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LAY ABSTRACT 

 The surface quality produced on a workpiece via computer numerical control 

(CNC) machining is influenced by many factors, including the machining parameters, 

characteristics of the workpiece, and the cutting toolôs geometry and wear. When the 

optimal machining parameters are not used, manufacturing companies may incur 

unexpected costs associated with scrapped components, as well as time and materials 

required for re-machining the component. This research focuses on developing a model to 

indirectly predict surface roughness (Ra) in CNC turning, and to provide operators 

guidance regarding the optimal machining parameters to ensure the machined surface is 

within specifications. A multi-material Ra prediction model was produced to allow for use 

under multiple machining conditions. This was enhanced by comparing three different 

optimization algorithms to evaluate their suitability with the prediction framework for 

providing recommendation on the optimal machining parameters, considering an indicator 

for tool wear as an input factor.   
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ABSTRACT 

Computer numerical control (CNC) machining is an integral element to the 

manufacturing industry for production of components with requirements to meet several 

outcome conditions. The surface roughness (Ra) of a workpiece is one of the most 

important outcomes in finish machining processes due to itôs direct impact on the 

functionality and lifespan of components in their intended applications. Several factors 

contribute to the creation of Ra in machining including, but not limited to, the machining 

parameters, properties of the workpiece, tool geometry and wear. Alternative to traditional 

selection of machining parameters using existing standards and/or expert knowledge, 

current studies in literature have examined methods to consider these factors for prediction 

and optimization of machining parameters to minimize Ra. These methods span many 

approaches including theoretical modelling and simulation, design of experiments, 

statistical and machine learning methods. Despite the abundance of research in this area, 

challenges remain regarding the generalizability of models for multiple machining 

conditions, and lengthy training requirements of methods based solely on machine learning 

methods. Furthermore, many machine learning methods focus on static cutting parameters 

rather than consideration of properties of the tool and workpiece, and dynamic factors such 

as tool wear.  

The main contribution of this research was to develop a prediction and optimization 

model framework to minimize Ra for finish turning that combines theoretical and machine 

learning methods, and can be practically utilized by CNC machine operators for parameter 
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decision making. The presented research work was divided into four distinct objectives. 

The first objective of this research focused on analyzing the relationship between the 

machining parameters and Ra for three different materials with varying properties (AISI 

4340, AISI 316, and CGI 450). This was followed by the second objective that targeted the 

development of an Ra prediction framework that utilized a kinematics-based prediction 

model with an ensemble gradient boosted regression tree (GBRT) to create a multi-material 

model with justified results, while strengthening accuracy with the machine learning 

component. The results demonstrated the multi-material model was able to provide 

predictions with a root-mean-square error (RMSE) of 0.166 ɛm and attained 70% of testing 

predictions to fall within limits set by the ASME B46.1-2019 standard. This standard was 

utilized as an efficient evaluation tool for determining if the prediction accuracy was within 

an acceptable range.  

The remaining objectives of this research focused on investigating the relationship 

between tool wear and Ra through a focused study on AISI 316, followed by application 

of the prediction model framework as the fitness function for testing of three different 

metaheuristic optimization algorithms to minimize Ra. The results revealed a significant 

relationship between tool wear and Ra, which enabled improvement in the prediction 

framework through the use of the toolôs total cutting distance for an indicator of tool wear 

as an input into the prediction model. Significant prediction improvement was achieved, 

demonstrated by metrics including RMSE of 0.108 ɛm and 87% of predictions were within 

the ASME B46.1-2019 limits. The improved prediction model was used as the fitness 

function for comparison performance of genetic algorithm (GA), particle swarm 
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optimization (PSO), and simulated annealing (SA), under constrained and unconstrained 

conditions. SA demonstrated superior performance with less than 5% error between the 

optimal and experimental Ra when constrained to the experimental data set during 

validation testing. The overall results of this research establish the feasibility of a 

framework that could be applied in an industrial setting for both prediction of Ra for 

multiple materials, and supports the determination of parameters for minimizing Ra 

considering the dynamic nature of tool wear. 
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CHAPTER 1 

1.  Introduction 

1.1 Research Motivation 

In the manufacturing industry, the success of a machining operation is driven by the 

ability of the process to produce high-quality components while minimizing cost and 

production time [1]. This can be achieved by selecting process parameters that will produce 

the ideal outcome for specific objectives, such as maximizing production rate or producing 

high-quality parts [2]. The ability to predict and optimize for objectives, such as surface 

roughness, can indirectly increase a manufacturerôs profits due to resulting increased 

production rates and reduced production costs, customer quality complaints, and rework 

requirements [3].  

Historically, the parameters for metal cutting are manually selected by the machinist 

based on their background expert knowledge, and/or by referencing existing standards 

given the process requirements; however, this method is often conservative and does not 

necessarily ensure the desired outcomes [4]. Decades of research has targeted this problem 

using strategies ranging from traditional theoretical metal cutting models to methods 

influenced by Industry 4.0. 

This research investigates this topic through analysis of the relationship between 

machining outcomes and sensor data, as well as the comparison of sensor utility in process 
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prediction and optimization functions. The effects of machining parameters, workpiece 

material, and tool condition in a turning process on the resulting surface roughness of the 

workpiece are also studied, along with understanding the limitations in accuracy for 

machining prediction and optimization models. 

1.2 Literature Review 

1.2.1 Introduction 

Several researchers have investigated a variety of strategies to tackle the challenges 

discussed in Section 1.1, including uses of theoretical and machine learning methods to 

predict the outcome(s) of certain processes, and to determine the optimal conditions for 

those specific outcome(s). Limitations exist with these methods for use in industry due to 

the specific machining conditions these models are designed for, resulting in difficulties 

transferring these models to other conditions. This is because many studies only consider 

one material, and use machine learning algorithms that require extensive training and do 

not allow for extrapolation to other conditions.  

In order to identify relevant research gaps, this literature review explores the 

mechanisms that generate surface roughness in computer numerical control (CNC) turning, 

existing machining prediction & optimization methods for surface roughness as a process 

outcome, and challenges in applying machine learning and theoretical techniques to this 

problem. 
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1.2.2 CNC Turning 

CNC turning describes a machine tool that utilizes a single cutting edge to remove 

material from a rotating workpiece [5]. The machining parameters used for turning 

determines how the tool interacts with the workpiece and the resulting dynamics. The 

spindle speed determines how fast the workpiece is rotating, the feed rate determines how 

fast the tool is actuated into the workpiece, and the depth of cut is the thickness of material 

to be removed from the workpiece. As the tool removes material and creates chips, a 

surface is left behind which can be characterized as the quality of the workpiece. In addition 

to the machining parameters, the workpiece material and tool characteristics will influence 

the surface roughness. These topics are explored in the following sections. 

1.2.3 Surface Roughness 

Surface roughness is defined as the variation of the surface in reference to the 

nominal centerline [6]. It can be compromised of different orders of deviations (e.g., 

flatness, waviness, grooves etc.) that become superimposed on one another to create the 

final profile [7]. Surface roughness of a workpiece is critical in the final application of the 

component as it affects characteristics of the machined part, such as the friction coefficient, 

fatigue strength, wear rate and corrosion resistance [8]. Generally, finishing operations 

have strict requirements for surface roughness quality in comparison to roughing 

operations [9]. 

Surface roughness can be measured and quantified in a number of ways. The 

arithmetical mean roughness (Ra) is the average line between the peaks and valleys of the 
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surface along a certain sampling length [10]. The maximum peak (Ry) quantifies the 

distance between the peaks and valleys within the sampling length [10]. Lastly, the ten-

point mean roughness (Rz) is the sum of the average of the 5 largest peaks and the average 

of the 5 smallest valleys [10].  

There are several factors that will affect the surface roughness, including the 

machining parameters, workpiece material, tool characteristics, among other factors shown 

in Figure 1.1. Several of these factors are uncontrollable, leading to difficulties in correctly 

predicting surface roughness [6].  

 

Figure 1.1: Factors affecting surface roughness adapted from [7] 
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1.2.4 Machining Parameters 

Machining parameters including cutting speed, feed rate, and depth of cut all have 

an impact on the produced surface roughness. It is well known through theoretical and 

experimental modelling that feed rate has a significant impact on surface roughness [6], 

[11]. Cutting speed is generally found to follow next in terms of significance, followed by 

depth of cut, depending on the application [6]. Typically, surface roughness has been found 

to decrease with higher cutting speeds, which also allows for higher material removal rate; 

however, larger feed rates and depths of cuts often have the opposite impact of surface 

roughness [12]. In tandem, the level of parameters will also affect other outcomes such as 

cutting force, tool life, power, and workpiece temperature. Therefore, an efficient selection 

of machining parameters is required to ensure surface quality is being met, while validating 

the process efficiency is acceptable [12].  

In surface roughness modelling, the static machining parameters are most 

commonly considered as the key input factors to prediction models, followed by data from 

various sensors, workpiece and tool characteristics [6]. The effect of the workpiece material 

and tool characteristics are discussed further in the following sections. 

