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a b s t r a c t

Shape memory alloys (SMA) hold a very promising place in the field of manufacturing,

especially in biomedical and aerospace applications. Owing to the unique and favorable

properties such as pseudo elasticity, shape memory effect and Superelasticity, Nitinol is

the most popular amongst other SMAs. However, a major challenge lies in the final surface

features of the machined component. In the current study, Nitinol rods were machined

using the wire electrical discharge machining (WEDM) process and subsequently, the

surfaces were investigated using the Field emission scanning electron miscroscope

(FESEM) technique for the features. In addition to this, Singular Generative Adversarial

Network (SinGAN) and DenseNet deep learning models were prepared and applied for the

prediction of surface morphology and its correlation with the process parameters. It was

concluded from the study that the DenseNet model was highly effective in predicting the

surface images with 100% average accuracy both with training and testing whereas the

least average accuracy of 99.13% and 98.98% with training and testing respectively are

observed with the MNB model. Thus, the proposed methodology can prove to be highly

beneficial for prediction, specifically for manufacturing applications where the data is

limited.

© 2022 The Author(s). Published by Elsevier B.V. This is an open access article under the CC
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1. Introduction

Shape memory alloys (SMAs) are an innovative class of ma-

terials that possess a unique quality of retaining their original

shape when heated after being deformed under load [1,2].

Some most promising properties possessed by SMAs are

Pseudo-elasticity, shape memory effect (SME) and super-

elasticity [3,4]. SMAs can be instructed to recall their initial

shape at different temperatures by deformation. The tem-

perature at which the material regains the initial shape is

regarded as transformation temperature [5]. The deformed

SMA will retain the initial form employing heating above the

transformation temperature (austenite finish) of the material

[6,7]. The reversiblemartensitic phase transformation enables

SMAs to generate higher work output and higher stress and

strain actuation. These notable characteristics of SMAs make

them favourable for biomedical [8], aerospace [9], automotive

[10], actuators [11], robotics [1], and other industrial applica-

tions [12,13]. In 1962, SME first was observed in AueCd alloy by

Arne €Olander [14]. After the first invention of SMA, SME was

noticed in various alloys such as FeMnSi, CuAlNi, NieTi,

CuZnAl, ZrCu, CoAl, CuSn, etc [15]. Though the SME was

prominent in various iron and copper-based alloys, their use

was limited in certain fields owing to their poor thermos-

mechanic act and instability [1]. Unique characteristics of

NieTi alloys (also known as Nitinol) such as higher corrosion

and wear resistance, SME, Pseudoelasticity, biocompatibility,

etc. made it favourable in multiple application fields like

automotive sensors [16], aerospace, MEMS devices, actuators,

robotics, biomedical [17], andmany other industrial fields [18].

The presence of titanium in nitinol forms a protective TiO2

layer which protects the release of Ni þ ions [19,20]. This

protection of Ni þ ions leads nitinol more appropriate in

biomedical areas. Machining of nitinol is a challenge as it

hardens rapidly due to the austenitic matrix structure [21].

Pseudoelasticity, large tool wear, high hardness, poor surface

quality, SME, high ductility, and poor cutting efficiency in-

creases the limitations of the conventional machining of

Nitinol [22,23]. Therefore, non-conventional processes are

vastly capable for Nitinol SMA. To achieve dimensional pre-

cision with lower surface roughness (SR), and reasonable

surface integrity becomes essential in the manufacturing of

several essential components [24]. So, researchers should

discover a different approach to attain good surface charac-

teristics of machined surfaces for nitinol.

Difficulties of traditional machining techniques can be

resolved by usingwire electrical dischargemachining (WEDM)

process which is highly appropriate for hard materials [25].

Non-contact operation of tool and work material of WEDM

process is highly capable of producing complex shape geom-

etries and structures with great accuracy [26,27]. In theWEDM

process, material removes employing melting and vapor-

ization as a series of sparks are created in between tool and

workpiece [28,29]. Machined material gets carried away by a

dielectric fluid in the machining zone [30]. Hard and uneven

machined surface forms due to the sparking and the dielectric

flushing. Due to this, SR and the surface morphology of the

machined component become crucial [31]. WEDM method

involves multiple input parameters which require to be
controlled for obtaining a better surface quality [32]. After the

WEDM process, surface defects such as heat-affected zone,

micro-cracks, pores, etc. were obtained on the machined

surfaces. So, the chances of obtaining the poor surface and

change of the microstructure of the machined component

increases.

