiple attractors. The evolution of the trajectories in an attractor 

embedded in a d-dimensional state space is a topological d-Markov process. 

Consequently, the finite-time sojourns and the transitions of the system trajectories over 

the multiple attracting subsets can be represented as a Markov transition matrix. 

Cheng et al. [4] introduced the concept of attractor in the transformation of state space 

signal. The concept of attractor is from the State-Space Reconstruction method that is 

applied on the raw signal, and the m-dimensional time-delay method is the one that 

changes the one-row vector generated from the given AE signal dataset to a matrix that 

has multiple rows as follows: 

𝑥(𝑡0) = [𝑦(𝑡0), 𝑦(𝑡0 + 𝜏), 𝑦(𝑡0 + 2𝜏),⋯ , 𝑦(𝑡0 + (𝑚 − 1)𝜏)] 

The 𝑚 is the embedding dimension and the 𝜏 is the time delay. The suitable 𝑚 value is 

determined by the false nearest neighbor method (Takens [49]), and the suitable 𝜏 value 

is determined by the mutual information (Fraser et al. [50]). The suitable 𝑚 value should 

be sufficient to embedding the signal in order to unfold the attractor, and the suitable 𝜏 

value should minimize the correlations for both nonlinear and linear input signals. Then, 

the signal will generate as the detours in the vicinity of the attractors. 
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Wang et al. [47] introduced the brief concepts of Markov Matrix. Π = >
𝜋@@ ⋯ 𝜋@A
⋮ ⋱ ⋮
𝜋A@ ⋯ 𝜋AA

D 

is the transition matrix determining the Markov transitions, and the count vector 𝑍F  of 

transition samples from cluster 𝑗 to every cluster (including itself) follows a multinomial 

distribution with the parameter vector 𝜋F = 	 H𝜋F@, 𝜋FI, … , 𝜋FKL. 

For every 𝑗 and 𝑘 in the 𝜋F, the model set the 𝐻(:	𝜋FK = 𝜋FK(; 𝐻+:	𝜋FK ≠ 𝜋FK( where 𝜋FK( 

is the nominal value of a transition matrix element under hypothesis 𝐻( . And, each 

element called 𝜋FK presents the following: in how much probability will time series data 

at time step 𝒾 to cluster 𝒿 move to cluster 𝓀 in the next step, which is called step 𝒾 + 1. 

According to the Dirichlet Process Gaussian State Machine theory, the overall procedure 

may be summarized as follows: 

• Step 1: Determine DP cluster distributions;

• Step 2: For every time t thereafter, estimate the transition matrix;

• Step 3: Set the significance level vector 𝛼 = 	 {𝛼@, 𝛼I,⋯ , 𝛼A}, in which

𝛼F = 1 −	(1 − 	𝛼)UV A⁄ 	is the significance level of row j; 

• Step 4: Calculate the statistic 𝑑FI and the control limits for each row j; and

• Step 5: Monitor the process and estimate ARL1.
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Also, a multivariate Hotelling statistic may be employed using row-wise Mahalanobis 

distance 𝑑FI = Y𝜋F − 𝜇F[∑ Y𝜋F − 𝜇F[
]^@

F , since for large 𝑛, 𝜋  follows 𝑁Y𝜇F, ∑ 𝑗F [

distribution. 

Liu et al. [43] introduced the application of Average Run Length 1 (ARL1) to check the 

sensitivity of the model. The ARL1 stands for the number of the sample points that have 

been checked before the abnormal phenomenon was detected since the change of the 

signal pattern can be reflected from the internal changes in the AE signal. Liu et al. also 

emphasized that the ARL1 is a kind of criterion that is used in the statistical process control 

(SPC) chart for abnormal detection. The Control Chart follows the 3-sigma statistical 

distribution theory from the given data. 

Bukkapatnam et al. [27] emphasized that the analysis of the AE signal during the 

manufacturing process should include correct characterization of sensor signals and 

accurate modeling of the relationship between the feature in the AE signal and the state 

vector.  

2.2. The Definition and Advantages of the ITD Method 

The original AE signal from the cutting process always contains noise and irrelevant 

information that may hide the tendency and characteristics, or at least bring negative 

impact on the detection of pattern changes in the cutting process.  
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Some methods have been used in previous research to decrease noise. For example, 

Agante and De Sá [51] applied distinct soft-thresholding techniques and generated good 

filtering results. In this thesis, the Intrinsic Time-Scale Decomposition (ITD) method was 

used to decompose the signal and find the characteristics of the signal. According to the 

formulation of Frei and Osorio [52], if an original time series signal called 𝑋b is given, the 

ITD can provide an operator 𝐿 that extracts the baseline signal of the original signal, and 

the corresponding proper rotation is called 𝐻. Thus: 

𝑋b = ℒ𝑋b + (1 − ℒ)𝑋b = 𝐿b + 𝐻b 

In this expression, the 𝐿b = 	ℒ𝑋b  is the baseline signal and the 𝐻b = (1 − ℒ)𝑋b  is the 

proper rotation that is mentioned in the above. The original time series signal 𝑋b has some 

successive extrema value points called 𝜏K. 

Guo et al. [53] introduced that if the 𝐿b has been defined on 𝜏K	 and 𝑋b is available for 

[𝜏K, 𝜏KeI], we can let 𝑋b and 𝐿b denote 𝑋b(𝜏K)	and 𝐿b(𝜏K), and then the piecewise linear 

baseline and proper rotation of 𝑋b on interval [𝜏K, 𝜏KeI] can be decomposed as follows: 

ℒ𝑋b = 𝐿b = 𝐿K + f
𝐿Ke@ − 𝐿K
𝑋Ke@ − 𝑋K

g (𝑋b − 𝑋K) 

𝐻b = (1 − ℒ)𝑋b = 𝑋b − 𝐿b 

𝐿Ke@ = 𝛼[𝑋K + f
𝜏Ke@ − 𝜏K
𝜏KeI − 𝜏K

g (𝑋KeI − 𝑋K)] + (1 − 𝛼)𝑋Ke@ 
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In most cases, the value of	𝛼 equals 0.5. Thus the baseline 𝐿b is the linearly transform of 

𝑋b, which makes the 𝐻b monotonic in every successive interval (𝜏K,𝜏Ke@].  

Frei and Osorio [52] introduced the advantages of the ITD method as follows: 

(1) Balance the trade-offs between precise temporal information and precise frequency

information; 

(2) Avoid the priori assumptions about the signal; and

(3) Perform the analysis in an efficient and rapid manner like the cases in online and real

time situations. 

In the ITD theory, the signal should be decomposed into suitable ‘rotations’. The rotations 

from ITD should well define the instantaneous frequency and amplitude, and the rotation 

results should along with an underlying monotonic signal trend.  

