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Abstract
Appropriate acquisition and assessment of the dominant acoustic emission (AE) signal attributes generated under various experimental cutting conditions
may provide signi�cant knowledge. Consequently, it enhances the e�ciency in manufacturing process monitoring and control. However, according to the
literature, a lack of information was noticed on the behavior of AE signal attributes under various cutting conditions. Considering that milling is among the
most widely used machining operations, the aim of this investigation is to acquire adequate knowledge about interactions between cutting parameters and
their direct and indirect effects on the obtained AE signals attributes from the milling process. In the course of this work, the effects of cutting conditions on
the attributes calculated from wavelet transform (WT) of AE signals will be presented. WT signal processing was conducted with �ve models of mother
wavelets, and appropriate decomposition numbers were deployed. The approximated signal attributes obtained from each decomposition were assessed.
According to signal processing and statistical calculations, cutting speed, feed rate, and coating signi�cantly impacted the variation of AE signal attributes.
Also, the most sensitive AE signal attributes and decompositions were rms, std, entropy and energy, and 2nd and 6th decompositions, respectively. The
outcome of this work can be integrated into advanced arti�cial intelligence (AI) approaches to implement real-time monitoring of manufacturing processes.

1. Introduction
Milling is among the most widely used machining processes, which includes a sophisticated morphology and encompasses complicated interactions between
cutting parameters, workpiece, and cutting tools [1]. In recent decades, aluminum alloys have found widespread applications in numerous industrial sectors
and products due to their speci�c characteristics, including a considerable strength-to-weight ratio, high conductivity, and relatively good machinability[2, 3].

Nowadays, advanced methods and strategies, including AI algorithms were widely used to analyze sensory signals (e.g., AE signals) and improve the
e�ciency of machining process monitoring [4, 5]. The term AE refers to transient elastic waves obtained from the rapid release of energy from one or more
sources when the material is under stress [6]. In recent decades, extensive research has been conducted on the use of AE in various applications. AE also
offers signi�cant advantages over other NDT approaches due to its unique ability to monitor manufacturing systems such as power generation, healthcare,
offshore and onshore structures, and damage pattern recognition [7, 8]. One of the primary applications of sound signals or AE signals in the machining
industry is tool condition monitoring [4]. It was assessed whether such signals could be used to monitor and detect critical machining attributes, such as
surface roughness, surface quality, tool wear, tool failure, chip thickness, chatter vibration, tool life, etc. [5, 9–17]. The majority of recent research projects in AE
signal usage in machining have focused on AI-based control methods [18–20]. Tool condition monitoring and tool wear measurement using AE signals
information are more e�cient than ambient signals and vibrations due to the broader range of frequencies covered by AE sensors [5, 21].

Knowing their impressive adaption abilities to acquire more satisfying results, researchers have adopted AE signals along with the required sensors and
modelling methods in a vast number of recent research in the �eld of machining and speci�cally high precision processes [22–24]. Murakami, et al. [22] tried
to detect the contact of the cutting tool and workpiece within the micromachining process by the usage of AE signals and built-in AE sensors. Zanger, et al.
[24] used FEM simulation and AE signals obtained from piezoelectric sensors for the cutting operation of Ti-Al-4V to evaluate the in�uence of cutting
parameters and analysis of segmentation frequency of such operations.

Reliable analysis based on AE signals requires parallel consideration of the physical and mechanical conditions of the experiments and understanding the
signal behavior. In machining operations, AE signals' behavior depends on several parameters, such as cutting parameters, tools, and workpiece properties.
Besides, the AE attributes in different domains must be well identi�ed and con�rmed to enhance the performance and accuracy of the monitoring process [12,
13]. Analyzing the AE signal can be investigated in the time, frequency, and time-frequency (wavelet transform) domain. Various research works on signal
processing of the extracted AE signals in the milling process were reported in [25, 26]. The main achievements of existing research works are automatic
detection [27], surface roughness prediction [28], and modeling slot milling process [26]. Additional studies, including tool wear monitoring in end milling of
aluminum-ceramic composites [5] and surface integrity analysis for high-speed machining in the frequency domain [29], were conducted using AE signals
attributes. The use of AE signal attributes in the time-frequency domain was also investigated [30].