Sharma et al. [33] used theWEDM process for machining of

Ni40Ti60 alloy. They identified input process parameters of

Pulse-on time (Ton), Pulse-off time (Toff), servo voltage, and

current to be useful for selected responses. Ton was observed

to have the highest contributor for obtaining the lower value

of SRwhile Toff was not found to be significant on SR response.

Rathi et al. [34] observed that Ton, Toff, and current play an

important role as all these machining variables were having a

significant impact on SR during WEDM machining of Ni55.8Ti

alloy. They utilized Taguchi's L9 orthogonal array (OA) for 3

factors and 3 levels. Their obtained results showed that cur-

rent was having a major significant effect with 81.02%

contribution trailed by Ton (16.2%) and Toff (2.68%). Chaudhari

et al. [35] used taguchi's L9 OA to optimize the machining

variables of pure titanium. Results of another study conducted

by Jabbaripour et al. [36] have shown that the surface

morphology ofmachined components is largely dependent on

Ton and current. Surface defects such as micro-holes and

micro-cracks were largely affected by pulse energy variations.

So, proper control of these parameters plays a very important

role.

Due to better prediction capability, machine learning (ML)

models gained significant attention in the last two decades

[37,38]. ML models show a very good capability to correctly

classify or predict the experimental data [39]. To develop

efficient computational models, data-driven techniques have

been applied in diverse applications [40,41]. Rao et al. [42]

developed the Support Vector Machine (SVM) and Artificial

Neural Network (ANN) model for the prediction and optimi-

zation of input variables. The authors found that SVM results

were more significant and in good agreement with the

experimental results as compared to the predictions of the

ANN model. Another study conducted by Ulas et al. [43]

showed a comparative analysis to predict SR of machined

aluminium alloy with four ML models. Results demonstrate

that Extreme learning machine (ELM) models give better sur-

face prediction as compared to SVM. Most of the findings were

devoted to predicting the surface morphology which was

measured through contact-based profilometry. These mea-

surements need considerable effort and it becomes chal-

lenging to implement in industrial practice. To circumvent

this issue, significant studies were carried out to determine

surfacemorphology from high-resolution images. Garcia et al.

[44] presented a methodology for efficient image-based

roughness prediction of laser cut samples. It was reported

that ANN yields better prediction capability. In the field of

manufacturing and to characterize various parameters

through high-resolution scanning electron microscopy (SEM)

images, lacking a sufficient number of images to develop ML

models has been recognized as a challenge by various re-

searchers. Further, it is extremely difficult to automate the

process when the availability of valid experimental data are

inadequate. To circumvent, this challenge and to bring effi-

cient automation, authors developed and explore the Singular
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Fig. 1 e Flowchart of the proposed methodology.

Table 1 e Nitinol: Chemical composition [32].

Element Ti Ni Cr Cu Co Fe C N C H

Wt. (%) Balance 55.78 0.005 0.005 0.005 0.012 0.03 0.001 0.03 0.001

Table 2 e WEDM process parameters.

Process parameters Unit Levels

Pulse-on time (Ton) ms 20; 50; 80

Pulse-off time (Toff) ms 8; 16; 24

Current A 2; 4; 6
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Generative Adversarial Network (SinGAN) model for charac-

terization of surface morphology of manufactured specimen

through images when the availability of experimental data is

very low. Further, a detailed examination of the relevant

literature suggests that previous studies have not given sig-

nificant attention to the analysis of the machined surface

images by using the deep learning techniques. To the best of

our knowledge, the use of SinGAN along with ML models for

analyzing surface morphology of the WEDMed surface for

Nitinol SMA has not yet been reported. Further, in the current

study, a handful of work considering Ton, Toff, and current as

input variables along SR, and surface morphology of

machined component as the response variables of Ni55.8Ti

SMA has been investigated. Experiments were conducted by

using Taguchi's L9 orthogonal arrays. Analysis of variance

(ANOVA) was used to check the adequacy and significance of

SR. The surface morphology of the machined component was

reported by Field emission scanning electron miscroscope

(FESEM) analysis. Afterwards, SinGAN model was applied to
generate images and finally fed in toMLmodels for prediction.