Moreover, the ITD is a new kind of real-time signal filters that utilizes the newly available 

instantaneous amplitude and frequency/phase information with additional features and 

morphology information from single-wave analysis. 

Iquebal, Bukkapatnam, and Srinivasa [19] emphasized the importance of phase study in 

the real-time dynamic signals and used the ITD method to capture the dynamic change of 
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interest, and then defined a method called InSync to capture the local information. 

Applications of real world from ITD related methods came out with efficient performance. 

Thus, ITD was applied as the main decomposition method in the research since ITD can 

work as a filter that can retain the characteristics of original signals.  

2.3. Summary of Reasons for Combining ITD with DPGSM in the Research 

The AE signal that needed to be processed and in which abnormalities needed to be 

detected had a non-linear and non-stationary original signal and contained some low 

frequency noise that generated from the cutting process and could be collected by the AE 

sensor. The ITD is used as a filter to keep the main tendency of the AE signal, and the 

DPGSM model can handle the non-linear and non-stationary case, since it is a non-

parametric method and suitable to handle complex cases like the detection of 

abnormalities in the AE signal. 
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3. IMPLEMENTATIONS

3.1. Materials and Facilities Background 

The material used in the experiments was the polymer material called Natural Fiber 

Reinforced Plastic (NFRP), which contains a soft matrix and some enhanced fibers that 

can increase the strength of the material. The cutting facility used a cutter to cut through 

the material surface, and the AE signal was generated during this process. Cutting on 

different material components could generate different kinds of signals. 

Chegdani et al. [54] emphasized that the NFRP is a type of eco-friendly material and will 

bring advantages to manufacturing design, and therefore studied the tribo-mechanical 

behavior of the complex structure of natural fibers. Chegdani et al. also researched the 

thermal effects such as dry and wet polishing during the manufacturing process of NFRP 

composites [55]. This work showed that reducing the cutting temperature can affect the 

chip morphology and improve the cutting behavior of flax fibers [56]. The utilization of 

facilities and the concept of fiber orientation are from Wang [57]. 

Diagrammatic sketches of the cutting facilities applied on this cutting process are 

presented in Figure 3.1.  
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Figure 3. 1 The sketch map of the facilities’ locations in the experiment. 

The Figure 3.1 shows the main sensors that are applied during the cutting process. Three 

sensors were primarily used during the experiment. One was the AE sensor, and the other 

two were the vibration sensors; one of the vibration sensors was placed on the cutting tool 

that will attach with the material surface during the cutting process, the other vibration 

sensor was placed on the workpiece holder.  

Another concept for which illustration is helpful is the definition of fiber orientation (or 

Fiber of Angle, FOA). Fiber orientation refers to the angle between the orientation line of 

fiber in the NFRP material and the cutting direction of the cutter (see Figure 3.2). This 

research applied different fiber orientations in the generation of the AE signal. 
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Figure 3. 2 The definition plot of fiber orientation (Fiber of Angle, FOA). 

The vibration signal acquired from the vibration sensor placed on the workpiece holder 

can provide the exact time at which the cutting process really starts and ends. The cutter 

has its cutting velocity and orientation with the fiber during the cutting process. The 

experiment applied different cutter velocities, including cutter velocity = 2, 4, 6, 8, 10 and 

12 m/min. The fiber orientation also changed from 0∘ to 45∘ or 90∘. 

The cutting process focus on the material surface was based on the abnormal AE signal 

detection. According to the introduction from Cheng [58], the application of the AE signal 
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can be used on the analysis of ultra-precision machining (UPM) processes and material 

quality study of aluminum workpieces. 

The cutting process contained different kinds of chip formations, chip behaviors, and chip-

material (surface) interactions. For example, the cutter had multiple temporary stops 

during the cutting process; the depth at which the cutter was inserted into the material 

surface was not constant, due to both the facility itself and the elasticity of material. And, 

chips always break away from the material surface when the cutter is pushed forward. 

Therefore, the DPGSM model was examined for its use to define and distinguish the 

different cutting patterns. 

Cameras were used to record the videos of the cutting processes and the surface of the 

cutting material. These recording were able to monitor the changes of the cutting depth 

and the formation of material chips during the processes. The study of the material surface 

provided details that showed how the fibers and matrix in the material were cut off. 

3.2. Acoustic Emission Signal Characteristics 

3.2.1. The Background of Using Criteria in the Classification of the AE Signal 

The main research task of this thesis was to determine the use of the AE signal generated 

from the cutting process as a kind of evidence and to distinguish the different cutting steps 

and patterns by considering them as abnormal during the time series signal. 
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According to the research of Giordano [59], the researchers consider the testing of the 

transformed Acoustic Emission signal as a new methodology for the analysis of micro 

failure modes in composite materials. The researchers consider that the failures and fiber 

behaviors (e.g., fiber breakage) during tensile loading tests can be classified as different 

clusters after the applied Fast Fourier Transforms (FFTs). Moreover, the analysis of 

Acoustic Emission signal generated from the fiber breakage and the matrix fiber 

debonding was performed by incorporating a viscoelastic model for the matrix.  

The cutting process contained multiple patterns, and one of the typical patterns during the 

cutting was the generation of spikes in the AE signal. The spikes (also called bursts) 

always had relatively large amplitudes and short durations when compared with the total 

AE cutting signal. Some previous research results had proven that the deformation of 

material and chip formation could be reflected on the change of the AE signal during the 

cutting process, and that the AE signal spikes that tend to have some larger amplitudes 

and some obvious peaks inside can provide useful information on the pattern changes. 

The beginning part of cutting process is basically smooth and does not contain too many 

abnormal signal spikes that indicate the change of cutting patterns. Thus the DPGSM 

model considered the beginning section of the AE cutting signal as the training section, 

which was used to generate the training data for the Gaussian clusters and Control Charts, 

and the total of the AE cutting signal was considered as the test data. Finally, the goal was 

to verify whether the pattern changes of the cutting process reflected by the AE signal 
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could be detected using the combination method of DPGSM and ITD. The research proved 

that the application of DPGSM and ITD is eligible to detect the spikes and pattern changes 

during the cutting process. 

Moreover, the DPGSM statistical distribution results were used to identify and analyze 

the abnormalities during the cutting process since the DPGSM statistical distribution is 

able to indicate the locations of abnormal spikes detected by DPGSM model. 

Bohse [60] claimed that the Acoustic Emission testing basically gives information as to 

when (time, external loading parameter), how many (rate), how intense (amplitude, 

energy), and where (location of AE sources) stress wave emitting damage processes in 

specimens or structures occur. For a long time, some conventional AE features (e.g., peak 

amplitude, rise time, counts, duration of the signals, etc.) or its distributions and 

correlation plots were used.  

