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The implementation of soft computing procedures in tool wear prediction and optimization 

is a significant process in machining operations for sustainable manufacturing of 

components with quality finishing. Tool wear is one of the response parameters that leads 

to a high rate of production cost due to constant tool substitution during machining, mostly 

when machining hard metals that are difficult to machine. With these challenges, several 

techniques have been put in place to optimize and predict tool wear rates, including 

turning, milling, grinding, shaping, and drilling. This study focuses on the evaluation of 

existing literature that employs soft computing procedures such as ANN-GA, ANFIS, 

ANFIS-PSO, and ANFIS-FCM in the prediction of cutting tool wear rate during 

machining processes. From the different study reviews, the results show that the 

application of these soft computing procedures significantly improves tool life during the 

manufacturing process by employing the optimal machining parameters in an eco-friendly 

nano-lubrication environment. This study also points out the challenges currently faced 

with these soft computing techniques and gives a sustainable way forward as a 

recommendation to improve the manufacturing process. 
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1. INTRODUCTION

The purpose of an artificial neural network (ANN) is to 

predict and determine the optimal machining parameters that 

result in the least amount of tool wear, surface roughness, 

cutting force, and vibration [1]. The parameters of 

technological processing are values that are affected by 

various factors. because there are no standardized forms or 

procedures for determining processing parameters [2]. 

Experience values, such as various books, graphics, and so on, 

are used in most cases. As a result, neural networks can be 

extremely useful. In place of performing, a neural network is 

trained to predict the unknown machining parameters after a 

detailed calculation of the processing parameters [3]. Artificial 

neural networks are being developed and widely employed to 

solve problems in the manufacturing industry [4]. Cutting 

speed, feed rate, depth of cut, helix angles, and radial depth of 

cut are the machining parameters. The variations of chip 

thickness, high heat stress, low machining efficiency, poorer 

surface quality, and tool wear can lead to poor performance of 

the developed mechanical component [5]. The study of tool 

wear cannot be overemphasized when considering the 

machining parameters at the machining region. These 

parameters, such as cutting speed, feed rate, and depth of cut 

when in operation, can affect the system through vibration and 

heat generation [6]. Figure 1(a-b) gives an illustration of the 

cutting tool before and after operation, which shows that the 

need for prediction and optimization analysis is high. 

Tool wear was calculated using efficient mathematical 

models that took into account speed variations, vibration-

cutting powers, acoustic discharge, the mean force of vibration 

marks, prattle vibration, and the wear coefficient pace of the 

ascent of the heap file of dissemination [7]. Feed rate is a 

significant contributor to workpiece surface roughness, 

whereas speed and depth of cut are major contributors to tool 

wear. A lot of research is being done on the abrasive jet 

machining wear mechanism. Prediction and measurement of 

the integrity of machined surfaces take time and are rarely 

used on the factory floor. It is difficult to forecast. Prior to the 

machining process, the above parameters were tested under 

various operating conditions [8]. Tool condition monitoring is 

a time-consuming and complicated process that involves the 

indirect measurement of tool wear. Temperature, force, torque, 

and mechanical vibration are all factors that influence tool 

wear. Cutting tool monitoring is a complex phenomenon that 

necessitates a methodical and prolific approach [9]. To 

forecast the condition of the tool and determine the precise 

replacement time, a decisive support system is required. As a 

result, several researchers propose that one of the unique 

approaches that have been explored and advocated to predict 

and automate TCM systems in turning operations is an 

artificial neural network (ANN) approach [10]. Many 

researchers have investigated the use of neural networks for 

tool wear prediction. While machining at varying speeds and 

depths of cut, a backpropagation neural network model 

predicts failure mode and tool life [10-12]. 
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Figure 1. (a) cutting tool before machining process and (b) 

tool wear after machining process 

 

The accuracy of an ANN model for tool wear prediction was 

demonstrated by milling alloy with tool vibration and cutting 

forces [13]. It has been demonstrated how to estimate tool 

wear in turning operations using vibration characteristics in 

ANN prediction models. The effectiveness of ANN-based 

wear prediction is influenced by training techniques, transfer 

functions, training data, stopping criteria, and the network's 

number of neurons [14]. Every ANN model is unique because 

it is formed by the cutting operation, workpiece-tool material 

combination, cutting speed, feed rate, and depth of cut [15]. 

Salimiasl and Özdemir [16] carried out a study that outlines a 

step-by-step procedure for creating an ANN model through 

experimentation. The experiment's goal is to determine the 

applicability and utility of a neural network approach to tool 

life prediction and replacement time based on vibration data 

under specific operating conditions, tool-material 

combinations. Shankar et al. [17] generated flank wear in 

machining using the experiment's design (DOE) method, and 

an ANN model was used to predict flank wear. And the model 

prediction fell within the training range. In terms of reducing 

computing time while maintaining acceptable prediction 

accuracy during the machining process, the particle swarm 

optimization approach outperformed the ANN model [18]. 

The ANN hard turning model was more robust, faster, and 

more precise. The ANN model of hard turning was more 

robust, faster, and precise. A model for predicting tool wear 

for milling operations was created by combining cutting force, 

vibration, and acoustic emission [19]. An adaptive neuro-

fuzzy inference system (ANFIS) was configured using a strain 

gauge sensor for TCM, and the model was demonstrated to be 

accurate [20]. According to the work of Wiciak-Pikuła et al. 