The significant contribution of the methodology adapted are

as follows:

� The study explored the significance of input process pa-

rameters for obtaining the lower SR value by employing

Taguchi's L9 OA.

� The authors proposed to develop and apply the Multiscale-

SinGANmodel to address the issue of lack of availability of

machined surface images in manufacturing applications

and to develop a reliable ML model, which is yields high

prediction accuracy.

� To evaluate the effectiveness of the proposed methodol-

ogy, comparative and detailed investigations have been

performed with four ML models and four performance

metrics. Results from all models are giving satisfactory

accuracy to identify machined surface morphological im-

ages of nitinol SMA.

The authors strongly consider thatmethodology developed

will be very useful for industrial applications in near future.

This research is hoping to contribute and accelerate the

automation and prediction in numerous manufacturing ap-

plications, where the availability of data is limited. Fig. 1

shows the flowchart of the proposed methodology of the

current study.
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Table 3 e Experimental results of SR as per Taguchi's design.

Exp. no. Ton (ms) Toff (ms) Current (A) SR (mm) Symbolic representation
for SEM imagesRun 1 Run 2 Run 3 Average SR value

1 20 8 2 5.27 5.37 5.29 5.31 A

2 20 16 4 5.64 5.51 5.62 5.59 B

3 20 24 6 6.45 6.55 6.50 6.50 C

4 50 8 4 5.89 5.83 5.92 5.88 D

5 50 16 6 6.57 6.56 6.67 6.60 E

6 50 24 2 4.94 5.01 4.87 4.94 F

7 80 8 6 7.20 7.05 7.08 7.11 G

8 80 16 2 5.45 5.61 5.56 5.54 H

9 80 24 4 5.94 6.11 6.10 6.05 I
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2. Materials and methods

2.1. Experimental setup

ConcordmakesDK7732WEDMset-upwasused in this study to

perform the experiments on work material of Ni55.8Ti SMA

(6 mm of diameter) and molybdenum wire as a tool. Slices of

2mmeachwerecut for theanalysis.Thechemical composition

used in the present study for Ni55.8Ti was shown in Table 1.

Taguchi's L9 orthogonal arrays with three factors (Ton, Toff,

and current) each having three levels were utilized to perform

the experiments as shown in Table 2. Process parameters and

their levels were selected as per the literature studies, pilot

tests, and machining limits. In the current study, SR and

surface morphology of machined components are considered

as response variables. Two or more repetitions are mandatory

for each trial to assess the experimental error and provide the

conditions required to test the hypothesis. Minitab v.17
Fig. 2 e Machines specimens as per Taguchi's L9 OA at [1]

Ton of 20 ms, Toff of 8 ms, Current of 2 A [2], Ton of 20 ms, Toff

of 16 ms, Current of 4 A [3], Ton of 20 ms, Toff of 24 ms, Current

of 6 A [4], Ton of 50 ms, Toff of 8 ms, Current of 4 A [5], Ton of

50 ms, Toff of 16 ms, Current of 6 A [6], Ton of 50 ms, Toff of

24 ms, Current of 2 A [7], Ton of 80 ms, Toff of 8 ms, Current of

6 A [8], Ton of 80 ms, Toff of 16 ms, Current of 2 A [9], Ton of

80 ms, Toff of 24 ms, Current of 4 A.
software was employed to define the orthogonal matrix of

Taguchi's L9 (3̂3) approach as per Table 3.

2.2. Measurement of output responses

Mitutoyo Surftest SJ-410 model was employed to determine

the SR of the samples. SR of the machined components was

measured at three different locations and the average value of

Ra was considered during the analysis. The cut-off length

selected was set to 0.8 mmwith an evaluation length of 5mm.