Despite the signi�cant applications of AE signals in condition monitoring and health diagnosis of machining processes, a lack of knowledge in the time-
frequency domain sensitivity of these signals to various parameters involved in the machining process is evident. This de�ciency is more pronounced in
milling processes where the signi�cant effects of interaction, complex chip formation modes and pressure in different directions are their main characteristics.
There is a substantial need to further study the effects of different cutting conditions on AE signals and their features in the time-frequency domain to resolve
the knowledge gap mentioned previously. The aim of this work, as aforementioned, is to assess the sensitivity of the attributes of the wavelet transform of AE
signals to various cutting conditions in milling aluminum alloy 7075-T6. Towards this end, an advanced novel method was deployed based on the proposed
method's wavelet transformations and statistical analysis. The second section comprises the theoretical background of AE signals. The experimental plan
was provided in the third section. The research methodology was comprehensively discussed in section four. Section �ve consists of the results of the
proposed methods and a discussion of them. Finally, the last part introduces a thorough conclusion of this research.

2. Acoustic Emission Signal

2.1. DEFINITION AND SOURCES OF AE
In metal machining operations, AE signals are mainly a source of information on plastic deformation and crack generation [31]. The main requirements in this
area include AE receivers and sensors, AE signals, AE waveguides, machine tools, background noise, and coupling. Mechanical energy, which is the
consequence of releasing elastic waves with a frequency range of 100-1000 kHz, leads to AE signals generation. Generally, piezoelectric sensors are adopted
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to detect and convert the generated waves into electrical signals. However, as shown in Figure 1, each AE event caused by energy dissipation lasts for a very
short period (milliseconds range).

2.2. SOURCES OF AE SIGNAL
Many studies have evaluated the fundamental sources of AE in deformed/machined materials [32–35]. Based on the reported works, the underlying sources
of AE signals in the metal cutting processes are attributed to (a) workpiece plastic deformation caused during the machining; (b) chip plastic deformation; (c)
�ank wear caused by friction between the tool �ank face and the workpiece; (d crater wear caused by friction between the tool rake face and chip; (e) chip
breakage; (f) tool fracture and (g) collisions between chip and tool chip breakage. The acquired AE signals from milling processes containing attributes are
usually continuous or transient (burst) signals [35]. Tool fracture and chip breakage are undeniable sources of transient signals (Figure 2) and can be clearly
understood to be the result of processes (e) to (g). On the other hand, continuous signals result from deformation and wear on the rake/�ank sides of the
cutting tools, and the mentioned items (a) to (d) are the key sources of this signal.

2.3. AE PARAMETERS
When processing the wavelet transform of AE signals, several attributes can be derived and assessed. Table 1 lists the extracted wavelet transform
decomposition-based AE signal attributes. In Appendix I the formulas of such parameters are provided.

 
Table 1

The extracted wavelet features
from AE signals

List AE parameters

1 Maximum: max

2 Minimum: min

3 Root Mean Square: rms

4 Standard deviation: std

5 Energy: enrg

6 Entropy: entrpy

7 Kurtosis: kur

8 Skewness: skew

9 Crest Factor: crest

10 Impulse Factor: impulse

11 4th Moment: mom4

12 FM4

3. Experimental Procedures

3.1. Experimental plan
A multilevel full factorial design was constructed in this work to draw the experimental plan. The experimental conditions and their levels were presented in
Table 2. The experiments were conducted on a three-axis CNC machine (power: 50kW, speed: 28000 rpm; torque: 50 Nm) with the details and levels introduced
in Table 2. It is noteworthy that a total of 54(33×21) tests were performed on AA7075-T6 alloy with three types of coated tools. To ensure the quality stability of
the experimental conditions, preliminary tests were performed, including the stability of cutting processes, tool vibration, and system dynamic behavior. In
addition, an AE sensor was installed two meters away from the chip formation zone to investigate the background noise level. The result indicates a high
signal-to-noise ratio (SNR), indicating that the background noise has negligible effects on the signals obtained in the vicinity of the chip formation zone (the
�rst sensor).