[21], Matrix composites materials that are difficult to cut. One 

of the tools used to forecast tool wear or surface roughness in 

machining is artificial neural networks (ANN). When 

regression models do not produce satisfactory results, model 

development is used. AMCs are used in the automotive and 

aerospace industries due to their mechanical characteristics 

based on SiC or Al2O3 reinforcement. For the milling tests, a 

three-edged end mill with diamond coating was chosen due to 

the abrasiveness of these materials. In this study, the tool 

corner wear VBC and tool flank wear VBB during milling of 

AMC with 10% SiC content were predicted using multilayer 

perceptron (MLP) models as shown in Eq. (1) for the tool wear 

model. Three cutting speeds were tested, and the signals of 

vibration acceleration and cutting forces were chosen as input 

to the network. The models with the highest levels of 

efficiency were chosen, and the accuracy of wear prediction 

was evaluated, based on the analysis of the produced models. 

In order to compare the measured and anticipated values of 

tool wear, the mean square error (MSE) was the primary 

parameter for evaluating the quality of the created models. 

Where Ff (Y) for feed direction; FfN (X) for normal feed 

direction; Fp (Z) for the axial direction. Also, the acceleration 

of vibration was measured in the following different directions: 

Af (X) for feed direction; AfN (Y) for normal feed direction; 

Ap (Z) for axial direction presented in the multilayer 

perceptron network of the ANN in Figure 2. 

 

 
 

Figure 2. Tool wear prediction structure of multilayer 

perceptron (MLP) network 

 

Analyzing observed tool corner wear VBC and tool flank 

wear VBB comes first in the results analysis process. A third-

degree polynomial equation as shown in Eq. (1) was chosen as 

the best appropriate for the tool wear process in order to 

determine the relationships between the tool wear and cutting 

time. Where VBi—tool wear, tc—cutting time. 

 

𝑉𝐵𝑖 = 𝑎. 𝑡𝑐
3 +  𝑏. 𝑡𝑐

2 +  𝑐. 𝑡𝑐 (1) 

 

A flank wear image with ANN was created and used to 

create a two-step procedure for predicting the life of a tool. 

Several researchers have considered using ANN to predict tool 

wear [22-24]. ANFIS models were developed to predict the 

performance of abrasive water jet machining parameters. 

Figure 2a and 2b shows a typical ANN structural for the 

prediction analysis and the model structure developed with 

five input parameters and one output (tool wear). 

ANFIS is a mixture of an artificial neural network (ANN) 

and a fuzzy inference system (FIS), combining the advantages 

of both. An ANFIS model's ANN generates fuzzy rules from 

the input data, and fuzzy membership function variables are 

used adaptively throughout the hybrid learning process. 

ANFIS can connect inputs and outputs using input-output data 

pairs and a hybrid learning technique to draw on human 

expertise [25]. The ANFIS network, which resembles a 

multilayer feed-forward network, contains five layers: the rule 

base, the database, the decision-making unit, and the two 

fuzzification interfaces as presented in Eqns. (2)-(6). The 

number of nodes in each layer of the ANFIS layout is 

determined by the node function description, as seen in Figure 

3. Where T represent the tool wear rate, while the premise 
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parameters A which interact with as the consequent 

parameters to produce the output (Tool wear prediction). In 

machining, cutting liquids, otherwise called metal working 

liquids, are utilized in tasks as a coolant to diminish the 

intensity produced by prompted grinding between the cutting 

device and the contact surface of the workpiece [26]. It 

likewise works as a grease, diminishing grinding and 

eliminating chips produced by the slicing device-to-work-

piece contact during machining. Cutting liquid cooling and oil, 

for instance, are expected to keep the workpiece and wheel 

from consuming while likewise staying away from stage 

advances, undesirable lingering tractable anxieties, and warm 

bending and blunders [27]. 

  

 
 

Figure 3. The structural analysis model of fuzzy inference 

inputs-type [11] 

 

Layer 1: This layer's nodes each have adaptive node 

functions. These nodes are often employed to apply fuzzy 

membership functions (MFs) to map or fuzzify the inputs, x 

and y, into the appropriate fuzzy linguistic values of small, 

medium, or high. 𝑂𝑖
1, fuzzified output given by Eq. (2).  

 

𝑂𝑖
1 =  𝜇𝐴𝑖(𝑥),    𝑖 = 1,2, (2) 

 

Layer 2: By combining each input signal from Layer 1 with 

itself, the fixed node function in this layer gives the layer 2 

output signal rules, 𝑂𝑖
2, strength. This is stated as follows in 

Eq. (3): 

 

𝑂𝑖
2 = 𝜔𝑖 =  𝜇𝐴𝑖(𝑥)  ×  𝜇𝐵𝑖(𝑥)   𝑖 = 1,2, (3) 

 

where, xi is the output signal from Layer 2 (also known as 

firing strength) and lBi(x) is the corresponding MFs linguistic 

values for the second input. 

Layer 3: The preceding layer's fuzzy rules' normalized 

firing strength, xi, is calculated in this layer through Eq. (4): 

 

𝜔𝑖 = 𝜔𝑖  / ∑ 𝑤𝑖 ,

𝑛

𝑖=1

   𝑖 = 1,2,                                      (4) 

 

Layer 4: In this layer, defuzzification of the first order 

Takagi-Sugeno type fuzzy rules is carried out in order to solve 

the total weighted output, xif i, using the normalised firing 

strength, xi. The expression is used to achieve the 

defuzzification shown in Eq. (5): 

𝜔𝑖𝑓𝑖 = 𝜔𝑖  (𝑃𝑖𝑋 + 𝑞𝑖𝑦 + 𝑟𝑖),   𝑖 = 1,2, (5) 

 

Layer 5: The formula for total output is calculated using the 

sum of all weighted signals from layer 4, which is given by Eq. 