Experiments were repeated thrice to limit the error and the

average value was used for further calculation. FESEM was

used to study the surface morphology of the machined

component. During the study, surface defects like a melted

material deposition, pores, surface cracks and globules of

debris were examined. To avoid any burrs on the surface of

the machined component, samples were mechanically pol-

ished using emery paper and further etched chemically (14 ml

HNO3, 4 ml HF, and 82 ml H2O).

In current study, three repitations of each trial was per-

fomed and the average value of SR has been considered during

the analysis. Table 3 shows the results of SR for these three

repitations i.e. run 1, run 2, and run 3. Average value of SR has

been determined and it was used for analysis purpose. It can

be clearly seen from Table 3, average value of SR is close to the

SR value obtained for run 3. Due to this reason, machined

specimens of run 3 were used for obtaining the SEM images.

Fig. 2 shows the nine machined specimens obtained from run

3 and Fig. 3 shows the nine SEM images obtained as per run 3

of Taguchi's L9 OA. Table 3 shows the design of Taguchi's L9
orthogonal array, and the results obtained from each run for

the two responses (i.e., SR and SEM images) Statistics package

in the form of Minitab v17 was used to study the effect of

machining variables on SR using ANOVA.

2.3. Single picture generative adversarial network
(SinGAN)

Synthetic data creation is a promising and relatively new

technology that has recently been used in various computer

vision challenges [45]. Generative adversarial networks

(GANs) emerge as a potential synthetic data generation tech-

nique from the images. Generator and Discriminator are the

two competing neural networks that essentially build the ar-

chitecture of GAN. The generator is taught to create synthetic

images by adding noise to the original image in such a way

https://doi.org/10.1016/j.jmrt.2022.02.093
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Fig. 3 e FESEM of WEDM processed samples of Nitinol SMA (a) Ton of 20 ms, Toff of 8 ms, Current of 2 A, (b) Ton of 20 ms, Toff of

16 ms, Current of 4 A, (c) Ton of 20 ms, Toff of 24 ms, Current of 6 A, (d) Ton of 50 ms, Toff of 8 ms, Current of 4 A, (e) Ton of 50 ms, Toff

of 16 ms, Current of 6 A, (f) Ton of 50 ms, Toff of 24 ms, Current of 2 A, (g) Ton of 80 ms, Toff of 8 ms, Current of 6 A, (h) Ton of 80 ms,

Toff of 16 ms, Current of 2 A, (i) Ton of 80 ms, Toff of 24 ms, Current of 4 A.
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that discriminator finds it difficult to differentiate the original

and synthetic images, whereas the discriminator is trained to

distinguish between an original image and generated syn-

thetic images produced, by the generator. Shaham et al. [46]

introduced the single picture generative adversarial network

(SinGAN), which is an unconditional generative model that

needed only one experimental image for learning. It has been

trained to formulate, range of high-quality images with

comparable visual information by breaking images into tiny

sections ranging from coarse to fine-scale [47]. After con-

ducting experiments, high-resolution images were captured

from FESEM based on L9 OA. To train any ML model for image

analysis, the availability of sufficient data is always a chal-

lenge, so authors have developed a Multiscale SinGAN model

in python 3.6 environment with torch 1.4 and torch vision

0.5.0 configuration. Multiple realistic images were generated

from a single image based on adversarial training starting

from fine-scale ‘N ¼ 0’ to coarse-scale ‘N ¼ 4’. It has been

observed that new sample images having arbitrary size and

aspect ratio with significant variability is noticed as SinGAN

model runs from coarse to fine scale and at the same time

model preserves global structure and the fine textures of the

training image. In our study, the authors generated 2250

synthetic realistic images from each of the 9 original images

through various scales. Fig. 2 shows the original images
obtained from FESEM and generated synthetic images from

the SinGAN model at various scales as shown in Fig. 4.