1.2.5 Workpiece Material 

The workpiece will influence the generation of surface roughness on account of the 

various mechanical properties of the workpiece material [8]. Many studies have found the 

workpiece hardness has a significant influence on surface roughness through experimental 

studies [6]. Azizi et al. performed a regression analysis on finish turning of AISI 52100 
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which found the workpiece hardness, along with feed rate, had the most significant impact 

on surface roughness based on the analysis of variance (ANOVA) results [13]. The 

workpiece hardness had an indirect correlation with the surface roughness, as workpieces 

with higher hardness values resulted in decreased surface roughness based on the 

experimental results using five different hardness values [13]. This is a common finding 

between several experimental studies linking workpiece hardness to the surface roughness, 

as outlined in the surface roughness prediction review by Benardos and Vosniakos [7].  

In addition to hardness, other material properties of the workpiece will impact 

surface roughness, including grain size, inclusions etc. [14].  These properties are classified 

as difficult or uncertain factors which are challenging to quantify and model. In the review 

on modelling methods for surface roughness by He et al., the authors reported that while 

there has been some effort made in modelling these factors (e.g., using statistical 

processes), there should be more of a focus on the underlying mechanisms that create these 

factors, such as the evolution of grain boundary and controls to eliminate the influence 

[14].  

1.2.6 Tool Characteristics 

Cutting tools used in CNC turning can be characterized by the cutting-edge 

parameters (such as tool nose radius, cutting edge radius, cutting edge shape) and various 

angles of the tool (rake, clearance, cutting edge, minor cutting edge, and inclination angles) 

[15]. Each of these parameters will have differing effects on the machined surface 
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roughness of the workpiece due to the influence they have on material removal and 

deformation in the cutting zone [15].  

Many researchers have looked at modelling the effects of tool characteristics in 

relation to surface roughness. Singh et al. developed a prediction model for surface 

roughness in hard turning using response surface methodology (RSM) and ANOVA to 

determine the impact of tool nose radius and effective rake angle on surface roughness, 

among other parameters [8]. The authors determined that feed rate was the primary factor, 

along with tool nose radius and cutting speed, whereas effective rake angle had less of an 

impact [8]. This effect of tool nose radius on surface roughness is a similar finding from 

the study completed by Patel et al. for finish turning of AISI D2 steel [16]. A summary of 

the impact of certain tool parameters on surface roughness is presented in Table 1.1. 
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Table 1.1: Tool parameters and their effect on surface roughness 

Tool Parameter Effect 

Shape ¶ Round insert can improve surface quality compared to 

square due to larger contact area [15]. 

Nose Radius ¶ Large nose radius can result in decreased surface 

roughness (indirectly proportional) [15], [17], [18]. 

¶ A smaller nose radius causes grooves in the workpiece, 

resulting in a high surface roughness [16]. 

¶ Higher nose radius allows for increased feed rate & 

reduced tool wear; however, if too high, tool flank wear 

will increase due to ploughing in the cutting zone  [19]. 

This means large nose radii cannot be used with very low 

feed rates [20].   

Edge Radius ¶ Larger edge honing radius will increase the surface 

roughness value [8], [20]; however, Brown et al. found an 

inflection point at 0.4 ɛm where above this value, 

roughness decreased as hone size increased due to the 

surface generation becoming controlled by ploughing 

[20]. 

¶ In finish machining, the uncut chip thickness will become 

closer to the side of the edge radius causing the quality of 

the tool to greatly impact the surface roughness [20]. 

The tool material will also have an effect on the machined surface roughness, 

primarily dependent on the interactions between the tool with the workpiece material. For 

example, when machining titanium alloys, the tool material must possess certain 

mechanical properties to accommodate the high temperatures and thermal stresses 

experienced in the cutting zone to avoid significant deterioration of the surface [15]. 
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Preferable characteristics of the cutting tool material include high yield strength & hardness 

at high temperatures, high fracture toughness, fatigue resistance, resistance to abrasion and 

adhesion, good thermal conductivity, resistance to mechanical and thermal shocks, low 

chemical affinity, and oxidation & corrosion resistance [19]. Common tool materials and 

notes about their properties are outlined in Table 1.2. 

Table 1.2: Common tool materials used in CNC turning 

Tool Material Notes 

High speed 

steel (HSS) 

¶ An iron-based alloy consisting of various combinations of 

tungsten, molybdenum, chromium, vanadium, cobalt, among 

others [15]. 

¶ Although this material has high toughness, the low hardness 

property makes HSS not desirable for difficult to machine 

materials which have a higher hardness [15]. 

Cemented 

Carbide 

¶ Consists of hard metal carbides and bonding metals, formed 

using powder metallurgy [15]. 

¶ Good for machining hard materials due to high values in 

strength, hardness and toughness resulting in wear & heat 

resistance [15]. 

Coated 

Carbide 

¶ Adhesive, abrasive, diffusion, and oxidation wear resistance 

generally increases with the use of coatings [15]. 

¶ Friction and temperature can be reduced with coatings due to 

increased ease of chip flow over tool rake face [15]. 

¶ Variations include vapour deposition technique (physical or 

chemical), and layers (single, multiple, ultra-thin, nano) [15]. 

Ceramic ¶ Desirable for machining super hard materials due to material 

properties at high temperatures (high hot hardness & wear 

resistance, and low chemical reactivity with steels) [15]. 
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¶ Allows for higher cutting speeds compared to cemented 

carbide [15]. 

¶ There are some restrictions in workpiece material due to 

chemical affinity between a ceramic tool & some workpiece 

materials [15]. 

Diamond 

 

¶ One of the top two hardest tools [15]. 

¶ There are some restrictions with workpiece material (i.e., 

cannot machine iron and many alloys due to rapid tool wear 

caused by chemical reaction between the workpiece material 

and diamond) [15]. 

Cubic boron 

nitride (CBN) 

¶ One of the top two hardest tools [15]. 

¶ Less restrictions on workpiece material compared to 

diamond; however, cost of tool is higher than diamond and 

other tool types [15]. 

¶ Preferred use in hard turning; however, cost of tool is also 

higher than ceramic tools which can also be used in hard 

turning [8]. 

1.2.7 Prediction Modelling Techniques 

In order to optimize a process for a specific objective (such as surface roughness), 

that objective must first be predicted in order to determine any adjustment to the input 

parameters to meet the optimal outcome [21]. Predictive modelling of a process is highly 

beneficial to ensure the quality specifications of the workpiece are being met while the 

process is being completed, rather than during post-processing, where any non-

conformances may require automatic rework of the part.  
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  Prediction modelling for surface roughness is a widely researched topic, and many 

researchers have taken different approaches at tackling the problem. A state-of-the-art 

review on surface roughness prediction models for both turning and milling was published 

by Benardos and Vosniakos in 2003, which classified existing models into four categories: 

machining theory-based, investigation through experiments, experimental design 

approaches, and artificial intelligence methods [7].  The authors highlighted the benefits 

and drawbacks of each type of approach, and concluded there were not many examples of 

hybrid methods to complement the pros and cons of each other in the literature at the time 

[7]. In 2008, Lu published a similar review building off the work of Benardos and 

Vosniakos; however, they took an alternative approach in classifying the different types of 

models as either pure modelling/simulation methods or signal-based methods [22]. This 

study did not provide as much of a significant impact as the previous review since many of 

the studies discussed were for the majority the same as the former publication. More 

recently in 2018, He et al. published an updated review of surface roughness prediction 

modelling, which identified existing methods as either theoretical or empirical [14]. The 

authors provided a more significant update on the research completed since the 2003 and 

2008 review papers discussed above, and organized the different models and their input 

factors into tables for easy comparison for the reader. 

Regardless of the classification of the methods, the authors from these reviews have 

concluded similar perspectives on each type of approach. Methods that utilize fundamental 

machine tool kinematics and dynamics have the ability to produce reasonable and 

explainable results when predictions are compared with experimental results; however, 
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they are still limited by the complexity and exhaustive list of factors affecting surface 

roughness which must be incorporated to get a truly accurate solution [7], [14], [22]. These 

factors include cutting parameters, vibration properties, tool material & geometry, 

workpiece material & mechanical properties, process, and environmental factors [14]. 

1.2.7.1 Theoretical Prediction Methods 

There are several published examples of theory-based surface roughness prediction 

models in literature for turning and milling. Cheung et al. developed a model for turning 

using kinematics to create a 3D surface topography model, built by the mapping of 2D 

surfaces to a cross-lattice [23]. The authors developed the model for the application of 

ultra-precision diamond turning [23], however the validity of extending the model to other 

turning applications was not discussed. An early study published by Grzesik used a 

mathematical/geometrical model using Brammertzôs formula which incorporates minimum 

undeformed chip thickness, feed rate and tool nose radius as inputs to the model [11]. For 

a relatively simple model, the results were more aligned with experimental results 

compared to an alternative ideal mathematical model, which the authors were able to 

support this claim with data. Another geometrical model example comes from Tomov et al. 

who presented a model that predicts multiple different roughness characterizations by a 

complex method of reproducing the tool geometry on the machined surface [24]. The 

model uses feed rate, tool nose radius, as well as a series of angles that characterize the 

spatial plane of the tool [24]. The authors provided a detailed derivation of the model, and 

included a distortion parameter to reflect real-world cutting conditions that cause deviation 

from the purely theoretical calculation [24].  
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In many of these studies, tool wear was not integrated as a factor due to the 

complexity of the phenomena; however, some researchers have attempted to include tool 

wear such as Felho and Varga who utilized computer-aided design (CAD) software for 

integrating tool wear into a surface roughness prediction model [25]. During the 

experiment, images of worn tools were collected using an optical microscope and 

incorporated into a CAD model using tool geometry and trajectory for theoretical surface 

profile generation [25]. The authors included experimental results using a new tool and a 

worn tool which helped communicate the validity of the model; however, the model was 

only tested with fixed values of speed and depth of cut, and an error as high as 68% was 

attributed to the ploughing effect occurring at low feed rates [25].  