Furthermore, after observing a slight de�ection in the workpiece and the cutting tool during the conducted preliminary tests to guarantee the stability of the
process and prevent possible tool wear from affecting the AE signals, new inserts were deployed after each machining test. Tables 3-4 provide the list of
parameters and attributes of the workpiece and cutting tools. The following section presents the method for this process, including the signal processing
method and data analysis.
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Table 2
Cutting parameters and their levels used

Cutting Parameters Level

1 2 3

A: Cutting speed (m/min) 300 750 1200

B: Feed per tooth (mm/z) 0.01 0.055 0.1

C: Depth of Cut (mm) 1 2

D: Tool (D* = 19.05mm, Z**=3) Rε = 0.5 mm

Coated with TiCN

Rε = 0.5 mm

Coated with TiAlN

Rε = 0.5 mm

Coated with TiCN+Al2O3+TiN

Cutting �uid None (Dry Machining)

D*: Tool diameter; Z** Tool teeth number

 
Table 3

Physical characteristics of the material used [36]
Physical parameters Materials

AA 7075 – T6

Brinell Hardness (HB) 150

Elongation (%) 11

Elastic limit (MPa) 503

Mechanical resistance (MPa) 572

 
Table 4

Parameters of the cutting tools used [37]
Operational conditions Cutting tool (Iscar Ref: E90A-D.75-W.75-M)

Coating TiCN TiAlN TiCN+Al2O3+TiN

Insert nose radius Rε [mm] Rε = 0.5 Rε = 0.83 Rε = 0.5

Reference insert IC 328 IC 908 IC 4050

AE signal monitoring system

Figures 3 and 4 show the AE data acquisition system utilized in this study, including two AE TEDS microphones, a data processing unit, and how the system is
set up. Figure 3a shows a comprehensive signal processing unit. Microphones 1(ref:2564023) and 2(ref:2564024) in Figures 3b and 3c were installed near the
chip formation zone and at a distance of two meters from it, respectively. The �rst microphone was used to obtain AE signals and the second to measure
background noise. The arrangement of the workpieces used during the machining process is shown in Figure 3d. The schematic view of the experiments is
shown in Figure 4. After implementing the proposed setup, the microphones are calibrated with a signal of 10,000±100 Hz to ensure their e�ciency and
reliability.

Research methodology

Figure 5 shows the required strategy to complete the studies to investigate the effects of cutting parameters on the features of the original AE signals obtained
from 0.2 seconds of cutting operation. The steps of this strategy are as follows:

Installation of AE sensors (fs=100 KHz) near the chip formation zone for data acquisition and also Kistler-9255B three-axis dynamometer (fs=48 kHz) to
determine the cutting forces in the coordinate axes.
1. Implementation of milling tests with the proposed conditions and parameters on AA7075-T6 alloy.
2. Obtaining AE time-domain signals (x(t)) based on speci�ed cutting parameters such as cutting speed, cutting depth, feed per tooth, coated materials (Figure
4b).

3. Conversion of time-domain AE signals (x(t)) into time-frequency domain data based on the wavelet transform analysis  and process of
obtained AE signals in the time-frequency domain.
4. Optimal features extraction is based on different decompositions (from details and approximated AE signals) and utilization of different mother wavelets.
5. Perform statistical analysis to determine the attributes of the processed AE signals with the highest sensitivity to the cutting parameters used in each
experiment.
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6. Machining aluminum alloys involves di�culties such as burr formation, BUE, and wear modes, including adhesion [38–41]. Therefore, to minimize the risk
of noted challenges and also to avoid the possible negative impacts on the recorded results, the following assumptions are considered:

1. During the implementation of the preliminary experimental tests that were performed to validate test conditions, the machining process was proved to be
stable. It is noteworthy that cutting tools and �xtures were observed without any de�ection. Additionally, there was no chatter vibration detected in the tests.
2. New inserts were used at each stage of the designed experiments to avoid the risk of deviations in the test outcomes and enhance the milling process
measurements' accuracy.
The statistical analysis introduced signi�cant parameters, models, decompositions, and mother wavelets by criteria such as P-value, R2 and R2

adj (section
4.1).

3.2. Method of analysis
according to the detailed introduction of statistical terms used to analyze data in [42], the following experimental techniques and criteria have been used to
identify effective machining parameters on the values of features extracted from wavelet transform signal processing:

1. ANOVA: The analysis of variance (ANOVA) assesses any signi�cant relationship between cutting parameters and obtained AE signal attributes at 95%
con�dence interval (CI).