3.2.2. The AE Features Considered in This Research 

The AE signal spike has multiple features and characteristics. Some conventional AE 

features, e.g., the duration time, the maximum amplitude and the MARSE are used during 

the change characteristic. Aggelis [61] applied the characterizations such as the rise time, 

duration, and the RA value calculated from rise time divided by amplitude in the released 

AE signal. According to the introduction from the Nondestructive Testing (NDT) 

Resource Center, the basic definitions of the AE features are explained as follows. 
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3.2.2.1. Amplitude 

Amplitude means the greatest measured voltage that can be recorded on the sensor. This 

is an important parameter in acoustic emission inspection because it determines the 

detectability of the signal. This research recorded only the signals with amplitudes larger 

than the threshold. 

3.2.2.2. Rise Time 

Rise time is the interval between the first threshold crossing and the signal peak. 

3.2.2.3. Duration 

Duration is the interval between the first and last threshold crossings, this parameter can 

be used to identify different types of sources or to filter out the noise.  

3.2.2.4. MARSE 

MARSE is the measure of the area under the envelope of the rectified linear voltage time 

signal from the transducer, which is regularly used in the measurements of acoustic 

emissions. 

3.2.2.5. Counts 

Counts refers to the number of pulses emitted by the measurement circuitry; if the signal 

amplitude is greater than the threshold, this parameter usually needs to be combined with 
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amplitude and/or duration measurements to provide quality information about the shape 

of a signal. 

3.2.2.6. Summary of Criteria 

According the signal performance during the cutting process, the amplitudes of large 

peaks in the spikes and the durations of spikes are the most obvious AE features that may 

distinguish different kinds of spikes. 

In summary, this research used the DPGSM with ITD methods and models to distinguish 

the abnormal phenomena during the cutting process out. Then, the research found out the 

relationship between the change of spike signal behaviors with the criteria of the AE 

features and the change of cutting patterns or the change of chip formations. 
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4. APPLICATIONS AND RESULTS

4.1. Apply DPGSM and ITD on the AE Signal 

4.1.1. Basic Ideas and Steps  

In this section, we apply the DPGSM and ITD methods on the AE signal in different cases 

and with different facility parameter settings, and then do an analysis on the spikes that 

have the similar characteristics. 

As an example, the AE of cutting process with cutting velocity = 6 m/min and cutting 

orientation = 90∘ is presented in Figure 4.1. 

Figure 4. 1 Example plot of the original AE cutting signal. 

The beginning section of the signal, which lasts for 1/5 ~ 1/4 of total signal length, is 

considered as the beginning part of the cutting process. Since this section of the signal 
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does not contain too many pattern changes, we can use the data from this section as the 

training data, which is used in the DPGSM model, and see whether the DPGSM model is 

sensitive enough to detect the abnormal phenomenon (pattern change) in the whole cutting 

signal. 

Before applying the DPGSM to the cutting signal, we should use the ITD method to 

eliminate the negative impact from the Gaussian noise during the cutting process. The ITD 

method decomposes the original signal into multiple Rotation (e.g., 10 Rotation) 

Components, and then the first several components are combined and the DPGSM is 

applied on this combined rotation signal.  

Figure 4. 2 Combination of first 4 Rotations from ITD. 

Actually, the training data and the test data for DPGSM are both collected from this 

combination signal. The training dataset is acquired from the first part of the cutting 
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process. During this section, the cutting process is generally smooth and stable and does 

not contain too many abnormal phenomena, such as the breaking of material or the 

breaking away of chips from the material surface. Meanwhile, the cutting depth is 

relatively shallow, and the interaction between the cutter and the material is somewhat 

smooth. 

Figure 4.3 presents the distribution of the training and the test data from the above 

combined signal: 

Figure 4. 3 Example locations of training and test data from Combined ITD Rotation 

signal. 

The training dataset corresponds to the first 20,000 points from the cutting signal dataset, 

and the test dataset, which contains about 99,880 points, corresponds to nearly the entire 

cutting dataset. 
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After the training and test datasets have been determined, the next step is the data 

reconstruction. The distribution of the reconstructed signal is as follows: 

Figure 4. 4 The example State Space Reconstruction Result of training and test data. 

4.1.2. An Example Result from DPGSM and ITD Models 

The application of DPGSM on the combined ITD Rotation signal will generate the Control 

Chart plots to justify the efficiency of methods. The DPGSM model can automatically 

generate two criteria 𝐷FI values called Upper Control Limit (UCL) and Lower Control 

Limit (LCL) based on the training dataset. The Control Chart plots can explore the 

abnormal phenomena by indicating the 𝐷FI values that are above the UCL or below the 

LCL using different colors. 



30 

Figure 4. 5 Example plot of a Control Chart that detects the abnormal. 

The large 𝐷FI  values in red color indicate that the DPGSM model has detected the 

abnormal phenomena, which correspond to the change of the AE signal during the cutting 

process. Meanwhile, some large spikes, which act as a kind of symbol, indicate the change 

of the cutting process that is detected in the Control Chart plot. 

4.2. The Characteristics and Classifications of Spikes 

The cutting spike signal, especially the larger cutting spike signal in the AE signal, 

identifies the interaction between the cutter and the material surface. Actually, most of AE 

signal in the whole cutting process is generated from the attachment and interaction 

between the cutter and the material.  

Since the cutting process contains multiple transitory stops, the spikes that lasted for 

hundreds or more than one thousand points, correspond to the cutting process during 

which the cutter really moves forward. When the interaction status between the cutter and 
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the material changes (e.g., the cutting depth becomes greater), the amplitude of spike tends 

to change (e.g. increase) its value. 

The spikes will lasted for hundreds or more than one thousand points, since the sampling 

ratio of the sensor is 1 Million Hz, which is to say the length of time of the spikes is a bit 

less than 1 ms. 

The reasons for the generation of the spikes can be summarized as follows: 

(1) The change of cutting depth between the cutter and the material surface. The high-

speed camera catches many details of the cutting process, and from the video we can see 

that the cutting depth is not constant throughout the cutting process. Sometimes the cutter 

cuts deeper into the material surface, and sometimes the cutter cuts shallower. The 

behaviors of the cutting depth between cutter and material surface are reflected in the AE 

signal performance. 

(2) The interaction between the cutter and the barricade in the material. The material to

which we apply the process on is a Natural Fiber Reinforced Plastic (NFRP) composite 

material consisting mainly of fiber and matrix. The matrix is basically soft and somewhat 

easy to cut, but the fiber is basically strong and somewhat difficult to cut. 
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The amplitude of the spike can change, obviously, in every cutting signal that has different 

cutter velocities. However, the large amplitude of the spike signal always suggests that the 

cutter meets some hard barricades during its cutting process. 

Figure 4. 6 The cutting signal and corresponding material surface after the cutting 

process. 

Moreover, the changes in cutting depth also showed in the spikes in some cases of the 

cutting video; when the cutter cuts deeper into the material surface, the corresponding 

section of AE signal always increases its amplitude. 