Sung et al. developed a theory-based simulation model integrating tool geometry 

discrepancies and chatter to provide an alternative approach from existing simulations 

where a perfectly round tool nose profile is assumed [26]. The simulation takes tool images 

as input, where geometrical features are extracted, as well as filtered vibration data to 

extract tool displacement [26]. The tool geometry and displacement signals were then fed 

through a Gaussian filter that produced a simulated profile [26]. The authors were able to 

produce results that predicted surface roughness within a specified range of accuracy; 

however, the experiments completed used a single feed rate, and therefore did not 

demonstrate the validity of the model over a wider range of scenarios. 

1.2.7.2 Empirical Prediction Methods 

An alternative approach to deal with limitations of machining theory-based & 

geometrical modelling is to use an empirical method. This can involve using experimental 
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data with classic regression techniques or machine learning models to capture underlying 

mechanisms of the process through data pattern recognition, which may not be fully 

captured in theory-based models [7]. These kinds of approaches can be simple to 

implement due to the elimination of the need to explicitly define the relationship between 

input parameters and the output; however, many of these methods have significant data 

requirements which can limit the prediction space [7].  

An example of this type of method is given in the study completed by Raju et al. 

which used a meta-heuristic empirical algorithm titled flower pollination algorithm (FPA) 

for surface roughness prediction in CNC face milling [27]. The results showed an average 

prediction error of 8-14% was achieved when compared to experimental results [27]. The 

accuracy of the model is reasonable; however, the model is still limited to the search space 

defined by the training data for the algorithm [27].  

Another example of this type of method was published in 2010 by Lu et al. who 

created a radial basis function neural network that accepted cutting parameters as input, 

and output the expected surface roughness [28]. The results found the surface profile 

prediction did vary from the experimental results, which was attributed to random 

vibrations of the machine components and workpiece, and the lack of consideration of tool 

wear in the model [28]. Another empirical study was completed by Abouelatta and Madl, 

who developed regression models for surface roughness prediction using machining 

parameters, tool vibration data, as well as tool and workpiece geometry parameters [29]. 

Four different regression models were developed which differed based on their input 
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parameters [29]. While the results were reported to be relatively reasonable, the R2 values 

of the models ranged from approximately 0.1 to 0.4 [29].  Overall, these studies support 

the pros of empirical methods providing reasonable accuracy, and the con of providing 

limited search ranges, as communicated through the review papers discussed previously.   

Many studies have concluded surface roughness can be predicted by analysing 

multiple types of sensor data, including cutting forces, vibration, spindle motor current, 

sound, acoustic emission, and optical surface measurements [30], [31], [32], [33], [34]. 

These types of methods incorporate processing of sensor data to extract features from the 

data, selection of the features with the highest importance to the process, and feeding those 

features as inputs to prediction algorithms which are then evaluated against certain metrics 

[35].   

Cutting force is considered to be one of the most important values to measure in a 

machining process due the wide range of phenomena it can detect, such as tool wear and 

workpiece deflection in addition to surface roughness [36].  Cutting forces are typically 

measured using a dynamometer fixed to the tool holder, which measures force by 

processing the charge generated by deformation of a piezoelectric or resistance change 

from a classic strain gauge [30]. Vibration sensors are another commonly used method of 

process data collection as they often have strong performance in detecting surface finish 

creation and the condition of the machine tool [30]. Vibration data is often measured using 

accelerometers which are relatively low cost and easy to install; however other methods 

are possible such as displacement sensors [30].  
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In order to effectively use sensor data to extract information on the mechanisms 

behind the creation of surface roughness, the signals must be processed and evaluated using 

feature extraction and selection methods for use in a prediction-optimization framework 

[6]. A comprehensive review from 2010 on metal cutting optimization and tool life revealed 

that machining process modelling is most effective when signal processing techniques are 

applied to the signals, compared to only examining the raw data reported by the sensors 

[21]. The raw data is typically processed to generate statistical features in the time domain, 

frequency domain, and time-frequency domain [6]. Additionally, many researchers 

recommend normalizing data sets to allow for increased computational efficiency of 

prediction-optimization models, as well as for model generalization. An example is given 

by both Huang et al. and Xie et al. who used a min-max normalization procedure, which 

allows the signal magnitudes to be represented as values between 0 and 1 as inputs to their 

prediction models [3], [37].   

Following feature extraction, a feature selection step is typically required to 

determine which features are the most useful and important relative to the desired output 

in order to limit the number of inputs to ensure accuracy, efficiency, and simplicity of the 

model [35]. There are numerous feature selection methods used for machine learning 

algorithms over a wide range of applications, some more commonly used than others. 

ANOVA can be used to evaluate the correlation between input and output values, where a 

p value less than 0.05 considers the relationship between the input and output signals 

significant [3].  Pearson Correlation Coefficient (PCC) method is also often used to 

determine the strength of the linear correlation between an input and output variable [35]. 
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Principal Component Analysis (PCA) is another commonly used feature selection method 

which performs dimensionality reduction of the input variables to maximize the 

representation of the data without losing any information [38].  

Salgado et al. presented an empirical surface roughness prediction model using a 

novel technique for processing tool vibration data known as singular spectrum analysis 

(SSA) [39]. The SSA technique uses PCA to break down the vibration data into separate 

subsets to provide the prediction model with only relevant input information, as redundant 

information has been shown to decrease the validity of a model [39]. The outputs of the 

SSA vibration data were fed to an artificial neural network (ANN) along with cutting 

parameters and tool geometry, which produced results with under 5% error [39]; however, 

the claim that the improvement of using the SSA technique was only supported by reference 

to other published work rather than proof through experimental results. 

Artificial neural networks are popular for surface roughness prediction, as they 

often produce results with higher accuracy than linear regression models [6]. Neural 

networks are comprised of neurons which store knowledge gained from experience, 

designed to mimic processes within the human brain [40]. There are many different types 

of neural networks that are distinguished by their architectures, complexity, and desired 

application [40]. An ANN can also be described as a feedforward neural network, which 

consists of neurons in an input layer, one or more hidden layers, and an output layer which 

computes information in the forward direction from input to output [40]. They do however 

have disadvantages as they can be time-consuming to generate for specific outcomes, and 

their complexity creates difficulties for implementation in industrial settings [41].  
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A machine learning based prediction model developed by ¥zel and Karpat 

consisted of a comparison of two groupings of ANNs to predict surface roughness and tool 

flank wear for a turning process [42]. The inputs to both ANNs were identical, apart from 

the second set of ANNs also incorporating cutting forces in the x, y, and z directions [42]. 

The second set of ANNs output only flank wear or surface roughness in each, whereas the 

first ANN output both values [42]. The authors found a better result was produced with the 

ANNs that incorporated cutting forces with only a single output of surface roughness or 

flank wear, which provides supporting evidence that cutting forces are an effective 

indicator for surface roughness [42]. 

  A convolutional neural network (CNN) was developed by Mºhring et al. that 

predicts surface roughness in milling using vibration data from an accelerometer installed 

within the machine tool [43]. CNN architecture consists of convolution and pooling layers, 

for feature mapping and dimensionality reduction of the output from the convolution layers 

respectively [44]. As the surface roughness of the workpiece increases, chatter is detected 

by the accelerometer, which is classified into one of four categories depending on the 

severity [43]. This method allows for some customization based on desired roughness for 

a process and therefore has the potential to be easily transferred to other processes.  

Shen et al. aimed to address the challenge of generalizing machining prediction 

models to have the ability of predicting across a range of cutting conditions in turning by 

utilizing an ensemble method of multiple machine learning regressors [35]. The authors 

used PCC method on force, vibration, and acoustic emission sensor data to create a series 

of feature subsets that were fed into five different regression models to calculate tool wear 
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as the output. The result of each combination of feature subsets and regression models were 

averaged to produce a single prediction value [35].  The proposed model had a high 

accuracy as characterized by root-mean-square error (RMSE) and Adjusted R-Squared 

values; however, the computation time was not reported which with an ensemble technique 

with several regressors and features, it could be assumed the computation time would be 

significant. Although the application of this study is towards tool wear, the principle of 

using an ensemble method and normalizing the data features in this study is a transferrable 

finding for application to a surface roughness prediction model that can be generalized for 

different cutting conditions. 