(6): 

 

𝑓 = 𝜔1𝑓1 + 𝜔2𝑓2 = (𝜔1𝑥)𝑃1 + (𝜔1𝑦)𝑞1 + (𝜔1)𝑟1

+ (𝜔2𝑥)𝑃2 + (𝜔2𝑦)𝑞1 + (𝜔2)𝑟2 
(6) 

 

where, f1 and f2 are the Takagi–Sugeno first order linear 

functions, p1, q1, p2, q2 are the linear coefficients of those 

functions. 

The use of nano-fluids has been investigated and found to 

have tremendous cooling and lubricating properties that are 

ideal for machining and are less harmful to human health and 

the environment when compared to conventional fluid [28, 29]. 

Allowing us to emphasize the benefits of using nanofluids in 

machining operations in terms of cost, energy used, time spent, 

assurance of finished work quality, productivity increase, and 

human health and safety. Cutting fluids, coolants, and 

lubricants with higher thermal conductivities than 

conventional coolants in machining applications (such as 

nano-fluids) are just a few of the features that have been 

appropriately optimized to achieve positive results such as 

improved tool life, surface finish, and material removal rates. 

Traditional cutting fluids are ineffective at high cutting control 

temperatures, rapid tool wear, and they also pollute the 

workplace and contribute to overall pollution [30]. With their 

lubricating and cooling properties, nanofluids have emerged 

as a viable option. However, this research focus is to review 

existing work on tool wear rate carried out with optimization 

and prediction via ANN-GA, ANFIS, ANFIS-PSO, and 

ANFIS-FCM during machining processes for sustainability in 

identifying the gaps and to be able to suggest the way forward. 

 

 

2. ANN-GA ON PREDICTION OF TOOL WEAR 

 

In Kanake et al. [31], the most crucial metric variable for 

milling in the micro-EDM procedure, tool wear (TR), should 

be worked on. In the electric discharge machining operation, 

tool wear is a significant problem. The geometrical precision 

of the workpiece's milled features is adversely affected by this. 

An accurate forecast can provide a company with crucial data 

for creating accurate machining methods. A backpropagation 

algorithm was used to create an artificial neural network model 

in this paper. The proposed model was used to forecast tool 

wear of the Micro-EDM electrode, which is one of the 

important and challenging domains where advanced 

management and computing theory can be applied. Using time 

series and regression approaches, other forecasting models 

have also been built. These three strategies were put to the test 

in a comparative study. 

Subhash et al. [32] work on the second-generation duplex 

stainless steels (DSSs) and super-duplex stainless steels 

(SDSSs), which give a remarkable combination of mechanical 

strength, toughness, and corrosion resistance. SDSSs, on the 

other hand, have poor machinability due to high quantities of 

different alloying elements. The machinability of SDSS SAF 

2507 for turning operations under various machining 

circumstances is explored in this study. Temperatures are 

recorded at a variety of cutting speeds, both dry and wet. To 

obtain and compare predictive models for surface roughness, 

ANN and response surface methodology (RSM) are employed. 
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To get the best surface quality, cutting parameters are 

optimized using a genetic algorithm (GA). The feed rate was 

shown to be the most important component based on the 

findings. According to Baig et al. [33], to preserve the 

product's surface finish during milling, a modern machining 

system needs to be able to recognize tool wear. It has been 

demonstrated that the vibration fingerprints generated by a 

single-point milling cutter during machining are reliable 

indicators of the tool's condition. The present study analyzed 

vibration characteristics during turning EN9 and EN24 steel 

alloys and employed artificial neural networks to estimate tool 

life. Tool acceleration was measured during machining, and 

the breadth of the wear on the flanks at the conclusion of each 

run was evaluated using a microscope for tool makers during 

the early modest testing. In conjunction with the change of 

operating settings and related tool vibration to tool flank wear 

measurements, the experimental data is used to create the 

neural network. With a regression coefficient of 0.9964, the 

effort put out to construct an ANN flank wear prediction was 

excellent. The proposed indirect tool wear measurement 

method is effective and cost-effective for tool life prediction 

in the machining industry, thereby reducing catastrophic tool 

failure. 

 

 
 

Figure 4. The evaluation of the estimated results of the 

actual, BP and the GA-BP 

 

During high-speed milling of WPCs, the milling tool 

quickly wears out, which is affected by research on wood-

plastic composite anisotropy and nonuniformity (WPCs) [34]. 

Consequently, the cause of tool failure becomes more intricate, 

and tool wear prediction cannot be accurately predicted 

theoretically. A neural network based on tool wear tests was 

used to mill WPCs at high speeds and forecast tool usage states. 

The local optimum solution is easily reached by the standard 

backpropagation (BP) neural network. The GA was used to 

optimize the initial weight and threshold of a neural network 

prediction model based on a genetic algorithm (GA-BP). The 

BP and GA-BP models were compared in terms of mean 

square error and training timeframes, and the prediction model 

was subjected to generalization verification. Figure 4 shows 

the comparative analysis of the prediction of the GA-BP and 

the BP on the tool wear actual results. Table 1 presents the 

model analysis of the prediction and the relative errors for the 

BP and GA-BP. This paper by Savkovic et al. [35] shows how 

artificial intelligence can be used in milling, which is one of 

the most common machining operations. The research's major 

purpose is to develop accurate intelligent models for chosen 

milling process output characteristics based on the process's 

input parameters: cutting depth, cutting speed, and feed to the 

blade teeth. One of the issues is calculating the value of 

processing process input variables based on the goal function, 

that is, the milling process output characteristics. The 

temperature in the cutting zone and the arithmetic mean 

roughness of the machined surface are the chosen goal 

functions in this work. The accuracy of three artificial 

intelligence models created using artificial neural networks, 

fuzzy logic, and genetic algorithms is investigated in this 

research. Conclusions were formed based on the standard 

deviation of the mean. 