Material Surface Cutting Area: V=4m/min & O=90degree
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Comparisons were also made between the AE signal under the same cutter velocity but 

with different fiber orientations (45∘  vs. 90∘ ) of NFRP material. The signal of fiber 

orientation = 45∘ is much smoother than the signal of fiber orientation = 90∘. One of the 

primary reasons for this result is that the barricade from the fiber when fiber orientation = 

45∘ is smaller than that in fiber orientation = 90∘. 

Figure 4.7 The comparison of signals under the same cutting velocity but with 

different fiber orientations. 
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Thus, the characteristics of spikes can be summarized as follows: 

(1) The amplitude of a spike is not constant or of a stable amount. For example, a cutter

velocity = 4m/min and fiber orientation = 90∘ has some small amplitude values that are 

only about 0.5 ~ 1 Voltage and some large amplitude values that are 3 ~ 4 Voltage. 

(2) The duration of a spike is more constant than the amplitude of a spike. The spikes

previously shown lasted for hundreds, or more than one thousand data points, in the AE 

signal. Since the sampling ratio of the sensor is 1 Million Hz, the length of time of the 

spikes is about 1 ms. 

(3) The shapes of the spikes in the same cutting case have some similar characteristics.

Each spike always contains some large amplitudes in the middle part of it and has some 

smaller amplitudes in the beginning and ending parts of it. 

Some other phenomena also appear during the generation of spikes, one of which is the 

chips formation process. The chips formation is a highly non-linear and non-stationary 

process that always following the process: (1) chip curling (e.g., the chips may crimp like 

a circle after the amount has accumulated enough); (2) chip accumulation (e.g., the change 

of chip thickness); (3) chip breakage (e.g., the chips being cut off from the middle part of 

the accumulated chips); and (4) chip breaking away (e.g., when the cutter begins to detach 

from the material surface, the chips may suddenly left the surface).  
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The chip formation changes existed in the whole cutting process and often lasted for only 

dozens of points, which means that the length of time of chip formation changes was a bit 

less than 0.1 ms.  

We have observed different kinds of spikes during the cutting process. The spikes from 

the same set of cutter parameters can have differing performance in both spike form and 

qualities.   

4.3. The Example Cutting Case: Cutter Velocity = 6m/min and Fiber Orientation = 

𝟗𝟎∘ 

The original cutting section of the AE signal in the cutting case of cutter velocity = 6m/min 

and fiber orientation = 90∘ is presented in Figure 4.8. 
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Figure 4.8 Original cutting section of the AE signal with cutter velocity = 6m/min 

and fiber orientation = 𝟗𝟎∘. 

Recalling that the sampling rate of the AE signal is 1 Million Hz, the unit on the x-axis is 

transferred from the amount of sample to the time unit (millisecond or ms). 
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Figure 4. 9 Cutting section of the AE signal with cutter velocity = 6 m/min and fiber 

orientation = 𝟗𝟎∘ with the x-unit as millisecond. 

Then, the ITD method is applied on the AE signal with cutter velocity = 6 m/min and fiber 

orientation = 90∘. The first 4 levels of ITD Rotations from this signal are then combined 

and a Combined ITD Rotation signal is generated. In this case, the first 20,000 data points 

from the Combined ITD Rotation signal are set to be the training dataset, and the 

remaining approximately 100,000 data points from the Combined ITD Rotation signal are 

set as the test dataset. The 20,000 training data points in the signal should correspond to 

20ms since the sample frequency is 1 Million Hz, and the 100,000 testing data points in 

the signal should correspond to 100ms. 

Thus, the distribution of the training and the test datasets in the Combined ITD Rotation 

signal should be as follows. The range in the orange rectangle marks the training dataset, 

and the range in the red rectangle marks the test dataset. 
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Figure 4.10 Distribution of training and test datasets from the Combined ITD 

Rotation signal from the cutting case with cutter velocity = 6 m/min and fiber 

orientation = 𝟗𝟎∘ with the x-axis unit as millisecond. 

A photo of the material surface which be cut during the cutting process is presented in 

Figure 4.11. The area that corresponds to the training dataset is in the orange rectangle, 

and the area that corresponds to the test dataset is in the red rectangle. 
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Figure 4. 11 Distribution of the areas that correspond to the training and test datasets 

from the material surface after the cutting process. 

The Control Chart of this case indicates the existance of abnormal phenomena and the 

ARL1 value. The ARL1 value of this case is equal to 1050.142 (1000 + 50.1420) because 

the Window Length used in the DPGSM model of this case is 1000. The DPGSM model 

can generate multiple Control Charts. For example, the Control Chart of Row 1 from the 

DPGSM model contains the sections that correspond to both the training dataset and the 

test dataset. As with the indicating method used above, the section that corresponds to the 

training dataset is in the orange rectangle, and the section that corresponds to the test 

dataset is in the red rectangle. 



Figure 4.12 The Row 1 Control Chart plot with the distribution of the areas that 

correspond to the training and test datasets. The red color spikes indicate abnormal 

phenomena. 

Meanwhile, the DPGSM Statistical Distribution plot indicates more spikes when 

compared with the abnormal detection result of the Control Chart. Following are the plots 

of the AE original cutting section signal, the Combined ITD Rotations, and the DPGSM 

Statistical Distribution that contain the corresponding sections of training and test datasets. 

The orange and red rectangles mark the training and test datasets respectively, as described 

above. 
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Figure 4.13 The summary plot of the AE original cutting section signal, the 

Combined ITD Rotations and the DPGSM Statistical Distribution. 

The DPGSM Statistical Distribution detects at least 16 spikes from the Combined ITD 

Rotation. The locations of these abnormal spikes detected by the DPGSM Statistical 

Distribution plot are identified in Figure 4.14. The DPGSM Statistical Distribution plot 

and the AE cutting signal are presented together to show the corresponding relationships 

between the two plots.  
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Figure 4.14 The AE cutting section signal and the abnormal phenomena in the 

DPGSM Statistical Distribution plot from the cutting process with cutter velocity = 

6 m/min and fiber orientation = 𝟗𝟎∘. 

In the following section, the behaviors and characteristics of the spike signals during the 

generation of the AE signal spikes in the cutting process is discussed. Hypotheses and 

assumptions about the behaviors of the spike signals are presented. 

42 
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(1) Small stable and smooth signal sections generally exist ahead of the start of large

amplitudes, but large amplitudes always happen quite suddenly. 

(2) The first large amplitude of signal generally is not the largest amplitude in the spike,

and the section that has the largest amplitude always exists in the middle part of the spike. 

(3) The middle section of the spike always contains a large increase and decrease of

amplitude. 

(4) An obvious oscillation of signal always exists after the section in which the amplitude

increases and decreases sharply. 