A Generic Evolutionary Ensemble Learning (GEEL) framework for surface 

roughness prediction in a variety of processes was developed by Xie et al., where 10 

different machine learning regression models were simultaneously trained using genetic 

algorithm (GA) performing optimization of the weights for each regressor to determine the 

optimal model [37]. The authors developed the model for fluid jet polishing of CoCr 3D 

printed components; however, they provided an extensive series of case studies testing the 

framework for milling, turning, and polishing of various workpiece materials including 

magnesium, titanium, and aluminum alloys as well as various grades of steels [37]. In all 

cases, the GEEL framework outperformed the ANN that was created for comparison in 

terms of accuracy, and resulted in error reduction by over 50% [37]. This ensemble 

framework operates to compare the outputs of various machine learning algorithms to pick 

the best response, rather than averaging all responses, as was presented in the model 

presented by Shen et al. [35] discussed previously. 
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Majority of the published literature in surface roughness prediction often focuses 

on a single material when developing prediction models; therefore Huang et al. looked at 

creating a surface roughness prediction model for both stainless steel SUS304 and 

aluminum 6061 [3]. The authors created an ANN for each material and one ANN for both 

materials combined, and found the accuracy of the multi-material model was the highest 

of the three at 96.74% [3]. The authors attribute the difference in accuracy to the higher 

number of input factors and data samples for the multi-material model [3]. Although the 

multi-material model performed well, the study considered only new cutting edges and 

therefore was not demonstrated to be adaptable to changing environmental conditions like 

worn tools, as well as additional materials which the authors have identified as a gap [3]. 

Other researchers have attempted to combine both theoretical and empirical 

prediction models as a complement to one another, to make up for the short comings of 

each on their own. He et al. used a well-accepted kinematic model for the ten-point surface 

roughness (Rt) linking the tool geometry and feed rate to Rtc (known as the certain factors), 

and combined it with a radial basis function neural network to predict the complex 

relationship between the depth of cut, spindle speed and tool cutting edge waviness to the 

Rtuc value (known as the uncertain factors) [45]. The model was trained and tested using a 

series of cutting experiments, which the model was found to have a relative error of 7-11%, 

providing relatively good prediction as the effects of uncertain factors are considered [45].   

Another hybrid theoretical/empirical prediction model was published by Li et al. 

which combined an analytical model based on Oxleyôs predictive machining theory [46] to 

predict cutting forces, temperature, and chip geometry [47]. The results were then fed into 
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three neural networks that each predicted one of tool wear, surface roughness, or chip 

breakability [47]. Similar to the previous example, the neural network model is utilized to 

model relationships that are challenging to quantify analytically, resulting in a more robust 

model overall when combined with the analytical model as shown by comparison to 

experimental testing [47]. 

Wang et al. developed a surface roughness prediction model for a single point 

diamond turning application, focused on integrating experimental tool tip vibration and 

cutting forces into a physics-based geometric model [48]. The authors propose using a 

Characteristic Peak Ratio index of the cutting force data using power spectrum density 

analysis which is used as an indicator of the level of process damping on cutting tool 

vibration with good correlation with surface roughness [48]. 

Lin and Chang developed a surface profile model for turning operations that uses a 

combination of tool geometry for modelling theoretical tool displacement, with vibration 

data from an accelerometer placed on the tail stock of a CNC lathe [49]. The simulation 

was found to agree with experimental results with less than 15% error, and further analysis 

was completed to break down the vibration signal into three axes where they found the 

radial direction had the most significant impact on surface roughness compared to axial or 

tangential [49]; however, the study did not provide a clear understanding on how the 

vibration data is integrated as an input into the computer program. 

Overall, this section of the literature review found multiple sources indicating that 

sensor data, such as force and vibration, can be used to extract information for surface 
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roughness prediction. The survey also found there are a number of studies that use purely 

theoretical or empirical models, which both have their pros and cons. Other studies have 

used combination models that use both theoretical and empirical methods for surface 

roughness prediction, which complement each other by addressing the short comings of 

one another. There have been a few recent studies that have attempted to develop 

generalized machine learning based surface roughness prediction models; however, gaps 

exist in these models including the consideration of tool wear impacts and greater varieties 

of workpiece characteristics (i.e., material, geometry). 

1.2.8 Optimization Modelling Techniques 

When a process is to be optimized, the objective must be defined as well as the 

number of objectives. Common optimization objectives include minimizing production 

cost, time, tool wear, surface roughness, and maximizing profits and material removal rate, 

among others. There are several optimization algorithms explored by researchers for 

application to machining problems, each with their own benefits and drawbacks.  

Experimental design methods, such as RSM or Taguchi design of experiments 

methods, are commonly used for experimental data collection for optimization of an 

objective, in addition to prediction of that objective using regression analysis [7]. Taguchi 

robust design was used by Abbas et al. to optimize the surface roughness and determine 

the appropriate cutting speed, feed rate, and depth of cut for turning of AISI 1045 steel 

[18]. The authors integrated ñnoise variablesò to simulate situations where coolant might 

accidentally shut off, or if the tool nose radius is not correct compared to what the operator 
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presumed to have selected [18]. These considerations make the model well applicable to 

real-world difficulties and experiences in machining.  

Neural networks have been researched for applications in machining optimization 

in combination with other optimization methods. The use of an ANN combined with GA 

for optimization in a turning operation to choose a cutting tool and select the optimal feed 

rate and cutting speed was proposed by Solarte-Pardo et al. [9]. Two ANNs were created 

using cutting insert feature parameters as inputs. The appropriate feed rate was predicted 

as the output for one ANN, and the cutting speed for the other [9]. GA is an optimization 

method based on natural selection, which encodes certain parameters into a ñchromosomeò, 

which is iteratively updated through successive populations to achieve an optimal result 

[2]. The proposed model used GA to select the best tool using a fitness function given 

specific conditions on the workpiece materials, machine, and tool life [9]. The benefit of 

this integrated model is the potential for universal application, as the weights for each goal 

in the fitness function can be adjusted based on what is important for the process. For 

example, in a roughing process, the production time can be lengthy; therefore, it is more 

desirable to optimize for machining time rather than power consumption [9].  

Another ANN hybrid model using harmony search (HS) optimization algorithm in 

a milling operation was investigated by Razfar et al. to minimize surface roughness [1]. A 

feed forward neural network was developed to output average surface roughness from 

given cutting parameters, followed by the use of an HS algorithm to determine the required 

machining parameters with the objective of minimizing surface roughness [1]. HS 

algorithm is a heuristic optimization method that replicates the process of musicians 
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searching for the best-sounding harmony [50]. This is achieved through an iterative process 

of improvising new harmonies and updating the harmony memory until convergence on an 

optimal solution is achieved [50]. The authors reported the coupling of an ANN with HS 

optimization can generate better results compared to other optimization methods [1]; 

however, no quantitative evidence is provided in this study to support this claim. 

A separate study compared the performance of ANN and RSM methods, combined 

with GA and particle swarm optimization (PSO) to minimize surface roughness in a milling 

process [51]. RSM is a statistical method that creates a plane called the response surface, 

which relates input variables to their corresponding output, and is often used for predicting 

workpiece surface roughness [51], [52]. PSO creates a random population of solutions or 

ñparticlesò in a space with velocity vectors, which are each evaluated based on the fitness 

of the solution relative to a global solution [53]. The particle velocities are iteratively 

updated after evaluation, and the new global ñbestò solution is stored in memory to 

compare each particle with during the subsequent stages [53]. Inputs to the ANN and RSM 

models included cutting speed, feed rate and depth of cut, and the output was the surface 

roughness of the workpiece. Surface roughness was minimized using GA or PSO with the 

neural network modelled as the fitness function. The results indicate RSM-PSO is the 

superior combination in determining machining parameters to output the smallest surface 

roughness value, compared to the hybrid models of RSM-GA and ANN-GA [51]. Although 

PSO was determined to produce the lowest surface roughness, a hybrid model of PSO with 

ANN prediction was not tested to compare results. 
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A comparison of neural networks trained by back-propagation, GA, and PSO was 

developed by Ahilan et al. [54]. All three algorithms were developed for a CNC turning 

process using cutting speed, feed rate, depth of cut, and tool nose radius as inputs to predict 

surface roughness and power consumption as the outputs [54]. Through validation with 

cutting experiments, the lowest predicted error was found by the ANN trained by PSO and 

therefore determined to be the superior combination [54]. PSO has been praised to be 

relatively simple to implement and does not require significant computational power as it 

can converge on a solution with few iterations compared with other optimization 

algorithms [55].  The difference between these hybrid models compared to the other studies 

previously discussed, is the optimization techniques are used for training the algorithm to 

minimize the error of prediction, rather than optimizing for specific machining parameters 

after a prediction is made by the ANN. This study provides a unique insight into the 

optimization of the machine learning based prediction methods themselves. 

Many of these studies are completed in the offline state. In comparison, an online 

adaptive optimization model was developed by Liu et al. using a digital twin system to 

continuously determine the optimal process parameters for milling cast iron HT200 [56]. 

The digital twin system facilitates continuous monitoring of the process by using sensor 

data with an improved PSO model, combined with a generalised regression neural network 

for predicting tool wear and surface roughness [56]. The model then determines if a change 

is required in the process parameters if the predicted surface roughness exceeds a user-

specified threshold [56]. The digital twin aspect of this model has good utility for use in an 
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industrial setting, and the model demonstrated high accuracy; however, the model still 

relies on large amounts of training data to ensure its accuracy, and is process specific. 