 

Table 1. The model analysis of the prediction and the relative errors for the BP and GA-BP [35] 

 
No. Cutting parameter NW (mm) Relative error (%) 

 v (m/min) F (mm/rev) ap (mm) Actual BP GA-BP BP GA-BP 

3 500 0.3 2 0.096 0.106 0.094 9.97 2.58 

14 800 0.2 6 0.144 0.144 0.144 3.73 0.18 

7 500 0.3 6 0.094 0.109 0.099 16.14 5.31 

11 800 0.1 4 0.158 0.154 0.162 3.09 2.04 

18 800 0.2 4 0.127 0.129 0.128 0.96 0.31 

According to Spaić et al. [36], the use of artificial neural 

networks (ANNs) to forecast the state of cutting tools is 

becoming more common. Despite this, concurrently using 

twist drill cutting modes, material types, and sharpening 

methods as input parameters as well as drilling lengths ranging 

from sharp to blunt as output ANN variables did not provide 

the desired results. As a result, FANN is a family of artificial 

neural networks constructed in this research to forecast drilling 

torque and axial force as a function of several influencing 

parameters. The FANN was built in three phases, with each 

phase training the neural networks by drilling lengths until the 

drill bit was worn out and a variable parameter, while the other 

influencing parameters were treated as constant values of the 

expected outcomes. In D’Addona et al. [37], the management 

of cutting tool wear using two nature-inspired computing 

techniques: artificial neural networks (ANN) and (in silico) 

DNA-based computing (DBC) was studied. The DBC was 

performed after the ANN was trained using experimental data 

(pictures of the worn zone of the cutting tool). The DBC can 

determine the degree of similarity or dissimilarity among the 

processed photos, whereas the ANN can predict the amount of 

tool wear on a collection of images of tool wear processed 

under a specific protocol. Further research may be done while 

working on more difficult issues involving ANN and DBC, 

which are two algorithms that predict and recognize patterns. 

These are significant computational issues that must be 

handled at the same time. 

In Chelladurai et al. [38], most study-built models of 

artificial neural networks (ANN) anticipate cutting tool 

durability depending on whether it has worn on the flanks, 

craters, or nose, as shown in this publication. In this study, an 

attempt has been made to classify cutting tool wear based on 

whether it has a chipped-off cutting edge, flank wear, or a 

combination of both failures. To acquire the experimental 

outcomes, both failures, namely Electric Discharge Machining 

(EDM), were used to create flank wear and a chipped-off 
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cutting edge. Experiments were conducted on EN-8 steel with 

cemented carbide-coated inserts, and all responses were 

recorded using virtual instruments. The collected data was 

analyzed in order to create ANN models that could predict the 

cutting tool's condition. The accelerometer and strain gauge 

half-bridge circuit were used to record vibration and strain data. 

Bagga et al. [39] work in the metal cutting industry, where 

ensuring product quality is a major factor and demonstrates an 

overall success factor for businesses. In the metal cutting 

business, tool wear is one of the most important issues that 

affects product quality, production time, and manufacturing 

costs. For the rising demands of cost reduction and quality 

control in modern manufacturing businesses, the indirect 

technique of tool condition monitoring is critical. The 

evaluation during dry turning of force and vibration has been 

presented as an indirect technique for detecting artificial 

neural network tool wear. EN-8 and cemented carbide inserts 

(medium carbon steel) were used in the trials. There is a total 

based on the Taguchi L9 orthogonal array of nine experimental 

runs. Machining parameters include cutting speed, feed rate, 

and cut depth. Cutting force and vibration signal are both 

recorded using measuring devices during machining, and the 

signal analysis is saved in the information collection system. 

By comparing the information that was used to forecast tool 

wear using the ANN model to manual tool wear assessment, a 

linear function of the inputs Fx, Fy and Fz is involved in the 

fourth layer of the model as defined in Table 2. The data used 

to predict tool wear using the ANN model has been validated. 

It was discovered that the expected and measured tool wear 

during machining had a strong correlation as shown in Figure 

5 and Figure 6, giving the prediction analysis using the 

Sigmoidal and the Triangular methods. The study shows that 

the ANN can estimate tool wear in machining for the 

machining parameters evaluated. 

 

Table 2. Specification of MFs employed in ANFIS model 

 

Membership 

Function 
Equation 

Sigmoidal 
1

1 + 𝑒−𝑎1(𝑥−𝑐1)
−  

1

1 + 𝑒−𝑎2(𝑥−𝑐2)
 

Triangular max (𝑚𝑖𝑛 (
𝑥 − 𝑎

𝑏 − 𝑞

𝑐 − 𝑥

𝑐 − 𝑏
) , 0) 

Gaussian 
−(𝑥 − 𝑐)2

𝑒2𝜎2  

Bell-shaped 

1

1 + |
𝑥 − 𝑐

𝑎
|

2𝑏 

 

 
 

Figure 5. ANN sigmoidal tool wear prediction vs 

experimental results 

 

 
 

Figure 6. ANN triangular tool wear prediction vs 

experimental results 

 

 

3. ANFIS, ANFIS-PSO, ANFIS-FCM AND SVM, MLP 

ANN, AND XGBOOST-SDA ON TOOL WEAR  

 