The abnormal spikes detected by the Control Chart and the DPGSM Statistics Distribution 

are presented in Figure 4.15. In these plots, the sections in red rectangles mark smooth 

signals before the sharp increases and decreases of amplitude, the points in green circles 

indicate the positions of large magnitudes of signal, and the sections in pink rectangles 

mark the oscillation which after the large magnitude signal sections.  
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Figure 4. 15 The plots of 16 typical AE signal spikes detected from the cutting process 

with cutter velocity = 6 m/min and fiber orientation = 𝟗𝟎∘. 
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Figure 4. 15 Continued 
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The plots in Figure 4.15 illustrate that a large amplitude is always generated from a large 

increase and decrease of the AE signal. Sometimes, these large increases and decreases of 

the AE signal amplitude may contain only a few of quite sharp peaks. The oscillation of 

signal always exists after the section in which the amplitude increases and decreases 

sharply. However, at times, the boundary between the oscillation section and the large 

signal amplitude section is not clear and obvious. 

The characteristic values of 16 spike plots in this case are presented in Table 4.1. 

Table 4.1 A summary of the mathematical characteristics of 16 spikes from the 

cutting process with cutter velocity = 6 m/min and fiber orientation = 𝟗𝟎∘. 

From the video of this cutting process, it appears that the spikes are generally generated 

from the following: 
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(1) The process and instantaneous stop of the cutter.

(2) A change in the cutting depth.

(3) Possible barricades in the material surface during the cutting process.

(4) The coupling between the cutter, the material, and the generated chips.

The phenomena that occur during the cutting process should have some relationships with 

the signal change in the spike. Thus, successive screenshots of some typical spikes from 

the cutting video were captured. Successive screenshots of Spike 7 are presented in Figure 

4.16 and of Spike 3 in Figure 4.17; both are from the cutting process with cutter velocity 

= 6 m/min and fiber orientation = 90∘.  

As stated earlier, the cutting process with cutter velocity = 6 m/min and fiber orientation 

= 90∘ has about 100,000 total data points; thus, the total cutting process lasts for about 

0.1s or 100ms. Meanwhile, in the cutting video recorded by the high speed camera, the 

cutting process in the video started at 1.80s and ended at 16.30s. Therefore, a mathematical 

linear relationship between the time in the cutting video and the time in the real world is 

determined, and the start time of the cutting process is considered as the zero point or 0ms. 
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Figure 4.16 Successive screenshots of the cutting process taken before and after the 

generation of Spike 7 under the cutter velocity = 6 m/min and fiber orientation = 𝟗𝟎∘ 

case. These successive screenshots were taken in the cutting video at 5.61s ~ 5.69s, 

which corresponds to 26.25ms ~ 26.80ms in the real world. 
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Figure 4. 17 Successive screenshots of the cutting process taken before and after the 

generation of Spike 3 under the cutter velocity = 6 m/min and fiber orientation = 𝟗𝟎∘ 

case. These successive screenshots were taken in the cutting video at 3.52s ~ 3.58s, 

which corresponds to 11.90ms ~ 12.30ms in the real world. 

From the above successive screenshots, though, it is difficult to see the behavior change 

of cutter (e.g., the change of cutting depth). Thus, the “pixel”, which is the basic unit of 

photography, is used as the criterion to determine whether the cutter really has behavior 

changes during the cutting process. The value of the pixel between some parallel lines 

indicates the behaviors of the cutter and the material surface in the cutting video, and the 

successive screenshots from the video can describe the cutter displacement and the change 
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of the material surface. The horizontal direction baseline that describes the cutting depth 

is the junction surface between the cutter and the material surface that is not currently 

being cut, and the vertical direction baseline that describes the displacement of the cutter 

movement is the top boundary of the material that is being held by the material holder. 

In addition, the screenshots were sharpened and the contrast increased to improve the 

comparison between lighter colored sections and darker colored sections and to show the 

change of cutting depth and cutter displacement more clearly. 

Figure 4.18 presents Spike 8 from the cutter velocity = 6 m/min and fiber orientation = 

90∘ case as an example to express the relationship between the AE signal generation and 

the behaviors of the cutter and the material during the cutting process. The start time of 

the successive screenshots was set somewhat ahead of the real start time of Spike 8, and 

the end time of the successive screenshots was set somewhat later than the real end time 

of Spike 8 to guarantee that the successive screenshots generated from the video totally 

covered the whole process of Spike 8. Thus, the time of taking photos corresponds to 5.98s 

~ 6.10s in the video, which lasted for 0.12s. A high speed camera was used to record the 

cutting videos so that researchers could distinguish the difference between the time 

duration in the video and the time duration in the real world. 

After the time in the video was converted to the time in the real world, the duration time 

of taking photos was 0.828ms. As started earlier, the duration time of Spike 8 in this case 



in the real world was 0.6ms; thus, the start time and end time selected in the video totally 

covered the generation time of Spike 8. 

Figure 4.18 The red arrows show the start and end points of the cutting process in 

the video, and the green parallel lines show the start and end points of the 

successive screenshots taken of Spike 8 in the cutting process with cutter velocity = 

6 m/min and fiber orientation = ij#.  
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Figure 4.19 presents the use of the pixel value in the successive screenshots to indicate 

the process of the cutter and the depth changing in the cutting process. The unit of 

values shown on the photos is the pixel. The successive screenshots show the cutting 

progress that starts somewhat ahead of the appearance of Spike 8 and ends somewhat 

later than the disappearance of Spike 8. 

Figure 4.19 Successive screenshots that contain the “pixel value” as the criterion to 

indicate the behavior change of the cutter for Spike 8 in the cutting process with 

cutter velocity = 6 m/min and fiber orientation = ij#. 
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Figure 4. 19 Continued 
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Figure 4.19  Continued 
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Figure 4.19 Continued 

From these successive screenshots, the changes of cutting depth and cutting speed of the 

cutter during the cutting process are shown. The cutter does not process with a constant 

velocity during the process as it sometimes comes across barricades inside the surface of 

the cutting material and is therefore prevented from progressing forward. Meanwhile, the 

change of depth during the cutting process is one of the reasons this large spike is 

generated. 

Figure 4.20 presents the plots that show the changes of the cutting depth in the successive 

screenshots capturing Spike 8 of cutter velocity = 6 m/min and fiber orientation = 90∘. 
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Figure 4.20 The changes of cutting depth and cutter displacement in the successive 

screenshots that include Spike 8 from the cutting process with cutter velocity = 6 

m/min and fiber orientation = 𝟗𝟎∘, accomplished with the AE signal that has the 

same start/end times in the real world. 
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Figure 4.20 Continued 

The appearance of high amplitudes in Spike 8 is highly related with some deeper cutting 

process. And, when the cutting process becomes smoother and the cutting depth has 



58 

somewhat stable values, the AE signal also tends to behave smoothly and without too 

much high amplitude. 