A recent review on machining parameter optimization was published by Soori and 

Asmael [57], which evaluated developments & applications of optimization algorithms in 

machining in addition to those previously discussed, including fuzzy logic, artificial bee 

colony algorithm, simulated annealing, ant colony, and scatter search [57]. The authors 

presented a thorough report of applications for each technique and highlighted limitations 

specific to each method related to machining parameter optimization. Through this review, 

it has been found there is an opportunity to apply these methods within online monitoring 

to further improve the efficiency of these processes, as the methods previously discussed 

are done in the ñofflineò state when the process is not in operation. 

1.3 Research Gaps 

The field of machining prediction and optimization for workpiece surface 

roughness is a widely researched topic with a diverse range of approaches. The robustness 

of predictive models and optimizers continues to be a challenge for researchers due to the 

complex interaction between the workpiece, machine tool and cutting tool that influences 

surface roughness [58].  The gaps that exist from the surveyed literature can be summarized 

as follows: 

1. Proposed prediction and optimization models experience challenges in their ability 

to be generalized for multiple machining conditions, with high accuracy & 

continuous monitoring. Majority of the developed models are only tailored to one 
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workpiece material, or multiple workpieces with similar properties, limiting the 

application of these models as decision-making tools in industry when multiple 

machining conditions are present [3], [7], [35].  

2. The adoption of these methods by industry is challenged due to limited sizes of data 

sets and lengthy training requirements of pure machine learning methods [59]. 

3. There is a lack of consideration of workpiece and tool properties in surface 

roughness prediction and optimization modelling, with the primary focus on static 

cutting parameters [6].  

4. Existing research is mainly focused on modelling these factors in the spatial 

domain; however, as tools wear over time, it is desirable to have the ability to model 

surface roughness considering dynamic factors detected by continuous monitoring, 

such as tool wear [6], [14], [35]. 

1.4 Research Objectives 

The overall goal of this research is to present the sequential development of a 

prediction and optimization model framework for surface roughness in turning, by 

combining both theoretical and machine learning techniques. The model framework is to 

be designed to withstand a wide range of machining conditions with a high degree of 

accuracy to allow manufacturers to utilize their assets efficiently. The intent of this model 

is to be used in a feedback loop where a prediction is made for Ra following a cutting pass, 

which is then used as the fitness function for an optimizer to assist a machine operator in 

deciding the optimal parameters. 
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The specific objectives of this research to address this goal are as follows: 

1. Analyze the relationship between the machining parameters and workpiece surface 

roughness between three different materials. 

2. Develop a framework for creating a surface roughness prediction model for three 

different materials. 

3. Investigate the relationship and impact of tool wear and workpiece surface 

roughness through a focused study on one material. 

4. Provide a comparative analysis between multiple optimization algorithms to 

develop the machining parameter optimization model for minimizing surface 

roughness. The prediction framework is to be utilized as the fitness function, 

modified to include a factor of tool wear as an input for the single material focused 

study.  

1.5 Thesis Organization 

This dissertation comprises of journal articles, either published or under-review, in 

compliance with the ñsandwichò thesis format as per McMaster Universityôs School of 

Graduate Studies regulations. The last chapter summarizes and links the significant 

findings of the articles, as well as provides overall conclusions of the research. The specific 

chapters of the thesis are organized as follows: 

Chapter 1: This chapter introduces the research, presents a literature review on the 

research topic and identification of research gaps, followed by description of the research 

objectives of this thesis. 
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Chapter 2: This chapter presents a framework for developing a multi-material 

surface roughness prediction model combining both theoretical and machine learning 

methods. A kinematics-based surface roughness model is joined with an ensemble gradient 

boosted regression tree to form the framework, which is trained and tested using an 

experimental data set from CNC dry turning of AISI 4340, CGI 450, and AISI 316. The 

theoretical component of the model provides reasonable explanation for the results, and the 

machine learning component improves the overall prediction result through incorporation 

of sensor data to boost accuracy. The influence of machining parameters on surface 

roughness is also studied to understand the relationships between each of the parameters 

and how they vary between the three materials. The multi-material model is evaluated 

against the three individual material models, in which the metrics show the multi-material 

model either matches or exceeds the individual material model results. This chapter 

addresses the first and second research objectives described in Section 1.4. This research 

comprises the following publication: K. S. Bennett, J. M. DePaiva, and S. C. Veldhuis, 

ñAn integrated framework for a multi-material surface roughness prediction model in CNC 

turning using theoretical and machine learning methods,ò International Journal of 

Advanced Manufacturing Technology, vol. 131, pp. 3579ï3598, 2024, doi: 

10.1007/s00170-024-13201-x. 

Chapter 3: This chapter focuses on improving the prediction framework from 

Chapter 2 to integrate an indicator of tool wear as an input to the model, which is then used 

as the fitness function to compare the use of three different metaheuristic optimizers for 

determining the optimal machining parameters to minimize surface roughness. This is 
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completed through a focused study of CNC dry turning of AISI 316. Significant 

improvement is found for predictions of Ra for AISI 316 using total cutting distance of the 

tool as an indicator for tool wear as an input to the prediction model. The results show 

RMSE is reduced by about half to 0.108 ɛm and achieved 87% of predictions within limits 

set using the ASME B46.1-2019 standard, compared to 50% for AISI 316 in Chapter 2. 

GA, PSO, and simulated annealing (SA) are compared using the modified prediction model 

as the fitness function and evaluated for constrained and unconstrained cases. Validation 

testing of the optimal parameters revealed the highest accuracy in the constrained case was 

found using SA with an error of 4.54%, and 21.7% for PSO in the unconstrained case. This 

study provides an overall analysis and recommendation for pairing an optimization 

algorithm with the developed framework for intended use in industry as a decision-making 

aid for CNC machine operators. This chapter fulfills objectives three and four described in 

Section 1.4. This chapter has been submitted to the International Journal of Advanced 

Manufacturing Technology on July 4th, 2024 for consideration of publication, and is 

currently under review. 

Chapter 4: The final chapter includes a summary of the research, overall 

conclusions of major findings from the articles, and suggestions for future research. 

1.6 Note to the Reader 

Due to the ñsandwichò thesis nature of this dissertation, some material may be 

found to overlap between the chapters. In particular, references mentioned in the literature 

review in Section 1.2 may be found to be repeated in the introductions of Chapters 2 and 
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3; however, the literature references are tailored to each article given the scope of each 

study. Additionally, the same facility and equipment was used for all experiments, therefore 

there is overlap in the description of experimental set-up in Chapters 2 and 3. 
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Abstract 

Indirect monitoring and prediction of surface roughness for computer numerical 

control (CNC) machining enables manufacturers to ensure quality outcomes are achieved, 

increase process productivity, and decrease the risk of scrapped components. Several 

approaches have been examined for surface roughness prediction in CNC turning; 

however, few studies have explored the development of models for multiple materials. 

These studies typically use a purely empirical approach, limiting the range of prediction 

with a high reliance on process data. This study presents a framework for predicting surface 

roughness in three different materials. The framework combines a kinematics-based 

prediction model with an ensemble boosted regression tree machine learning algorithm. 

This combination allows for the accurate prediction of the machined surface roughness 

using the machining parameters and sensor data as input variables. In order to develop this 

approach, experimental data is collected for dry turning of CGI 450, AISI 4340, and AISI 

316. The influence of machining parameters on measured surface roughness is analyzed 

using analysis of variance (ANOVA) and Pearsonôs correlation coefficient (PCC). The 

prediction results show that the multi-material model achieved a root-mean-square error 

(RMSE) of 0.166 ɛm, and 70% of predictions were within the surface roughness limits 

defined using the ASME B46.1ï2019 standard. This provides a similar result to the 

individual models for CGI 450 and AISI 4340 and outperforms the individual model for 

AISI 316. These results demonstrate the potential for a multi-material model to be applied 

in an optimization strategy as a decision-making tool for operators in the manufacturing 

industry. 
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Keywords: Surface roughness prediction, machining process, multi-material, ensemble 

boosted regression tree, parameter influence 

2.1 Introduction 

Companies within the manufacturing industry remain competitive when they are 

able to produce parts faster and cheaper than their competitors while maintaining superior 

quality. This concept has been the driving force for many researchers to investigate the 

ability to predict then optimize various outcomes of manufacturing processes. Surface 

roughness is considered one of the most important outcomes of a manufacturing process 

as it directly affects production costs, the performance of the part in its end-use application, 

and service life [1]. Typically, the surface quality of the workpiece is prioritized over the 

efficiency of the process, resulting in operators often choosing process parameters that are 

conservative in order to ensure the desired quality is achieved. Therefore, the ability to 

predict the surface roughness outcome while machining allows the user to determine if 

more efficient process parameters can be used. This results in savings in machining time 

and cost, as well as reduced scrap rates and the additional machining time required due to 

non-conforming parts. 

Existing prediction modeling research for surface roughness can be classified as 

physics-based, empirically based, or a hybrid of the two methods. Physics-based methods 

incorporate metal-cutting theory and tool geometry for prediction of surface roughness. 