In statistics principles, the coe�cient of determination (R2) indicates the measure of the variability of a dependent variable based on the independent
variable(s). Here, this criterion indicates the sensitivity of an extracted AE feature to variation of cutting parameters. Whereas R2 > 0.85 indicates
signi�cant sensitivity to variation of experimental parameters, R2 < 0.85 shows that the extracted attributes are considered non-sensitive to such
parameters.

R2
adj is a modi�ed version of R2 and can provide a more detailed view of that correlation. This criterion is equivalent or smaller than R2.

P-value: Determines whether your experimental test results are statistically signi�cant or not. This study adopted this criterion to con�rm the signi�cance
of the cutting parameters and the proposed model based on the linear, second-order degree or 2-factor interactions. The following evaluation policy was
utilized:

P-value < 0.05; denotes the proposed model/parameter is signi�cant

P-value > 0.1; denotes the proposed model/parameter is insigni�cant

0.05 < P-value < 0.1; proves that the proposed model/parameter is mid-signi�cant

2. Pareto chart: provides a visual demonstration of statistical analysis of proposed experimental cutting parameters (individual and their combined effects) on
the extracted AE signal attributes employing decreasing contribution.
Statistical criteria, including P-value, R2, and R2

adj, were used to determine the signi�cant and insigni�cant parameters. It is to say that the models presented in

this work are second-order degree models. The AE signal responses with an R2 less than 0.85 were also insensitive to various cutting parameters as inputs.
Also, with magnitudes, less than 0.05 as P-value, the cutting parameters and their interactions were considered statistically in�uential parameters.

4. Results And Discussion
After processing the measured AE signals and implementing the strategies for suitable selection of features as described in Figure 5, an assessment of the
sensitivity of the experimental cutting parameters to AE signal attributes was conducted. The measured AE signals were decomposed through six
decompositions by �ve mother wavelets, so-called haar, db2, db10, sym8, and bior1.3. After selecting decomposed signals' attributes, a thorough assessment
was performed by statistical examinations of the AE attributes. Figure 6 shows maximum R2 values for the most sensitive signal attributes belonging to the
three most signi�cant mother wavelets for approximate and detailed signal types. Based on Figure 6, the signal attribute "max" (for all three mother wavelets)
has the highest R2 values among all �ve signal attributes within approximate signals and the lowest for detail signals, having the same R2 value of about 80%
for both approximate and detail signals. It means that the "max" attribute does not have a wide difference for approximate and detail signals. All four other
signal attributes, including rms, std, energy and entropy, have roughly the same R2 values for each of approximate and detail signals. However, the mentioned
four attributes for detail signals have R2 values 20% more than approximate signals. In other words, the sensitivity of rms, std, energy, and entropy is 20%
higher for detail signals. Therefore, regardless of the mother wavelet type, they were preferred over approximate signals for detecting the changes in
machining operations when cutting parameters change. It should be noticed that for attribute "max" the second type of mother wavelet (db2) had a better
performance. Due to page limit and long discussion needed, other examined AE signal attributes were not presented in Figure 6.

Figure 7 summarizes the R2 values of signal attributes, including rms, std, energy and entropy for all decompositions and all �ve mother wavelets studied.
Different decompositions do not have the same capability to present sensitive features related to their various details and characteristics. Considering Figure
7, generally, it can be seen that decompositions 2 and 6 offer higher R2 values as compared to other decompositions. Thus, it can be easily understood that
rms, std, energy, and entropy in the second and sixth decompositions of detail signals have acceptable sensitivity according to the introduced criteria. Besides,
Figure 6 and Figure 7 show that R2 values obtained from the detail signals using the bior1.3, haar, and db2 mother wavelets had the best results, respectively.
For further clari�cation, Table 6 presents the R2 and R2

adj values of the rms, std, energy, and entropy attributes for decompositions 2 and 6, and bior1.3, haar,

and db2 mother wavelets for the detail signals. Except for minor cases where their R2 was less than acceptable, the bior1.3, haar, and db2 mother wavelets in
decompositions 2 and 6 provided sensitive attributes with acceptable accuracy.