The signal plot of Spike 7 from the cutter velocity = 6 m/min and fiber orientation = 90∘ 

case is similar to that of Spike 8 in the same cutting case. Thus, Spike 7 is used as another 

example to explain the relationships between the cutter, the material, and the AE signal 

generation (see Figure 4.21). The start time of the successive screenshots was again set 

somewhat ahead of the real time of Spike 7, and the end time of the successive screenshots 

was set somewhat later than the real end time of Spike 7. The duration time the screenshots 

for Spike 7 was 5.60s ~ 5.70s and lasted for 0.10s in the video, which corresponds to 

0.690ms in the time of the real world. Since the duration of Spike 7 in the real world was 

0.55ms, the start time and end times of the successive screenshots should totally cover the 

generation of Spike 7. 



Figure 4.21 The red arrows show the start and end points of the cutting process in 

the video, and the green parallel lines show the start and end points of the successive 

screenshots taken of Spike 7 in the cutting process with cutter velocity = 6 m/min and 

fiber orientation = 𝟗𝟎∘. 
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Figure 4.22 presents the successive screenshots that include the generation of Spike 7. 

The strategy of using pixel values in these screenshots is the same as that for Spike 8 

from the same cutting case. 

Figure 4.22 Successive photos that contain the “pixel value” as the criterion to 

indicate the behavior change of the cutter for Spike 7 in the cutting process with 

cutter velocity = 6 m/min and fiber orientation = ij#. 
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Figure 4.22 Continued 
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Figure 4. 22 Continued 

Figure 4.23 presents the plots that show the changes of the cutting depth and the cutter 

displacement in the successive screenshots capturing Spike 7 of cutter velocity = 6 m/min 

and fiber orientation = 90∘. 
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Figure 4.23 The change of cutting depth and cutter displacement in the successive 

screenshots that include Spike 7 from the cutting process with cutter velocity = 6 

m/min and fiber orientation = 𝟗𝟎∘, accomplished with the AE signal that has the 

same start/end times in the real world. 



64 

Figure 4.23 Continued 

These two examples of cutting depth, cutter displacement and corresponding AE signal 

(Spike 8 and 7) suggest the following potential relationships between the behaviors of 

cutter and material with the generation and change of AE signal: 
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(1) According to the plots of the AE spike and the cutting depth that corresponds to the

signal, the main reason of amplitude change in the AE signal should be a change of the 

cutting depth. At times, however, even though the cutter displacement does not change 

and the cutter itself does not move forward and the cutter maintains its cutting process of 

inserting into the material surface and releasing out of the material surface, a change of 

amplitude in the AE signal will occur. 

(2) When the cutter inserts into and then releases from the material surface during the large

amplitude’s generation, the elasticity cutting material tends to recover from being 

deformed by the cutter. Thus, even though the cutter does not move forward during the 

cutting process, the material itself can still somewhat recover from the deepest cutting 

depth and provide new material which under the previous cutting process for the cutter to 

cut again. 

(3) If the process of the cutter inserting into/releasing from the material surface and the

cutter’s progress movement happen simultaneously, the cutting process may tend to 

generate successive obvious amplitudes, and the AE signal may contain more peaks during 

the same time duration, as compared with the cutting process in which the cutter only 

inserts into/releases from the material surface but does not move forward. 

Spike 12 is a third example to explain the relationships between the cutter, the material, 

and the AE signal generation (see Figure 4.24). The duration time of the successive 
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screenshots for Spike 12 was 8.39s ~ 8.51s and lasted for 0.10s in the video, which 

corresponds to 0.828ms in real time. Since the duration time of Spike 12 in the real world 

is 0.7ms, the start time and end time of the successive screenshots should totally cover the 

generation process of Spike 12. 



Figure 4.24 The red arrows show the start and end points of the cutting process in 

the video, and the green parallel lines show the start and end points of the successive 

photos taken of Spike 12 in the cutting process with cutter velocity = 6 m/min and 

fiber orientation = 𝟗𝟎∘. 
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Figure 4.25 presents the successive photos that include the generation of Spike 12. 

The strategy of using pixel values in these photos is the same as that for Spike 8 and 7 

from the same cutting case. 

Figure 4.25 Successive photos that contain the “pixel value” as the criterion to 

indicate the behavior change of the cutter for Spike 12 in the cutting process with 

cutter velocity = 6 m/min and fiber orientation = 𝟗𝟎∘. 
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Figure 4.25 Continued 



70 

Figure 4.25 Continued 
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Figure 4.26 The change of cutting depth and cutter displacement in the successive 

screenshots that include Spike 12 from the cutting process with cutter velocity = 6 

m/min and fiber orientation = 𝟗𝟎∘, accomplished with the AE signal that has the 

same start/end times in the real world. 
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Figure 4.26 Continued 

The spike signal from the cutting process can be classified as some clusters based on some 

standards and judgment methods. For example, in the case with cutting velocity = 6 m/min 

and fiber orientation = 90∘, two kinds of typical spikes are found: 
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Figure 4.27 Two kinds of typical spikes from the cutting process with cutter 

velocity = 6m/min and fiber orientation = 𝟗𝟎∘. 
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Spike 2 contains a few peaks that are obviously larger than the other peaks in the same 

spike; the number of peaks in Spike 2 tends to be smaller than that for Spike 5, which can 

also be expressed as the frequency of peaks in Spike 2 is somewhat smaller than that of 

Spike 5. On the other hand, Spike 5 contains more peaks than Spike 2, but the larger peaks 

in Spike 5 are not as obvious as those in Spike 2. Moreover, the frequency of peaks in 

Spike 5 is larger than that of Spike 2.  

Thus, the spikes in the cutting case with cutter velocity = 6 m/min and fiber orientation = 

90 degrees can be classified as at least two types. The spikes that had a similar performance 

as Spike 2 are named as “Type 1”, and the spikes that had a similar performance as Spike 

5 are named as “Type 2”. 

Figures 4.28 presents other spikes in this cutting case, Spike 1 and Spike 3, that are similar 

to Spike 2 and can be classified as Type 1. 



Figure 4.28 Two spikes of Type 1 (Spike 1 and Spike 3) from the cutting process 

with cutter velocity = 6 m/min and fiber orientation = 𝟗𝟎∘. 

Figure 4.29 presents another spike in this cutting case, Spike 6, that is similar to Spike 5 

and can be classified as Type 2. 
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Figure 4.29 Spike 6, a Type 2 spike from the cutting process with cutter velocity = 6 

m/min and fiber orientation = 𝟗𝟎∘. 

The method of cross correlation provided us with some ideas about how to classify the 

different kinds of signal spikes. Figure 4.30 presents the Cross Correlation plots of Spike 

1 & Spike 2 and of Spike 3 & Spike 2, while Figure 4.31 presents the Cross Correlation 

plots of Spike 5 & Spike 6. 
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Figure 4.30 The Cross Correlation plots of Spike 1 & Spike 2 and Spike 3 & Spike 

2.
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Figure 4.31 The Cross Correlation plot of Spike 5 & Spike 6. 