These models are beneficial as they require little to no experimental expense and are able 

to provide explainable results [1]. An example is given by Tomov et al. who developed a 
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mathematical model for surface roughness as a function of tool geometry and feed rate to 

predict a number of surface roughness parameters [2]. The model comprised of the sum of 

the kinematic-geometrical projection of the tool onto the workpiece surface and a 

ñdistortionò value that captures the effect of other influences affecting the surface 

roughness that are not already captured by the model [2]. These influences include cutting 

speed, depth of cut, and properties of the workpiece and tool, which are quantified by using 

a statistical equality parameter determined by the sampling lengths of the roughness 

measurements [2]. The sum of the theoretical models and distortion value helped capture 

majority of influences on surface roughness; however, the practicality of this model for 

online monitoring in industry is limited as experimentation is required first to determine 

the SE values [2]. 

Another geometry-based model was developed by Mai et al. who incorporated the 

plowing effect of the tool flank that results in elasticïplastic deformation of the uncut chip 

within the third tertiary shear zone, affecting the final machined surface [3]. The authors 

suggest this model is superior to the traditional model as it does not assume the uncut chip 

will be completely removed as the theoretical model does; instead, it assumes there is 

deformation of the residual uncut chip and there is plastic flow of material onto the 

machined surface [3]. Experimental data from dry turning of stainless steel validated that 

the proposed modified model aligns better with the measured roughness values compared 

to the traditional model [3]; however, the authors did not provide any metrics to quantify 

the improvement. 
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In many cases, tool wear is not incorporated as factor in modeling for surface 

roughness. Some researchers have looked at incorporating tool wear such as Felho and 

Varga who developed a theoretical surface roughness model using a computer-aided design 

(CAD) model for theoretical surface profile creation incorporating worn images of tools 

collected using an optical microscope [4]. Their model was tested with new and worn tools 

to evaluate the scope of the model; however, accuracy was limited especially at low feed 

rates due to the plowing effect of the tool [4]. 

Other published works using empirically driven prediction methods for surface 

roughness are able to use data mining to capture the effects of the complicated relationship 

between the workpiece, tool, and machine tool that are missed in many of the theoretical 

approaches due to underlying assumptions of these models [1,5]. Artificial neural networks 

(ANNs) are commonly used in surface roughness prediction due to their strength in solving 

non-linear problems and have been reported to produce more accurate results when 

compared to regression models [6,7,8]. Several other empirical methods have been applied 

to this problem such as support vector machine (SVM) [9], regression modeling [10], and 

response surface methodology (RSM) [11]. While these methods are beneficial in 

increasing accuracy in prediction modeling of machining outcomes, oftentimes they are 

ñblack boxò methods that lack interpretation of the machining process and are reliant on 

the scope of the experimental data. 

Some methods incorporate sensor data, such as force or vibration, which can be 

processed by calculating statistical features that serve as helpful predictors in empirical 

algorithms [12]. Feature selection processes are often applied to determine the features that 



M.A.Sc. Thesis ï K.S. Bennett; McMaster University ï Mechanical Engineering         

48 

 

provide the highest contribution to the prediction of the outcome, such as analysis of 

variance (ANOVA) or Pearsonôs correlation coefficient (PCC) [12, 13]. Shen et al. used 

PCC with time series statistical features calculated from force, vibration, and acoustic 

emission sensor data to develop feature subsets for an ensemble prediction model using 

five different machine learning regressors [12]. While this model was focused on predicting 

tool wear as the outcome, it provides a good example of an empirically based methodology 

to develop a prediction model for multiple cutting conditions. The authors reported the 

model had a high accuracy based on root-mean-square error (RMSE) and adjusted R2 

metrics as a result of using the ensemble method [12]. 

Many of the published surface roughness prediction models are developed for a 

single material or cutting condition in mind. To fill this gap, Huang et al. created an 

artificial neural network (ANN) prediction model for both stainless steel SUS 304 and 

aluminum 6061, which was found to have a high accuracy of 96.74% compared to the 

ANNs developed for each individual material [13]. Despite the multi-material model 

performing well, the model is purely empirical based, and it did not consider changing 

environmental conditions such as worn tools or additional materials [13]. 

Some researchers have found success in combining physics-based models with 

empirical or machine learning methods for prediction of machining outcomes. Typically, 

the physics-based model creates a portion of the prediction, and the residual value of 

difficult to capture phenomena is modeled empirically with experimental data. He et al. 

followed this methodology in creating a prediction model for ten-point surface roughness 

(Rt) in diamond turning consisting of the sum of a well-accepted kinematic model for 
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surface roughness as a function of tool geometry and feed rate and a radial basis function 

neural network to account for the relationship between depth of cut, spindle speed, and tool 

cutting edge waviness [14]. A set of cutting tests were completed to collect data for training 

and testing of the model, which resulted in a relative error of 7ï11% [14]. Lu et al. followed 

a similar methodology of using a subsection theoretical model for Ra and modeled the 

residual value with two ñerror correctionò models to compare performance [1]. The authors 

compared the prediction accuracy of a regression model and a general regression neural 

network (GRNN) to predict the residual value using the cutting speed, feed rate, depth of 

cut, and tool nose radius as input factors [1]. Experimental data for training and testing the 

models were collected from dry turning AISI 1045 steel with a PVD-coated carbide tool, 

which the authors found the coupled subsection theoretical model with GRNN had the 

highest accuracy [1]. By coupling these models, the generalization of the model is 

improved by using physics governing the cutting mechanism; however, it is still confined 

to the range of experimental data due to the ñerror correctionò portion. The authors 

suggested improvements to the theoretical model could help improve the model accuracy 

[1]. 

Despite the significant amount of research completed on this subject, it has been 

noted that only few studies have looked at building multi-material models. The studies that 

have attempted this use materials with similar properties and typically only use empirical 

methods. Additionally, many of the studies have used purely machine learning or empirical 

models for prediction, which have difficulties extrapolating outside of experimental 

conditions. Some studies have looked at combining empirical models with theoretical 
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models explaining the cutting mechanism; however, only the process parameters are used 

as input features. There are challenges with industry adopting these prediction methods due 

to lengthy dataset size and training conditions; therefore, a surface roughness prediction 

model requiring minimal data while maintaining high accuracy and ability for use in 

multiple machining conditions will have increased utility in industry. 

The primary goal of this paper is to address the above gaps through the development 

and evaluation of a model framework that uses both theoretical and empirical methods for 

the prediction of surface roughness for multiple materials with diverse properties. This is 

completed by developing an experimental data set for dry turning of three different 

materials with varying hardness: CGI 450, AISI 316, and AISI 4340. Multiple types of 

sensor data are collected containing information about the machining process for use within 

the prediction model, along with the machining parameters. Prior to model development, 

the effects of the machining parameters on the surface roughness for dry turning of the 

three different materials are analyzed using ANOVA and PCC methods. A well-accepted 

kinematics based model for surface roughness is then applied to the experimental dataset 

to determine the residual value in which an ensemble boosted regression tree model is 

developed for prediction. This framework is applied to each of the individual material 

datasets, as well as the full dataset for a multi-material model. The performance of the 

multi-material model is evaluated against individual material models using multiple 

metrics commonly used in literature. 

There are many different parameters for surface roughness; in this paper, arithmetic 

mean surface roughness (Ra) is studied. This value is considered one of the more 
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commonly used parameters to quantify surface roughness and has higher stability in cases 

of extreme peaks and valleys, unlike other common parameters such as root mean square 

roughness (Rq) or ten-point mean surface roughness (Rz) [1]. 

The remainder of this paper is structured as follows. Section 2.2 outlines the 

experimental procedure, Section 2.3 includes the results and discussion for the analysis of 

the prediction model, followed by Section 2.4 providing the conclusions from the study. 

2.2 Experimental Procedure 

2.2.1 Workpiece Material 

The three workpiece materials selected for this study were AISI 4340, AISI 316, 

and CGI 450 due to their range of hardness and material properties. AISI 316 stainless steel 

has high strength and ductility and is used to fabricate products for many industries such 

as medical equipment, hydraulic systems, chemical equipment, food processing equipment, 

and dairy equipment, among others [8, 15]. The high strength and superior mechanical 

properties of AISI 4340 make it favorable for many applications in automotive, 

construction, and power generation industries [16, 17]. The high strength and low ductility 

of AISI 4340 render it difficult to machine due to high temperatures and stress experienced 

by cutting tools as well as brittle fracture of chips affecting the quality of the surface 

produced [17]. Cast irons are a highly produced metal often used in the automotive industry 

for components such exhaust manifolds, cylinder heads, and engine blocks due to the 

ability of the casting process to produce intricate shapes and desirable mechanical 

properties such as high fatigue strength [18, 19]. Compact graphite iron (CGI) has similar 
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chemical composition to other cast irons such as gray cast iron and nodular graphite iron 

(NGI); however, the graphite morphology in CGI is elongated and randomly oriented 

resulting in differing mechanical properties compared to the shorter and thicker graphite 

found in gray cast irons [18]. The details for the three workpieces used in this study are 

outlined in Table 2.1. 