Table 5. R2 and R2
adj values of the rms, std, energy, and entropy features for decompositions 2 and 6, using the bior1.3, haar, and db2 mother wavelets
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Table 5
R2 and R2

adj values of the rms, std, energy, and entropy features for decompositions 2 and 6, using the bior1.3, haar, and db2 mother wav

R2 &
R2

adj

2nd Decomposition 6th Decomposition

rms std energy entropy rms std energy

R2 R2
adj R2 R2

adj R2 R2
adj R2 R2

adj R2 R2
adj R2 R2

adj R2 R2
adj

Bior1.3 91.459 88.198 91.697 88.998 89.525 86.121 88.894 85.285 89.579 85.942 88.8799 85.2659 86.3223 81.877

Haar 91.77 88.45 91.33 88.51 88.91 85.31 89.91 86.61 89.85 86.32 88.84 85.22 86.25 81.78

Db2 90.94 87.99 90.45 87.86 88.57 84.86 89.92 86.65 85.32 81.24 86.53 82.152 82.53* 76.85*

(*)indicates Insensitive factors

 
Table 6

R2 and R2
adj values of the most signi�cant proposed features using 5 different mother Wavelets on

accumulated detailed signals

R2 & R2
adj

Haar Db2 Db10 Sym8 Bior1.3

R2 R2
adj R2 R2

adj R2 R2
adj R2 R2

adj R2 R2
adj

max 82.27 76.51 84.45 79.4 81.09 78.9 83.61 79.25 81.58 75.6

rms 75.87 68.03 78.22 71.14 81.08 74.93 80.87 74.66 75.45 67.48

std 75.87 68.03 78.22 71.14 81.08 74.93 80.87 74.66 75.45 67.48

energy 66.98 56.25 69.03 58.96 70.99 61.56 70.87 61.4 66.57 55.7

entropy 76.31 68.61 78.48 71.49 81.64 75.67 81.56 75.57 77.1 69.66

Table 6 shows R2 and R2
adj values for the accumulated detailed signals. It can be observed that the signal resulting from the sum of the detail signals of all

decompositions do not provide signi�cant performance. The accumulated detail signal is not separated into different decompositions and consequently
includes additional details from the machining process. As a result, it adversely affects the performance of sensitivity criteria. Figure 8 illustrates the Pareto
charts of rms, std, energy, and entropy (features with highest values of R2) obtained from the most appropriate mother wavelets. Based on the presented
charts, rms, std, and energy were substantially controlled with the variation of all the proposed cutting parameters, including the cutting speed (A), feed per
tooth (B), coating material (D), and depth of cut (C) respectively while for entropy depth of cut (C) can not be assumed a signi�cant parameter. There is a
correlation between the levels of proposed cutting parameters, including cutting speed, feed per tooth, coating strength and depth of cut (not being effective
on entropy level) and rms, std, energy, and entropy, with Vc as the most effects factor on all the mentioned attributes. The obtained analysis revealed that a
considerable proportion of AE signals generated during milling processes are closely linked to levels of consumed energy and material removal rate (MRR), as
stated in [43]. Other signi�cant factors on rms and std are the interaction between cutting speeds (AA), coating materials (DD), feed per tooth and depth of cut
(BC). The most visible inputs affecting the entropy are cutting speed and feed per tooth (AB). However, in comparison to rms and std, the energy was affected
by more statistically signi�cant parameters, including coupled interactions between cutting speeds (AA), coating materials (DD), feed per tooth and depth of
cut (BC), cutting speed and feed per tooth (AB), cutting speed and depth of cut (AC), and cutting speed and coating materials (AD).

In the frequency domain, the conclusions revealed that peak amplitude and peak frequency entitled as the most sensitive factors to input catting parameters.
They were not still satisfactorily governed by such parameters [44]. The negligible P-Value (<<0.05) of feed per tooth, cutting speed, coating material, and
depth of cut when taking rms, std, energy and entropy throughout the wavelet transform analysis of decomposed AE detail signals of milling of Aluminium
7075 was observed and considered. It approves that these cutting parameters remarkably control the variation in maximum amplitude. Cutting speed, depth of
cut, coating material details, and feed per tooth shows a strong correlation with AE signals in the time-frequency domain, con�rming that AE signals and
cutting parameters can be selected appropriately for the purpose of monitoring machining processes. The order of in�uential cutting parameters on signi�cant
attributes of AE signals was shown in Table 7. It is noteworthy that, in general, the milling process signals are more sophisticated than other non-traditional
machining methods. As a result, they are signi�cantly affected by system deviations. These signals can include background noise such as mechanical,
electrical, or acoustic. Aluminum alloys machining presents challenges such as burr formation, BUE, and adhesion of work parts to the cutting tools [38–41].