The high values of the Cross Correlation plots of Spike 1 & Spike 2 and Spike 3 & Spike 

2 are larger than 1000. The number of peaks in the Cross Correlation plot of Spike 5 & 

Spike 6 is higher than that in the Cross Correlation plot of Spike 1 & Spike 2 and Spike 2 

& Spike 3, and the high value of the Cross Correlation plot of Spike 5 & Spike 6 is about 

600.



Figure 4.32 The Cross Correlation plot of Spike 5 & Spike 2. 

The high values of the Cross Correlation plots in Figure 4.32, which describes the Cross 

Correlation relationshiop of Spike 5 & Spike 2, are less than 500. This indicates that Spike 

5 and Spike 2 belong to the different types (i.e., Type 2 and Type 1, respectively), because 

the magnitude value of Cross Correlation between Spikes 1 & 2 and Spikes 2 &3 are both 

greater than 1000, and the magnitude value of Cross Correlation between Spike 5 & Spike 

6 is also approximately 600. However, the magnitude value of Cross Correlation between 

Spike 2 & Spike 5 is less than 500, thus the correlation relationship between Spike 2 and 

Spike 5 should be the least. 
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Figure 4.33 presents spikes from the cutting case with cutter velocity = 6 m/min and fiber 

orientation = 90∘ that belong to Type 1. 

Figure 4.33 Type 1 spikes from the cutting process with cutter velocity = 6 m/min 

and fiber orientation = 𝟗𝟎∘. 

Figure 4.34 presents spikes from the cutting case with cutter velocity = 6m/min and fiber 

orientation = 90∘ that belong to Type 2. 
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Figure 4.34 Type 2 spikes from the cutting process with cutter velocity = 6 m/min 

and fiber orientation = 𝟗𝟎∘. 

Table 4.2 presents the spikes from the cutting process with cutter velocity = 6 m/min and 

fiber orientation = 90∘ that belong to the different types. The spikes in the yellow color 

belong to Type 1, and the spikes in the green color belong to Type 2. Somce spikes without 

color have characteristics of both two types. 
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Table 4.2 Summary of the types of spikes from the cutting process with cutter 

velocity = 6 m/min and fiber orientation = 𝟗𝟎∘. 

4.4. The Example Cutting Case: Cutter Velocity = 4m/min and Fiber Orientation = 

𝟗𝟎∘ 

The cutting section of this case has about 110,000 data points. We use the first 22,000 

points as the training dataset and all of the data points that correspond to the cutting 

process as the test dataset. However, because the training dataset may also include signals 

that correspond to abnormal phenomena, we should study the performance of DPGSM 

and ITD model by applying them in this case. 

First, we decomposed the original cutting data into 10 components by using ITD. Then, 

we combined the first 4 components into together in order to remove the irrelevant noise 



that existed in the original dataset. Finally, we divided the combined data into training/test 

datasets and applied them into the DPGSM algorithm. 

Figure 4.35 Distribution of training and test data from the Combined ITD Rotation 

signal which generated from the cutting case with cutter velocity = 4 m/min and fiber 

orientation = 𝟗𝟎∘ with the x-axis unit as millisecond. The range in the orange 

rectangle marks of the training dataset, and the range in the red rectangle marks of 

the test dataset. 

Figure 4.36 displays the actual surface plot of the cutting material. The material surface 

areas that correspond to the generation of the training data and the test data are also 

indicated. The area that corresponds to the training dataset is in the orange rectangular, 

and the area that corresponds to the test dataset is in the red rectangle. 
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Figure 4.36 Distribution of the areas that correspond to the training and test datasets 

from the material surface after the cutting process. 

The DPGSM Statistical plot, as shown in Figure 4.37, can determine the existence of 

abnormal phenomena during the cutting process. 
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Figure 4.37 The corresponding relationship between the DPGSM Statistical result 

and the AE signal before and after the ITD process. 

The Control Chart for this case indicates the value of the ARL1 for this case. The ARL1 

of this case is equal to 1081.707 (1000 + 81.7073)  because the Window Length used in 

the DPGSM model has a length of 1000. 



Figure 4.38 The Row 1 Control Chart plot with the distribution of the areas that 

correspond to the training and test datasets. The red color spikes indicate abnormal 

phenomena. The section that corresponds to the training dataset is in the orange 

rectangle, and the section that corresponds to the testing dataset is in the red 

rectangle. 

From the abnormal spikes that were detected out by using the DPGSM model, we can 

determine that some signal spikes correspond to the step change and abnormal phenomena 

during the cutting process (see Figure 4.39). According to the plots of the DPGSM 

Statistical Distribution and the Control Chart, at least 13 abnormal spikes were detected 

from the combination model of DPGSM and ITD in the cutting case with cutter velocity 

= 4 m/min and fiber orientation = 90∘. 
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Figure 4.39 Typical spikes from the cutting process with cutter velocity = 4 m/min 

and fiber orientation = 𝟗𝟎∘. 

Similar to the example spikes that introduced in the previous section, Spike 9 from the 

cutting case with cutter velocity = 4 m/min and fiber orientation = 90∘, is selected to show 

the relationships between the cutter, the material, and the AE signal generation. The start 

time of the successive screenshots was ahead of the real start time of Spike 9, and the end 

time of the successive screenshots was somewhat later than the real end time of Spike 9. 

These settings were the same as the spike examples shown in the previous section.  
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Figure 4.40 The red arrows show the start and end points of the cutting process in 

the video, and the green parallel lines show the start and end points of the 

successive screenshots taken of Spike 9 in the cutting process with cutter velocity = 

4m/min and fiber orientation = 𝟗𝟎∘. 
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Figure 4.41 presents the successive screenshots that include the generation of Spike 9 in 

the cutting case with cutter velocity = 4m/min and fiber orientation = 90∘. The strategy of 

using pixel values in these screenshots is the same as that for the example spikes from the 

cutter velocity = 6 m/min and fiber orientation = 90∘ cutting case. 

Figure 4.41 Successive photos that contain the “pixel value” as the criterion to 

indicate the behavior change of the cutter for Spike 9 in the cutting process with 

cutter velocity = 4m/min and fiber orientation = 𝟗𝟎∘. 
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Figure 4.41 Continued 
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Figure 4.41 Continued 

Figure 4.42 presents the plots that show the changes of the cutting depth and the cutter 

displacement in the successive screenshots that captured Spike 7 with cutter velocity = 6 

m/min and fiber orientation = 90∘. 
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Figure 4.42 The change of cutting depth and cutter displacement in the successive 

screenshots that include Spike 9 from the cutting process with cutter velocity = 4 

m/min and fiber orientation = 𝟗𝟎∘, accomplished with the AE signal that has the 

same start/end times in the real world. 
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Figure 4.42 Continued 

The relationship between the generation of the AE signal and the change of the cutter 

depth/cutter displacement in the case with cutter velocity = 4 m/min and fiber orientation 
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= 90∘ is basically the same with that relationship in the case with cutter velocity = 6 m/min 

and fiber orientation = 90∘ which was introduced in the previous section. 