In Naresh et al. [40], a comparison of enhanced forecast of 

wire electro-discharge machining (WEDM) responses of the 

Nitinol alloy such as material removal rate (MRR) and surface 

roughness using artificial neural network (ANN) and adaptive 

neuro-fuzzy inference system (ANFIS) models is shown in 

this research. The outcomes of the ANN and ANFIS models 

were verified using experimental results. The same input 

variables were used to create the Back-propagation ANN 

model using three distinct Elman regression neural network, 

Levenberg–Marquardt (LM) algorithm, extended regression 

neural network) and the ANFIS model. For ANN models, the 

best hidden layer technique and neuron count were determined 

to be LM with 10 neurons, while the best membership features 

and the most membership features were found to be gauss and 

two, respectively. ANN and ANFIS models provide 

Validation using statistics metrics root mean square error, 

mean square error, and mean total proportion error are some 

examples. The statistical data is presented in tables. In terms 

of the ANFIS model will be evaluated using statistical 

measures. more accurate in predicting WEDM properties of 

Nitinol alloys. 

Masoudi et al. [41] work on the heat generation mechanism 

in the cutting zone the cutting zone's heat generation 

mechanism operations is a complex phenomenon that is 

influenced by a variety of process factors. The main residual 

stress on machined surfaces item, as well as fast tool wear, is 

elevated temperature during the machining process. Although 

numerous methods for measuring temperature in machining 

have been developed, in-situ implementation of these 

technologies has a number of technical issues and limitations. 

As a result, computational approaches for predicting 

temperature in machining are in high demand. In this article, 

Adaptive Neuro Fuzzy Inference System and Artificial Neural 

Network (ANN) and (ANFIS) artificial intelligence models 

were utilized to design and forecast machining temperature. 

These models were validated through a series of experiments. 

To explore the influence of different machining settings on 

temperature in turning, these tests were carried out on AL7075 

work pieces with thin walls. A thermal imaging Infrared 

camera is used during machining (IR) camera was utilized to 

measure the temperature of the cutting region. Experimental 

data was used to create the ANN and ANFIS models outcomes 

of those models were then compared to the results of the 

experiment assess performance of the models According to the 

273



 

results, the ANFIS model outperforms the ANN model in 

terms forecasting the temperature accuracy and reliability in 

machining. 

Abdulshahed et al. [42] report on Thermal mistakes can 

have a major impact on CNC machine tool accuracy. Machine 

element thermal deformations generated internal heat sources 

or by changes in temperature outside create the faults. Error 

avoidance and numerical correction can help to lessen the 

influence of temperature. Temperature in the room data is 

crucial to the effectiveness of a thermal error compensation 

system. This paper reviews various methods for creating 

before, there were thermal error models focusing on using an 

adaptive neuro fuzzy inference system (ANFIS) was used to 

develop two thermal prediction models: ANFIS-Grid, which 

divides the data space into rectangular sub-spaces, and 

ANFIS-Cluster, which uses the fuzzy c-means clustering 

method (ANFIS-FCM model). The impact of all possible 

temperature sensors on the machine structure's thermal 

response is determined using grey system theory. The fuzzy c-

means (FCM) clustering approach is used to aggregate all of 

the thermal sensor effect weightings into groups, which are 

then correlation analysis further reduced. 

A CNC milling machine for small jobs study is utilized to 

give data for the training suggested models, followed by 

independent data sets for testing. The research's findings 

reveal that the ANFIS-FCM model outperforms the other 

models in terms of prediction accuracy while using fewer rules. 

The suggested model has a residual value of less than 4 m. A 

thermal error correction system's accuracy and resilience can 

be enhanced using this combination technique. According to 

Shivakoti et al. [43], Ti (C, N) + Ti (C, N) + Ti (C, N) + Ti (C 

The parametric influence of machining control factors during 

turning EN31 alloy steel with a CVD Ti (C, N) + Al2O3 + TiN 

coated carbide tool insert is shown in this study. Feed, 

revolutions per minute (RPM), and depth of cut are three 

machining parameters investigated in this study, each with 

four levels (ap). In this study, the effects of those three 

variables on material removal rate (MRR), surface roughness 

(Ra), and cutting force (Fc) were of particular interest. The 

findings revealed that changing control factors has a 

significant impact on the results of the procedure. Furthermore, 

the article shows how to forecast process response using an 

adaptive neuro fuzzy inference system (ANFIS) model with 

various parametric combinations. The ANFIS model, which 

was utilized for prediction, was shown to be accurate in 

predicting process response under various parametric 

conditions. MRR, Ra, and Fc have correlation values of 0.99, 

0.98, and 0.964, respectively, in the suggested model. 

In Safari et al. [44], this paper is about excessive force 

during the bone drilling process might result in bone tissue 

rupture, crack start, and serious injury. Furthermore, if the 

drilling temperature increases above the commonly accepted 

47℃, thermal necrosis can occur, resulting in bone tissue cell 

death. The evolution of process force and temperature are 

explored simultaneously in this work, employing helix angle 

and point angle as the most relevant elements. Experiments on 

fresh bovine bone were conducted for this goal, employing 

creating the necessary drills and a central composite 

experimental design. In order to anticipate force and 

temperature, the current work uses Particle swarm 

optimization is used to improve the parameters of an adaptive 

neuro-fuzzy inference system (ANFIS) (PSO) approach. To 

predict process behavior, the results of executed experiments 

for system training (based on 70% of the data) and testing 

(based on 30% of the data) are used. The results of this study 

show that an adaptive neuro-fuzzy inference system can 

accurately predict force and temperature. In the training and 

test sections, the average errors in estimating force and 

temperature values are 1.249 and 3.818 percent, respectively. 