The present study certi�es the accuracy and effectiveness of AE signal information in milling processes monitoring. According to the obtained information, it
can be claimed that AE signals change more by the variation of cutting parameters (cutting speed and feed per tooth) than by changing the coatings. In this
study, a second-order model is used to investigate the sensitivity of AE signal parameters, and as the subject of further studies, it is suggested to evaluate
more models for statistical analysis on machining data. Furthermore, the method introduced in this study can be utilized with AI-based techniques (e.g.,
Neural/Deep Network) to develop a robust classi�cation and predictive model and monitor machining operations [45]. Besides, for non-de�ecting signals,
higher frequency ranges, advanced �ltering, and anti-aliasing algorithms are recommended. Finally, it should be noted that the theory of predicting the AE
signal parameters is an acceptable approach to avoid the need for repeated tests. 



Page 7/14

Table 7
Effective cutting attributes on sensitive AE parameters

AE Parameters Cutting speed Feed per tooth Depth of cut Coating material

rms 1 2 4 3

std 1 2 4 3

energy 1 2 3 4

entropy 1 2 4* 3

(*)indicates Non-statically effective factors

5. Conclusion
By conducting experimental machining tests (milling) on AA 7075 workparts and implementing proposed AE signal decomposition in time-frequency domain
(wavelet transform), feature extraction and statistical analysis, the sensitivity of extracted AE signal attributes was examined with different cutting
parameters. In addition, the sensitivity of AE signal attributes to variation of cutting parameters were also evaluated. This study would illuminate and cover the
lack of knowledge about the impact of cutting parameters on the signi�cant AE signal attributes to enhance the online monitoring machining process.

These conclusions could be drawn from the �ndings presented in the article:

1. Rms, std, energy, and entropy were the most sensitive AE signal attributes to variation of cutting conditions.
2. In decompositions #2 and #6, sensitive AE attributes had higher R2 values than in other decompositions. It was also noticed that detail signals were more

e�cient in detecting the variation of cutting conditions and coating material properties compared to approximate signals.
3. Cutting speed, feed per tooth, coating, and depth of cut (except in the case of entropy) were the most in�uential factors on rms, std, energy, and entropy.

Other signi�cant factors were interaction effects between cutting parameters, with different intensities of in�uence on each attribute. The mentioned
parameters' coupled interaction was the most in�uential cutting conditions on rms, std, and energy. However, the energy was also in�uenced by the
coupled interaction between cutting speed and feed per tooth, cutting speed and depth of cut, and cutting speed and coating material. Entropy was
in�uenced only by coupled interaction between cutting speed and feed per tooth.

4. As a result of this study, it was demonstrated that AE signals could be used for monitoring milling processes using wavelet domains. Consequently, AE
signal information can be used in milling processes, which was previously denied due to noise, friction, chip accumulation, and lack of accurate
extraction and selection of sensory signal attributes.

5. Compared with time and frequency analyses, wavelet transform led to a better determination of sensitive signal features with more accuracy and
con�dence. Therefore, it is recommended to use the wavelet transform for signal processing when dealing with high interaction environments such as
machining operations.

�. A combination of AI-based methods, high quality and precise multiple sensors, a higher frequency range of data, and advanced �ltering and anti-aliasing
algorithms to develop the e�ciency of the proposed algorithm is suggested.

7. A comprehensive and precise presentation of signi�cant cutting conditions and sensitive AE signal features to variation input cutting parameters
undoubtedly facilitates the predictive fault models and online monitoring systems for diverse machining processes.
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Figure 1

AE signal attributes [31]
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Figure 2

Samples of AE signal attributes in (a) time domain and (b) frequency domain (c) wavelet domain with two decompositions

Figure 3

AE Acquisition system
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Figure 4

(a) The AE signal acquisition system used (b) Schematic overview of machining set-up and data acquisition

Figure 5

Scheme of the proposed methodology
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Figure 6

Coe�cient of determination (R2) calculated for three main mother wavelets for different decompositions (a) approximated and (b) detailed signals
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Figure 7

R2 changes based on �ve proposed mother Wavelets for (a)rms (b)std (c)energy, and (d) entropy as the most sensitive features

Figure 8

Pareto charts of sensitive features including (a) rms (b) std (c) energy and (d) entropy with highest values of R2
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