2.4. Machine learning setup

Machine learning (ML) algorithms employ computational

methodologies to “learn” information directly from the user-

defined data and construct a probabilistic model which will

be used for prediction [48,49]. To apply machine learning,

Several structures were taken from the data and then were

provided into a suitable MLmodel which can be applied either

for classification or regression [50]. With the availability of

experimental data, a better model will be constructed that

predicts the output more precisely, hence the accuracy of

anticipated output is dependent on the availability of experi-

mental data [51]. On the contrary, Deep learning (DL) which is

a subset of ML, operates in the same manner as machine

learning does, but in most cases, there is no requirement to

extract features. Recently DL is considered a potent tool for

increasing the performance of industrial processes. This may

be useful in the manufacturing industry to identify defective

items or to determine surface roughness specifically through

image processing techniques [52]. Models need to be trained

with a large set of labelled data and neural network archi-

tectures which may consist of many layers. To achieve a good

https://doi.org/10.1016/j.jmrt.2022.02.093
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Fig. 4 e Generated images of Nitinol SMA through SinGAN.
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level of prediction accuracy, a significant number of images

are required, whichmakes it sometimes difficult to apply for a

task in which the availability of experimental data is very less.

Deep learning techniques have recently been discovered to

play a vital role in the manufacturing industry [53,54]. In the
Table 4 e ANOVA for SR.

Source DF SS MS

Ton 2 0.3698 0.1849

Toff 2 0.1154 0.0577

Current 2 3.3072 1.6536

Error 2 0.0202 0.0101

Total 8 3.8128

DF, Degree of freedom; SS, sum of squares; MS, Mean sqaure; F value, Fis
current study to predict the surface roughness from SR SEM

images, authors have applied four ML and DL models for

comparison. Four models which were considered in the pre-

sent study are K-Nearest Neighbour (KNN), Multinomial Naı̈ve

Bayes (MNB), DenseNet, and AlexNet. Specifically, when ML/
F P % Contribution

18.25 0.05 9.69

5.69 0.149 3.06

163.19 0.006 86.73

0.52

cher value; p value, probability value.

https://doi.org/10.1016/j.jmrt.2022.02.093
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Fig. 5 e Main effect plot for SR.
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DL needs to apply for the characterization of images in case of

manufacturing, materials, medical imaging applications, etc.

availability of data poses a challenge. To overcome this limi-

tation, authors have developed a SinGAN model through

which multiple experimental synthetic images can be gener-

ated from a single experimental image.
3. Results and discussion

3.1. Effect of machining variables on SR

The relative impact of machining variables and regression

coefficients of the generated model was determined with the

help of the ANOVA technique. To determine the significance

of input variables (Ton, Toff, and current) on SR by using

ANOVA, a 95% confidence interval (CI) was selected. Lower P/

Higher F value suggests the significant effect of the variable.

For 95%CI, P-value lower than 0.05 suggests the significance of

the machining variable on the selected response [55,56]. Table

4 illustrates the ANOVA results for SR. Current, and Ton were

found as significant variables having a contribution of 86.73%

and 9.69% respectively, while Toff was not having a significant

impact on SR. A minor error contribution of 0.52% was found
Fig. 6 e Normal probability plot for SR.
for SR. This existing model can be considered as the best fit

and suitable if the difference among the R-sq. (99.47%) and

Adj. R-sq. (97.87%) is within the limit [57]. A small variation in

the R-square value indicates that the model is suitable for

predicting the future outcomes of SR [58,59]. The regression

equation will become useful for the user to predict the SR

values in the selected range of parameterswithout conducting

the experiments. The regression model for the prediction of

SR is shown in equation [1]:

SR¼ 4:210þ 0:2167� X1 � 0:1350X2 þ 0:7367� X3 (1)

where, X1 is Ton, X2 Toff, X3, is current.

Fig. 5 describes the effect of WEDM process variables on SR

response. It was observed that SR largely intensifies with ris-

ing in Ton and current values. An increase in the value of Ton

and current value enhances the discharge energy and further

increases the thermal energy [60]. Due to higher discharge

energy and thermal energy, plasma channel pressure in-

creases, impulsive forces are created, and produces rough and

irregular surfaces [31,61]. Thus, due to the higher thermal

energy, SR value increases with the rise in Ton and current. A

decrease in SR was produced along with the rise in Toff value.

An increase in Toff decreases the discharge energy and small

craters get created [62]. This increases the quality of the sur-

face by decreasing the SR value.