Moreover, the spikes in the cutting case with cutter velocity = 4m/min and fiber orientation 

= 90∘ can also be identified according to the two types (i.e., Type 1 and Type 2) introduced 

in the previous section. 

Figure 4.43 Two spikes of Type 1 (Spike 8 and Spike 9) from the cutting process 

with cutter velocity = 4 m/min and fiber orientation = 𝟗𝟎∘. 
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Figure 4.43 Continued 
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Figure 4.44 Two spikes of Type 2 (Spike 10 and Spike 12) from the cutting process 

with cutter velocity = 4 m/min and fiber orientation = 𝟗𝟎∘. 
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Figure 4.45 presents the Cross Correlation plots of Spike 8 & Spike 9, and Figure 4.46 

presents the Cross Correlation plots of Spike 10 & Spike 12. 

Figure 4.45 The Cross Correlation plot of Spike 8 & Spike 9. 



Figure 4.46 The Cross Correlation plot of Spike 10 & Spike 12. 

The high values of the Cross Correlation plots of Spike 8 & Spike 9 are greater than 400, 

while the high values of the Cross Correlation plots of Spike 10 & Spike 12 are less than 

15; meanwhile, the shapes of these two Cross Correlation plots are totally different, which 

indicates that these two Cross Correlation plots are from different types of spikes. 
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Figure 4.47 The Cross Correlation plot of Spike 9 & Spike 10. 

Figure 4.47 presents the Cross Correlation results between Spike 9 and Spike 10 , which 

are of different types. The high values of this plot are greater than 40 but much less than 

400, and the shape of the plot seems like a kind of hybird of Figure 4.45 and Figure 4.46. 

These pheonmena suggest that Spike 9 and Spike 10 a re different types of spikes. 

Figure 4.48 presents spikes that belong to the Type 1 and are from the cutting case with 

cutter velocity = 4 m/min and fiber orientation = 90∘. 
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Figure 4.48 Type 1 spikes from the cutting process with cutter velocity = 4 m/min 

and fiber orientation = 𝟗𝟎∘. 

Figure 4.49 presents spikes that belong to the Type 2 and are from the cutting case with 

cutter velocity = 4 m/min and fiber orientation = 90∘. 

Figure 4.49 Type 2 spikes from the cutting process with cutter velocity = 4 m/min 

and fiber orientation = 𝟗𝟎∘. 
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Figure 4.49 Continued 

Table 4.3 presents the spikes of the different types, similar to Table 4.2 in the previous 

section. The spikes in the yellow color belong to Type 1, and the spikes in the green color 

belong to Type 2. The spikes without color have characteristics of both types. 

Table 4.3. Summary of the types of spikes from the cutting process with cutter 

velocity = 4 m/min and fiber orientation = 𝟗𝟎∘. 
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4.5. Effect of Fiber Orientation on AE Characteristics 

An example of the AE cutting section signal performance is described in this section to 

explain the hypothesis between the fiber orientation and the AE characteristics. Figure 

4.50 presents the AE signal of the same cutter velocity (cutter velocity = 4 m/min) but 

of varying fiber orientations. 

Figure 4.50 AE cutting signals from the same cutter velocity (4m/min) but with 

varying fiber orientations (𝟗𝟎∘, 𝟒𝟓∘, and 𝟎∘ from up to down).  
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Figure 4.50 Continued 

Some obvious abnormal spikes (also known as bursts) that have high amplitude and short 

time duration exist in the cutting section signal with fiber orientation equal to 90∘. The 

cutting section signals with fiber orientation equal to 45∘ and 0∘ also have some spikes, 

but the amplitudes of these spikes are much less than those spikes from the case with fiber 

orientation equal to 90∘; meanwhile, the amplitudes of spikes from the case with fiber 

orientation equal to 45∘  and 0∘  tend not to be obviously greater than the normal 

amplitudes in the same cutting case. 

The cutting sections signals from the same cutter velocity but with varying fiber 

orientations in some of the other cutting cases (e.g., cutter velocity = 6 m/min) also show 

similar phenomena with the cutting case of cutter velocity = 4 m/min. 
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The performance of the AE cutting section signals from the cases with fiber orientation 

equal to 45∘ and 0∘ suggests that one methods to improve the cutting performance is to 

select more suitable fiber orientations for the cutter process when cutting NFRP materials. 
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5. CONCLUSIONS

5.1. The Phenomena and Mathematical Characteristics 

5.1.1. The Phenomena 

The most common phenomenon of the cutting process that contains useful information is 

the spike. If we enlarge the AE signal of the spike and compare the detailed cutting 

phenomena that are recorded in the video, we can see the behavior changes that correspond 

with the different cutting signals. 

5.1.2. The Mathematical Characteristics 

The various characteristics of spikes can be classified using some mathematical methods 

such as Cross Correlation. The magnitude value in the cross correlation plot refelects the 

similarities of the spike signals that belong to the same classification group. 

5.2. The Performance of DPGSM Analysis 

From the plot of the DPGSM statistics the changes of the cutting process can be clearly 

seen and the abnormal spikes in the statistical plot can be compared to the original AE 

signal. This process confirms the existence of abnormal phenomena, the locations in which 

the abnormal phenomena happen on the surface of the cutting material, and the behaviors 

of the cutter and chips during the cutting process. 
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5.3. The Relationship Between Cutting Process, AE Signal, and Cutting Results 

Abnormal phenomena like the AE spikes (also known as the bursts), during the cutting 

process have some relationships with the change of cutter behaviors and parameters. The 

behavior of the cutter is the main factor that can change the AE signal and the related AE 

spikes during the cutting process. An increase in the cutting depth can lead to a rise in the 

AE signal and generate spike amplitude. A decrease in the cutter depth will cause the 

cutter to set less pressure on the material surface and cut away less material, and the signal 

amplitude will show corresponding decreases. At times, the cutter can be stopped by the 

material in the cutting process, causing only a small displacement, and the cutting depth 

can also be shallow; in these cases, the AE generation tends to be very slight.  

Spikes indicate irregular breakage and deformation of the material surface during the 

cutting process. Thus, to improve manufacturing performance, the stability of the cutter 

and the workpiece holder should be increased, and the pattern of cutting process should 

be improved (e.g., cutting the material from more stable fiber orientations). 

The spikes generated from the cutting process fit into different types. In addition to cutting 

depth, accumulation of chips and the microcosmic breakage of fibers may be the reasons 

why the different types of spikes exist. Study of the causes of the different types of spikes 

may be a topic for future research. 
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