The Sobol sensitivity analysis method is used to quantify the 

effect of each input parameter over the process temperature 

and force after modeling with ANFIS-PSO. The findings of 

the analysis of sensitivity demonstrate that raising both the 

angles of helix and point decreases the temperature during the 

drilling of bones increasing the force. Furthermore, it is 

demonstrated that temperature and force values are slightly 

more sensitive to helix angle changes than drill point angle 

changes. 

In Mathai et al. [45], one of the most significant challenges 

in the electro discharge machining (EDM) process is tool 

electrode wear impacts the end feature's dimensional 

correctness and increases total production costs owing to the 

need for post processing. Using an adaptive neuro fuzzy 

inference system, an effort was made to construct a 

compensation model for tool electrode end wear during Ti–

6Al–4V planetary EDM. (ANFIS). Prior to model creation, a 

thorough investigation was conducted to determine the impact 

of various electrical and tool actuation parameters on tool 

electrode end wear. Furthermore, utilizing the as a prediction 

element, an ANFIS model was created for end wear, an 

algorithm is built in the MATLAB interface. When given 

parameters for electrical and tool actuation, the suggested 

model can calculate the adjusted machining depth for a given 

cavity diameter. The model was validated when the expected 

and actual machining depths are compared outcomes under a 

variety of testing settings. The corrected depth values 

produced using the suggested model are found to be quite 

close to real results. In Alajmi et al. [46], this work proposes a 

method for predicting AISI 304 stainless steel surface 

roughness values for dry and cryogenic turning using the 

ANFIS-QPSO machine learning methodology. In terms of 

precision, resilience ANFIS-QPSO combines the capabilities 

of artificial neural networks, fuzzy systems, and evolutionary 

optimization to achieve quick convergence to global optimal. 

For the dry turning process, simulations demonstrated that 

ANFIS-QPSO accurately predicts surface roughness with 

RMSE=4.86 percent, MAPE=4.95 percent, and R2=0.984. 

Similarly, ANFIS-QPSO produced surface roughness 

predictions with RMSE=5.08 percent, MAPE=5.15 percent, 

and R2=0.988 that are very close to the cryogenic turning 

process's observed values. Comparing the performance of 

ANFIS-QPSO, ANFIS, ANFIS-GA, and ANFIS-PSO appear 

to be the same thing, a reliable in dry and cryogenic turning 

operations, a method for predicting surface roughness value.  

According to this study [47], EDM (Electrical Discharge 

Machining) is a non-contact advanced material removal 

technique technology that is used to machine difficult-to-

machine materials manufacture using typical contact-type 

procedures. Ti6Al4V is a titanium superalloy with a high 

toughness and strength-to-density ratio, was machined using 

electrical discharge machining in this study. In EDM, the tool's 

orbital movement aids in decoupling the tool's size from the 

target hole size. Models are being developed in this study to 

establish a link between two orbital parameters and three EDM 

electrical parameters, namely to connect two orbital 

parameters with three EDM electrical parameters, as well as 

tool wear rate (TWR) and tool end wear (TEW) are two 

response characteristics. The experiment was designed using 
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Taguchi's L25 orthogonal array. The Adaptive Neuro-Fuzzy 

Inference System (ANFIS) uses both neural networks and 

fuzzy logic to forecast the response value. ANFIS has 

developed a model to forecast tool wear rate and tool end wear 

with acceptable error using experimental data. In Shivakoti et 

al. [48], the research examines process parameter parametric 

analysis and ANFIS-based modeling during stainless steel 202 

turning operations. The Taguchi L16 DOE was used to design 

the trials in this study, which took into account of feed rate, 

spindle speed, and cut depth are the three turning parameters. 

The performance of the experiment, Material removal rate 

(MRR) and surface roughness are two factors to consider (Ra), 

was examined using several parametric combinations. The 

effects of process factors on performance were investigated 

using an appropriate plot. The majority influencing parameter 

for modifying the MRR is the depth of cutis (parametric 

contribution is 53.33 percent), whereas the most contributing 

component for surface roughness (parametric contribution is 

95.71) is the spindle speed. In addition, modeling based on the 

adaptive network-based fuzzy inference system (ANFIS) was 

done to comprehend and build the input-output connection. 

The experimental findings were compared to the ANFIS 

predicted results were found to be accurate for forecasting 

responses during stainless steel 202 turning operations. 

In this study [49] the cylindrical grinding method, which 

produces exact tolerances and a superior surface finish. 

However, as compared to other processes, grinding 

cylindrically is slightly more expensive, necessitating input 

parameter optimization in order to produce appropriate output 

responses and lower product costs. Surface roughness and 

Metal Removal Rate (MRR) are the two most important output 

reactions that influence production Both quantity and quality 

are important. These responses to output are solely determined 

by a variety of input factors, which are divided into the 

following categories: wheel parameters, work piece 

parameters, process parameters, and machine parameters are 

all examples of parameters. As a result, in the current study, a 

full-factorial design of experiments is used, with work speed, 

depth of cut, and feed rate as input process parameters, and 

surface roughness and MRR on Inconel 800 alloy as output 

responses. The networks were trained using 27 experimental 

data sets, with 8 additional validation experiments were 

carried out. To forecast work piece output responses for a 

variety of input characteristics, three computing approaches 

are investigated: regression analysis, neural networks, and 

Adaptive-neuro fuzzy inference system (ANFIS). A 

comparison of three computational algorithms is conducted in 

order to determine which method is more effective in terms of 

anticipating output responses. The relationship between MRR 

and surface roughness and other process factors is also 

investigated. 