Fig. 6 depicted the normal probability plot for SR. It can be

observed that all the residuals areona straight line.This canbe

considered as the fitness of the existing model [63]. It further

signifies that the normal distribution of all the errors and the

absence of residual clustering. This indicates that all selected

variables in the current study play a key role in the model.

3.2. Prediction of surface morphology

To predict the surface morphology of the machined surface

through SEM images, the SinGAN model is developed. Nine

specimens from WEDM were prepared with variations in

three levels of operating parameters: Current (A) Ton (ms), Toff

(ms), and surface roughness are experimentally determined
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which is mentioned in Table 3. Initially, there were only nine

images, which is insufficient for training both ML and DL

models; thus, the authors utilized SinGAN, an image

augmentation method, to generate 250 characterization im-

ages from a single SEM image. Similarly, SinGAN was applied

to the other eight characterization images, yielding a total of

2250 images which is needed for feeding into the KNN, MNB,

AlexNet, and DenseNet models to predict WEDM parameters.

To correctly identify each set of operating parameters, a class

name is assigned with symbolic representation, which can be

referred to from Table 5. Further, all the generated images

were randomly divided in the standard ratio of 70:30, for

training and testing of models respectively. 1575 character-

ization images were used for trained models and 675 charac-

terization images were used for prediction. Overall training

and testing accuracy are mentioned in Table 5. It is observed

that prediction results from the DenseNet model are 100%

both through training and testing, whereas the least predic-

tion results observed from MNB which is 99.13% for training

and 98.18% for testing respectively. Results reveal that DL

models give 100% characterization accuracy as compared to

traditional ML models since DL models are found to be better

for the characterization of images.

Fig. 7 (a)e(h) illustrates the confusion matrix obtained

through all four models for the characterization of surface

roughness of the nine SEM images. Fig. 7(a) and (b) shows the

casewise accuracy of all SEM images after applying training

and testing through KNN models. Here diagonal elements

which are highlighted, represent the correctly identified im-

ages. It can be seen that for both training and testing KNN can

identify 7 and 8 SEM roughness images correctly out of 9 im-

ages, whereas the characterization of surface roughness

through the MNB model, seems to be poor as compared to

other models, which can be seen from Fig. 7(c) and (d).

Moreover, the case-wise accuracy seems to be better through

AlexNet and DenseNet DL models, Fig. 7(e)e(h) respectively.

Results highlight that the DenseNet DL model showed better

performance as compared to the other three models for

characterization of SEM roughness images since all the im-

ages were correctly identified with 100% accuracy both with

training and testing of the model. Further to analyze the

robustness ofmodels, four performancemetrics are evaluated

such as accuracy, precision, sensitivity, and specificity.

Accuracy: It refers to the correct predictions of data in

various classes. It can be calculated as:

Accuracy ¼ (Correct predictions)/(All predictions).

Precision: It reflects the proportion which is actually cor-

rect with positive identifications of images. It is calculated as:

Precision¼ (True positive)/(True positive þ False positive).

Sensitivity: It reflects how good ML model is at detecting

images.

Sensitivity ¼ (True positive)/(True positive þ False

negative).

Specificity: The fraction of true negatives accurately

recognized by the ML algorithm is referred to as specificity. It

indicates howwell themodel is in detecting image conditions.

Specificity ¼ (True negative)/(True negative þ False

positives).

The corresponding values of all the performance metrics

are reflected in Tables 6 and 7. It shows that all the 9 SEM
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Fig. 7 e Confusion matrix of prediction results.
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characterization images are predicted with 100% accuracy

through the DenseNet model and with all four-performance

metrics through training and testing. As observed, all perfor-

mance metrics give 100% identification accuracy with the

DenseNet model, whereas the minimum accuracy achieved is

97.18% from KNN. Sensitivity is an important parameter to

judge the performance of models. The maximum sensitivity

of 100% is reported through the DenseNet model, whereas the

least sensitivity 95.25% is reported through the MNB model
after testing is performed on images. The methodology

developed has demonstrated a marked improvement in pre-

diction accuracy for very few SR images, since the average

accuracy reported through all four models are 99.62% and

99.55% through training and testing respectively Furthermore,

prediction accuracy with KNN is comparatively less as

compared to other three models due to the fact that for large

dataset the cost and computation time to calculate the dis-

tance between the new image and the existing image is high,

https://doi.org/10.1016/j.jmrt.2022.02.093
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Table 6 e Performance metrics value obtained after training of models.