Table 2.1: Table 1 Workpiece hardness, diameter, length, and cutting length 

Material Hardness Workpiece 

Diameter 

Workpiece 

Length 

Machined 

Cutting Length 

AISI 316  72.5 Ñ 0.5 HRB 74.0 mm 121.0 mm 26 m 

AISI 4340 48.2 Ñ 0.5 HRC 90.7 mm 127.5 mm 26 m 

CGI 450 20.8 Ñ 0.5 HRC 138.0 mm 150.0 mm 26 m 

A new cutting edge was used for each test to ensure pre-existing tool wear was not 

a factor. A total cutting length of 26 m was used for all three materials to ensure the total 

distance cut by the tool was constant between all tests. This value was determined based 

on diameter and available cutting length constraints of each of the three workpieces. The 

cutting length per pass (l) in millimeters was then calculated using Eq. 2.1, where f is feed 

rate (mm/rev), L is total cutting length (m), and D is workpiece diameter (mm). 

ὰ
ρπππὪὒ

“Ὀ
 (2.1) 

2.2.2 Process Parameters 

Several studies have investigated these materials individually for similar outcomes 

such as surface roughness, tool wear, and power consumption, which provided a basis for 
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selection of machining parameters for this study [8, 16, 19, 20 ,21, 22, 23, 24, 25]. The 

process parameters used in this experiment are detailed in Table 2.2. A three-level full 

factorial experimental design was used where three levels of cutting speed, feed rate, and 

depth of cut were tested, resulting in 27 tests required per material. Each test was repeated 

three times to validate the results using the same workpiece diameter for consistency [13]; 

therefore, 81 cutting tests were performed for each of the three materials. The same feed 

rate and depth of cut parameters were used for all three materials. The cutting speed values 

were modified for levels 2 and 3 for AISI 4340 and CGI 450 as pre-experimental testing 

found 300 m/min to result in unstable cutting of these materials and subsequently non-

steady sensor data. 

Table 2.2: Table 2 Experimental process parameters 

Materi

al 

Cutting Speed, vc 

(m/min) 

Feed Rate, f 

(mm/rev) 

Depth of Cut, ap 

(mm) 
Coolant 

Conditio

n Leve

l 1 

Leve

l 2 

Leve

l 3 

Leve

l 1 

Leve

l 2 

Leve

l 3 

Leve

l 1 

Leve

l 2 

Leve

l 3 

AISI 

316 

100 200 300 0.1 0.12

5 

0.15 0.25 0.5 0.75 

Dry 
AISI 

4340 

100 150 200 0.1 0.12

5 

0.15 0.25 0.5 0.75 

CGI 

450 

100 150 200 0.1 0.12

5 

0.15 0.25 0.5 0.75 

The workpiece set up is displayed in Figure 2.1. Once a series of tests were 

completed that used up the available cutting length of the workpiece, the workpiece was 

removed for surface roughness measurement on a granite surface. The surface along the 

entire machined length was then skimmed once the workpiece was reinstalled in the 

machine before the next set of tests commenced. 
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Figure 2.1: Fig. 1 Workpiece set-up diagram 

2.2.3 Hardware and software 

The equipment used to execute the cutting tests is detailed in Table 2.3. 

Table 2.3: Table 3 Experimental equipment details 

Equipment Details 

CNC Lathe Nakamura-Tome SC-450 

Tool Holder Kennametal DCLNL 164CKC3 

Tool Inserts Uncoated carbide K313 (0.8 mm nose radius, 30 Õm edge 

radius) 

Profilometer Mitutoyo Surftest SJ-201 

Dynamometer Kistler Type 9129AA 

Accelerometer PCB Piezotronics 352A21 

Current Sensor YHDC SCT013-030 current transformer 

Amplifiers Kistler Type 5010 Dual Mode Amplifier 

DAQ Cards NI 9215 (Dynamometer), NI 9234 (Accelerometer) 

DAQ Chassis National Instruments (NI) cDAQ-9172 

The experimental set up is shown in Figure 2.2. The tailstock was used for all three 

materials to eliminate additional vibration from a cantilevered workpiece. The 
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accelerometer was mounted to the back of the tool holder as close as possible to the cutting 

edge to measure vibration in the cutting direction. This axis was chosen as previous works 

have found this location to provide a responsive measurement when using vibration during 

machining to predict various outcomes [13, 26, 27]. The image shows an additional 

accelerometer mount for a secondary accelerometer if desired. 

 

Figure 2.2: Cutting test set-up in Nakamura-Tome SC-450 including workpiece and sensors 

The dynamometer is integrated within the tool-holder and turret set-up and 

measured force in all three axes. A current sensor was installed on the wiring for the spindle 

motor to collect spindle current. The remainder of the data acquisition system includes the 

specified DAQ cards and chassis, the dual mode charge amplifiers used to condition the 

force and accelerometer signals for further processing, and National Instruments LabVIEW 

2014 where all signals were viewed and stored. The sampling rate used was 10 kHz. 
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The surface roughness of each test was measured in the feed direction using a 

Mitutoyo Surftest SJ-201 profilometer, as shown in Figure 2.3. For each test, the surface 

roughness was measured three times around the circumference of the workpiece; then, an 

average of the three values was taken. ASME B46.1ï2019 Surface Texture standard [28] 

was applied to determine the filter cut-off value (ɚc) for each measurement based on the 

measured spacing distance (RSm) for a periodical profile. This standard indicates a cut-off 

value of 0.25 mm is to be applied for RSm measurements of over 0.04 mm up to and 

including 0.13 mm, and a cut-off value of 0.8 mm is to be applied for RSm measurements 

of over 0.13 mm up to and including 0.4 mm [28]. It is important the proper cut-off value 

is applied based on the measured RSm to ensure the true surface including all relevant peaks 

and valleys of the surface are captured [28]. As a result, the cut-off values used in this 

experiment were 0.25 mm of 0.8 mm based on the measured RSm for each test. This 

resulted in the minimum evaluation length of 4 mm, which all cutting passes had a length 

greater than 4 mm. 
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Figure 2.3: Fig. 3 Surface roughness measurement set-up using Mitutoyo Surftest SJ-201 

2.3 Results and Discussion 

2.3.1 Correlation of Machining Parameters & Experimental Surface 

Roughness 

As described in Section 2.2, each combination of parameters was repeated three 

times. The average measured surface roughness values for each combination of parameters 

are plotted for all three materials in Figure 2.4. This figure shows the surface roughness 

values typically increase as feed rate increases and decrease as cutting speed increases. 

AISI 316 was generally found to have lower surface roughness values and CGI 450 had 

the highest variability in surface roughness across the parameters. 
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Figure 2.4: Fig. 4 Measured surface roughness averages of three tests per parameter combination 

The relationships between each of the machining parameters and surface roughness 

for each of the three materials are displayed in further detail in Figure 2.5. These plots show 

that for all three materials and each parameter combination, the measured surface 

roughness increases with the feed rate. Additionally, there is little variability with measured 

surface roughness and depth of cut. Lastly, the inverse relationship between cutting speed 

and measured surface roughness varies depending on the combination of feed rate and 

depth of cut relative to the cutting speed. For example, the results for AISI 4340 at a depth 

of cut of 0.75 mm show a clear inverse relationship between cutting speed and measured 

surface roughness; however, this relationship changes at a depth of cut of 0.25 mm. 
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Figure 2.5: Fig. 5 Comparison of machining parameters and average measured surface roughness between three 

materials 

Prior to further analysis, the raw sensor data was reviewed and any cutting tests 

with faulty sensor data were removed. These tests were identified due to various anomalies 

during the cutting process including accelerometer overload, sparking due to high 

temperatures, and long chips wrapping around the workpiece, all of which ultimately 

affected the quality of the raw sensor data for these tests. These factors resulted in high 

variance of the accelerometer data, as well as a high standard deviation of the feed force 
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root mean square (RMS) values between the three tests for each condition. Therefore, the 

identified tests were removed as they were deemed not representative of the cutting 

conditions when compared with the other tests at those conditions due to the above-

described factors. The cutting tests removed are indicated by the values in bold with an 

asterisk in Table 2.4. As a result, there are 79 sets of cutting tests used in this analysis for 

AISI 4340, and 80 each for AISI 316 and CGI 450. 

Table 2.4: Table 4 Cutting tests removed due to faulty sensor data (values in bold with an asterisk indicate cutting tests 

removed from the data set) 

Material  

Cutting 

Speed, vc 

(m/min) 

Feed Rate, 

f (mm/rev) 

Depth 

of Cut, 

ap 

(mm) 

Measured Ra (ɛm) 

Test 1 Test 2 Test 3 

AISI  4340 200 0.15 0.75 1.19 1.12 0.99* 

AISI  4340 200 0.15 0.5 1.29* 0.78 1.03 

AISI 316 300 0.15 0.75 0.87 0.95* 0.90 

CGI 450 200 0.15 0.75 0.98* 1.03 1.07 

ANOVA was applied to interpret the relationship between the machining 

parameters and the experimental average surface roughness, as shown in Table 2.5. The 

percent contribution (PC) is the ratio of the sum of squares for that parameter to the total 

sum of squares, which helps quantify the significance of each parameter relative to the 

output [20]. When the p value is less than or equal 0.05, the parameter is considered to have 

a significant effect on the output [13]. Based on these metrics for the three materials, the 

feed rate is significant relative to the surface roughness and has the highest contribution, 

with the cutting speed following second, and depth of cut following third with much 

smaller contributions; however, there is a notable increase in the percentage contribution 

of feed rate and very little contribution of cutting speed in the context of machining AISI 
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316 compared to the other two materials. Additionally, CGI 450 was found to have depth 

of cut to be significant based on the p value, whereas it was not for AISI 316 and AISI 

4340. These results indicate surface roughness is dominantly determined by the feed rate 

for AISI 316, whereas there is a more even balance between the feed rate and cutting speed 

for AISI 4340 and CGI 450, with depth of cut having the lowest influence, if any, for all 

three materials. 