In this research [50], the use of the application of assisted 

electrical discharge machining (AAEDM) to D3 steel is 

studied. Machined specimens' surface roughness (SR) was 

measured using argon gas, compressed typical under EDM 

regulated settings. Using the dimensional analysis hypothesis, 

a mathematical simulation was operated to actualize the SR in 

this study. The experimental and predicted SR evaluations 

obtained using ANN, ANFIS, and the Buckingham pie-

theorem during the method were found to be in agreement. 

However, when compared to the semi-empirical model and the 

ANN, the ANFIS technique proved to be more appropriate for 

the EDM output. Experiments were carried out in this study to 

see how the average drilling torque and thrust force were 

affected by different drilling parameters [51]. The Adaptive 

Neuro Fuzzy Inference System was used to estimate tool wear 

as a function of spindle rotational speed, feed rate, and drill 

diameter (ANFIS). Genetic programming (GA) was then used 

to determine the most effective drilling parameter for various 

drill diameters. With a relative error of 3%, the experimental 

findings corresponded in line with the GA predictions. As a 

consequence, the results demonstrated that ANFIS-GA is a 

more accurate and faster tool wear prediction approach than 

previous methods. The application of the soft computing 

techniques to predict and optimized tool wear during 

machining process is very important in the manufacturing 

industry [52]. 

This study [53] suggested the random vibration and cross 

particle swarm optimization technique, a revolutionary 

learning method. The suggested method is used to forecast and 

improve the machining process. In order to increase tool life, 

it is crucial to find a reliable tool wear prediction model and 

achieve the best possible combination of machining 

parameters. Tool wear is a significant component that 

influences the quality of the machined surface during the 

machining process. This study built an ANFIS to forecast the 

size of tool wear width. Using benchmark functions, the 

random vibration and cross particle swarm optimization 

technique was put to the test. The ANFIS model is trained 

using the RVCPSO technique. Five benchmark functions are 

utilized to evaluate the performance of the RVCPSO algorithm, 

as indicated in Table 3. The findings demonstrated that the 

approach is capable of locating the global optimum. In contrast 

to adaptive network-based. The findings demonstrated that, in 

comparison to adaptive network-based fuzzy inference 

systems (ANFIS) trained by particle swarm optimization 

algorithm (PSO), ANFIS trained by differential evolution 

models, the ANFIS trained by random vibration and cross PSO 

algorithm. The findings show that, in comparison to other 

models, the ANFIS-RVCPSO model is more palatable to the 

prediction of tool wearrate as depicted in Figure 7. The cross 

P algorithm and multi-objective optimization based on random 

vibration were developed in order to find the optimal 

combinations of cutting parameters under various removal 

areas. The validated improved cutting parameters could be 

used to extend tool life and increase machining effectiveness. 

 

 
 

Figure 7. Comparative analysis of the measured and 

predicted results of the tool wear width size with ANFIS-

RVCPSO, ANFIS-PSO, and ANFIS-DE 
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Table 3. The employed five benchmark optimization problems for the study 

 
Name Function Dimension Variable Optimal values 

Sphere 

function 
𝑓1 = ∑ 𝑥𝑖

2
𝑛

𝑖=1
 

10 ⌈−20, 20⌉ 𝑓(0, 0 … .0) = 0 

Ackley 

function 
𝑓2

= 20 + 𝑒 − 20 exp (−0.2√
1

𝑛
∑ 𝑥𝑖

2
𝑛

𝑖=1
)

− exp (
1

𝑛
∑ cos (2𝜋𝑥𝑖)

𝑛

𝑖=1
) 

10 ⌈−20, 20⌉ 𝑓(0, 0 … .0) = 0 

Rosenbrock 

function 𝑓3 = ∑ ⌈100(𝑥𝑖+1 − 𝑥𝑖
2)2 + (𝑥𝑖 − 1)2⌉

𝑑−1

𝑖=1
 

30 ⌈−30, 30⌉ 𝑓(0, 0 … .0) = 0 

Rastrigin 

function 𝑓4 = 10𝑑 + ∑ ⌈𝑥𝑖
2 − 10cos (2𝜋𝑥𝑖)⌉

𝑑

𝑖=1
 

30 ⌈−5,5⌉ 𝑓(0, 0 … .0) = 0 

 𝑓5 = (𝑥1 + 2𝑥2 − 7)2 + (2𝑥1 + 𝑥2 − 5)2 2 ⌈−10, 10⌉ 𝑓(3, 1) = 0 

 

The intelligent model-ANFIS that we presented in this study 

was trained using the enhanced PSO strategy by Xu et al. [54] 

to evaluate tool wear. Since the PSO calculation promptly falls 

into the nearby least, the vibration and correspondence 

molecule swarm-improvement (VCPSO) approach was 

proposed by presenting the self-arbitrary vibration and 

between molecule correspondence instruments. Moreover, to 

distinguish the best arrangement of processing settings, the 

VCPSO approach was used to examine the multi-objective 

streamlining in light of the least surface unpleasantness, 

greatest material evacuation rate, and most reduced cutting 

power. The exploratory outcomes showed that the ANFIS 

calculation advanced by VCPSO (ANFIS-VCPSO) beats other 

keen models for assessing instrument wear. In Qazani et al. 

[55], the numerous parts of metal cutting, for example, cutting 

tensions, chip arrangement, apparatus wear, device life, and 

cutting temperatures, are fundamentally affected by the 

instrument chip contact length. It ought to be referenced that 

in the metal cutting cycle, there is an immediate connection 

between's the device chip contact length and optional shear 

zone thickness. The decrease in device chip contact length 

brings down the cutting power and shear zone temperature. 