KNN MNB AlexNet DenseNet

Accuracy Precision Sensitivity Specificity Accuracy Precision Sensitivity Specificity Accuracy Precision Sensitivity Specificity Accuracy Precision Sensitivity Specificity

A 100 100 100 100 100 100 100 100 100 97 100 100 100 100 100 100

B 97 100 75 100 98 100 76 100 100 100 98 1.00 100 100 100 100

C 100 100 100 100 99 100 96 100 100 99 100 100 100 100 100 100

D 97 83 100 97 95 73 100 95 100 100 98 100 100 100 100 100

E 100 100 100 100 100 100 100 100 100 99 100 100 100 100 100 100

F 100 100 100 100 100 100 97 100 100 100 100 100 100 100 100 100

G 100 100 100 100 99 100 88 100 100 97 100 100 100 100 100 100

H 100 100 100 100 100 100 100 100 100 100 99 100 100 100 100 100

I 100 100 100 100 100 100 100 100 100 97 100 100 100 100 100 100

Table 7 e Performance metrics value obtained after testing of models.

KNN MNB AlexNet DenseNet

Accuracy Precision Sensitivity Specificity Accuracy Precision Sensitivity Specificity Accuracy Precision Sensitivity Specificity Accuracy Precision Sensitivity Specificity

A 100 100 100 100 100 100 100 100 99 100 95 100 100 100 100 100

B 98 100 82 100 98 100 84 100 100 100 99 100 100 100 100 100

C 100 100 99 100 99 100 93 100 100 99 100 100 100 100 100 100

D 98 83 100 98 96 73 100 96 100 100 100 100 100 100 100 100

E 100 100 100 100 100 100 98 100 100 100 100 100 100 100 100 100

F 100 100 100 100 100 100 98 100 100 100 100 100 100 100 100 100

G 100 100 100 100 99 100 92 100 100 99 100 100 100 100 100 100

H 100 100 100 100 100 100 100 100 100 100 99 100 100 100 100 100

I 100 100 100 100 100 100 100 100 99 96 100 99 100 100 100 100
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which degrades the performance of KNN model. These find-

ings also highlight the suitability of deep learning models for

the prediction of surface characteristics SEM images as

compared to other conventional machine learning models.

4. Conclusion

The surface morphology of the machined surface is always a

prominent area of investigation inmanufacturing applications.

Further to predict the surface morphology of specimen pre-

pared throughWEDMofNitinol SMAwith only 9 FESEM images

is a challenging task. In this paper, a novel SinGAN technique is

used to generate several images from the original images and

then fed into four ML models. In total, 2250 images were

considered, out of which 1575 images were used for training

and 675 images were used for testing of ML models. Based on

the methodology proposed, observations are listed below:

1. Statistical analysis of the proposed model was observed to

be the best fit for the selected range and current was found

to be the most significant factor for SR.

2. The effectiveness of four machine learning models to

predict surface morphology of Nitinol specimens is esti-

mated with performance metrics: accuracy, confusion

matrix, precision, sensitivity, and specificity. The highest

average accuracy of 100% aswell as 100% identification rate

is observed from the other three metrics to predict surface

morphology from the DenseNet model.

3. Modeling results show that the DenseNet model (100%) is

best suitable to predict the machined images followed by

AlexNet (99.8%), KNN (99.4%) andMNB (98.9%) respectively.

4. Themethodology developed based on combined utilization

of SinGAN and ML models which is not reported in the

literature is extremely useful to various manufacturing

applicationswhere the availability of themachined surface

images is limited for prediction through ML models since

authors have utilized only 9 FESEM images of Nitinol

specimens.

Authors expect that additional image generation through

SinGAN to develop ML models will be extremely useful in

manufacturing industries for the prediction and automation

of various significant parameters like MRR, tool wear rate, tool

life, etc. with deep learning models.
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