Moreover, the device life and workpiece surface harshness are 

affected by the apparatus chip contact length. To figure the 

device chip contact length utilizing numerical or AI methods, 

numerous scientists have done top to bottom exploration. This 

review's essential objective is to decide the device chip contact 

length utilizing a very refined AI procedure without using 

tedious or monetarily troublesome tests. To assess the 

apparatus chip contact length, a versatile ANFIS isn't yet used. 

In this review, we proposed the ANFIS, which utilizes the 

profundity of cut, feed rate, and slicing speed as contributions 

to gauge the apparatus chip contact length without precedent 

for symmetrical cutting. As the second area of examination, 

the ideal hyper-parameters of the proposed ANFIS model, 

known as GA-ANFIS, PSO-ANFIS, GWO-ANFIS, and B-

ANFIS, are picked utilizing four transformative-based 

enhancement procedures: GA, PSO, and GWO, as well as 

GBO. The proposed approaches were made and delivered 

utilizing MATLAB programming so they could have diverged 

from the previous hereditary GP. The results of this 

exploration uncover that the GWO-ANFIS might bring down 

the mean square mistake between the genuine and predicted 

apparatus chip contact length of 15.6%, 3.7%, 89.8%, and 

92.3% in correlation with those of GA-ANFIS, PSO-ANFIS, 

B-ANFIS, and GP, separately. Furthermore, the GWO-

ANFIS' fluffy rationale rule surface shows a 57%, 31%, and 

12% reliance of hardware chip contact length on the 

contributions for the symmetrical cutting cycle, separately, 

cutting pace, feed-rate, and profundity of cut.  

In this study of Alajmi and Almeshal [56] a unique hybrid 

machine learning approach was presented for forecasting tool 

wear during drilling. The suggested method is based on using 

a spiral dynamic optimization algorithm to optimize the hyper-

parameters of the extreme gradient boosting algorithm 

(XGBoost-SDA). On datasets for copper and cast iron, 

simulations were executed with a high level of accuracy. 

XGBoost-SDA shown greater performance in comparison to 

the approach in further comparative assessments using support 

vector machines (SVM) and multilayer perceptron artificial 

neural networks (MLP-ANN). According to simulations, 

XGBoost-SDA accurately predicts flank wear during drilling, 

with mean absolute error (MAE) values of 4.67%, 5.32%, and 

0.9973 for the copper workpiece, respectively. The surface 

roughness predictions made by XGBoost-SDA for the cast 

iron workpiece had MAE=5.25%, RMSE=6.49%, and 

R2=0.975, which are quite similar to the measured values. 

SVM, MLP-ANN, and XGBoost-SDA performance 

comparisons reveal that XGBoost-SDA is an efficient 

technique that can guarantee excellent predictive accuracy for 

flank wear values throughout a drilling procedure, as shown in 

Figure 8. From literature prediction of tool wear and tool wear 

optimization along with simulation is a prerequisite for 

manufacturing industry to carry out for sustainable production 

process [57-59].  

 

 
 

Figure 8. Prediction analysis of the SVM, MLP-ANN, and 

XGBoost-SDA on the flank wear analysis [56] 
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This study [60] describes the creation and assessment of a 

tool condition monitoring technique employing measured 

machining force data and adaptive network-based fuzzy 

inference systems. In order to increase the predictability of the 

machinability response, the suggested modified approaches 

use two separate data partitioning algorithms. Results indicate 

that incorporating feed force data for both data partitioning 

approaches led to better tool wear predictability as shown in 

Figure 9. In example, compared to the simple power law of 

regression trend, the ANFIS models were able to match the 

nonlinear relationship between tool wear and feed force 

extremely effectively. This was verified using two statistical 

indices, r2 and root mean square error (RMSE), which were 

applied to training and verification datasets as presented in 

Figure 10. 

 

 
 

Figure 9. Impacts of different feed rate with constant cutting 

speed of: (a) v of 110 m/min, (b) v of 150 m/min, (c) v of 190 

m/min and (d) v of 230 m/min on the rised of the tool wear 

 

 
 

Figure 10. ANFIS model prediction of the feed force on the 

tool wear for (a) experimental data, (b) ANFIS_GP, (c) 

ANFIS_SC 

 

 

4. CONCLUSION AND RECOMMENDATION  

 

The application of several prediction techniques used for 

prediction and optimization of cutting tool wear during 

machining process has been reviewed in this study. The hybrid 

soft computing procedures such as ANN-GA, ANFIS, ANFIS-

PSO, and ANFIS-FCM were considered in this investigation. 

This study also looks at the prediction analysis of the extreme 

gradient boosting algorithm (XGBoost-SDA), support-vector-

machines (SVM) and multilayer perceptron artificial neural 

networks (MLP-ANN). From the results obtained from the 

literature review as the following conclusions. 

i. The artificial intelligent prediction analysis is 

high viable in the prediction of cutting tool wear 

rate.  

ii. The combination of the genetic algorithm with the 

ANN also shows that efficiency of an accurate 

optimization of the machining parameters.  

iii. From the literature it can be established that the 

implementation of the soft computing method in 

the Nanolubricant machining condition is 

significant.  

From this evaluation, the study has the following 

recommendations: 

i. There is need to study the prediction analysis 

with more parameters, since the increase of the 

parameters increases the machining runs. This 

will enable the manufacturing industry to see the 

effects of the parameters on the cutting tool life, 

as some parameters will prolong the tool life, 

some will also affect the tool by reducing it life 

span. 

ii. Secondly due to the challenges in the machining 

process, as the measurement of cutting tool wear 

is not easy due to its complexity, it is required 

that each study developed it experimental 

template with design of experiment. 

There is still need to develop a soft computing techniques 

that can enable multi-interaction study of more than five 

parameters. 
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