Table 2.5: Table 5 ANOVA results for machining parameters and Ra 

Parameter 

CGI 450 AISI 316 AISI 4340 

Sum of 

Square

s 

p 

value 

PC 

(%)  

Sum of 

Square

s 

p 

valu

e 

PC 

(%)  

Sum of 

Square

s 

p 

valu

e 

PC 

(%)  

Cutting Speed 

(vc) 
1.11 

3.93 

x10-9 

22.25

% 
0.13 

7.15 

x10-2 
1.49% 4.22 

1.17 

x10-9 

24.80

% 

Feed Rate (f) 1.54 
2.29 

x10-11 

30.85

% 
5.73 

3.00 

x10-

19 

64.25

% 
5.58 

1.22 

x10-

11 

32.85

% 

Depth of Cut 

(ap) 
0.38 

0.000

2 
7.55% 0.001 0.90 0.01% 0.25 0.09 1.47% 

Error  1.90    3.01    6.55    

Total 4.98    8.91    17.00    

PCC is another method for determining the strength of linear correlation between 

inputs an output variables in machining [12]. Coefficient values of |1| indicate a perfectly 

linear relationship, and 0 indicates no linear relationship between the variables. Generally, 

the relationship is considered weak if values are below |0.5| and strong if the correlation 

coefficient is above |0.8| [29]. Note that this method only identifies linear relationships; 

therefore, if a value does not have a linear relationship with the output, it does not 

necessarily mean there is no relationship at all [29]. 
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The results of the PCC analysis are shown in Figure 2.6 for all three materials. The 

results of these correlation matrices align well with the ANOVA results. For CGI 450, a 

moderate positive relationship is found with feed rate, followed by an inverse relationship 

just below |0.5| for cutting speed, and a weak relationship with depth of cut. AISI 4340 has 

similar results to CGI 450, with a weaker relationship with depth of cut. The surface 

roughness data for AISI 316 was found to have a strong positive relationship with feed rate 

and very weak relationships with cutting speed and depth of cut. 

 

Figure 2.6: Fig. 6 Pearson's correlation coefficient matrices for machining parameters and Ra 

Surface roughness is generally found to increase with feed rate and be the dominant 

parameter affecting surface roughness due to feed rate resulting in the periodic motion of 

the tool geometry projected onto the cut surface, with the theoretical relationship of Ra ~꜡f2 

[6, 30, 31]. Both the PCC and ANOVA results found that surface roughness for AISI 316 

is more dominantly influenced by feed rate than the other two materials and has very little 
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linear correlation with cutting speed and depth of cut, which aligns with the results 

presented in literature [20, 31]. For CGI 450 and AISI 4340, a moderate inverse correlation 

is found between the surface roughness and cutting speed, indicating that at higher speeds, 

surface roughness will improve in these two materials to a certain extent. Other studies 

have found that at higher speeds, the temperature in the cutting zone can result in decreased 

strength of the adhesive wear on the cutting edge, leading to less chipping and improved 

surface roughness; however, often an inflection point is found where after a certain speed, 

the cutting zone temperature reaches a level where the cutting edge begins to lose strength, 

resulting in chipping and poor surface quality [16, 21]. Therefore, it is expected that the 

cutting speed correlation with surface roughness will be considered moderate rather than 

significantly high, as was found in these results. 

2.3.2 Surface Roughness Prediction Methodology 

A hybrid model is to be developed for surface roughness prediction to achieve the 

benefits of both theoretical and empirical modeling: the theoretical model incorporates the 

kinematics of surface roughness generation due to feed rate, tool nose radius, and tool edge 

radius, while the empirical model uses data to determine the residual value affected by 

influences that are difficult to model, such as the plastic side flow of material during cutting 

[3, 32]. 

The theoretical surface roughness value is calculated; then, the residual value is 

determined by subtracting the theoretical value from the measured surface roughness. This 

concept builds off the studies completed by He et al. and Lu et al. who each created surface 
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roughness prediction models consisting of different theoretical models and residual values 

defined as the difference between the theoretical and experimental values [1, 14]. 

The breakdown of the model developed in this study is shown below in Eq. 2.2 

adapted from [1, 14], where Ra,t is the theoretical component and Ra,r is the residual 

component. 

Ὑ  Ὑȟ  Ὑȟ  (2.2) 

The theoretical component is calculated using a kinematics-based surface 

roughness prediction model, which is explored in Section 2.3.3. The residual component is 

the quantity remaining once the theoretical component is calculated and removed from the 

total surface roughness value. This component will be empirically predicted with a machine 

learning model using various statistical features calculated from sensor data as inputs to 

the model. The residual component is derived in Section 2.3.4. 

2.3.3 Theoretical Surface Roughness Prediction 

The theoretical portion of surface roughness is calculated using Eq. 2.3 below. The 

variables Ra,t denotes theoretical surface roughness in ɛm, f is feed rate in mm/rev, rŮ is tool 

nose radius in mm, and hDmin is the minimum undeformed chip thickness in mm. Minimum 

undeformed chip thickness can be approximated by Eq. 2.4 [32, 33], where rn is the tool 

cutting edge radius in mm. 
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This model is based on the model derived by He et al. [14] to calculate Rt based on 

the ideal surface roughness model that was modified by Grzesik [33] to include minimum 

undeformed chip thickness, shown in Eq. 2.5 [14, 33]. The relation Ra꜡=꜡0.2566Rt [32] is 

used to determine Ra by equating Eqs. 2.6 [34] and 2.7 [33]. 
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The ideal surface roughness model depicted in Eq. 2.5 considers ideal machining 

conditions are present resulting in the surface generated depending only on the feed rate 

and the tool geometry [34]. This is depicted below in Figure 2.7. This model allows for 

efficient implementation in comparison to other theoretical models discussed in Section 

2.1 that require complex modeling or simulation for surface roughness prediction. While 

these methods may produce results with higher accuracy, by coupling the ideal surface 
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roughness model with a machine learning model for prediction of the residual allows for 

improved predictions without significantly increasing the complexity. 

 

Figure 2.7: Fig. 7 Surface roughness ideal model diagram adapted from [34] 

The resulting composition of the ideal model and residual value for all experiments 

is shown in Figure 2.8. The residual value comprises on average 25.75% of the measured 

Ra value between all three materials. The specific residual portion of Ra for each material 

is 32.02% for AISI 316, 30.41% for AISI 4340, and 14.74% for CGI 450. For some tests, 

the residual value is shown as a negative number. This is because the theoretical calculated 

value is larger than the measured experimental value, resulting in a negative residual value 

as per Eq. 2.2. The residual values from this experimental dataset are analyzed in Section 

2.3.4 to understand how the sensor data can be used to predict these values, differences 

between the three materials, and the feature selection and model development for 

prediction of the residual value. 
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Figure 2.8: Fig. 8 Experimental surface roughness composition (ideal model and residual) 

2.3.4 Residual Surface Roughness Prediction 

2.3.4.1 Machining Parameters and Residual Surface Roughness 

The relationship between the machining parameters and residual Ra was analyzed 

using ANOVA and PCC (similar to the procedure in Section 2.3.1) to evaluate how the 

relationship has changed once the theoretical roughness has been removed from the 

experimental measured value. The ANOVA results are displayed in Table 2.6. 
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Table 2.6: Table 6 ANOVA results for machining parameters and residual Ra 

Parameter 

CGI 450 AISI 316 AISI 4340 

Sum of 

Squares 

p 

value 

PC 

(%) 

Sum of 

Squares 

p 

value 

PC 

(%) 

Sum of 

Squares 

p 

value 

PC 

(%) 

Cutting 

Speed (vc) 
1.10 

5.12 x 

10-9 

31.39

% 
0.13 

6.76 x 

10-2 
3.63% 4.20 

1.11 x 

10-9 
35.99% 

Feed Rate 

(f) 
0.16 

1.52 x 

10-2 
4.46% 0.57 

2.22 x 

10-4 

15.86

% 
0.56 

1.33 x 

10-2 
4.78% 

Depth of 

Cut (ap) 
0.37 

0.000

3 

10.63

% 
0.001 0.91 0.01% 0.25 0.09 2.15% 

Error  1.93    2.90    6.51    

Total 3.52    3.62    11.68    

By observing the p values, the significance of the parameters relative to the outcome 

has not changed for each of the three materials: all three parameters are significant to the 

residual surface roughness for CGI 450, and only the cutting speed and feed rate are 

significant for AISI 316 and AISI 4340, similarly found in Section 2.3.1 for the measured 

Ra values. The percent contribution of the cutting speed increased for all three materials 

with the residual value; however, the increase was very minimal to 3.63% for AISI 316 and 

more substantial above 31% for both CGI 450 and AISI 4340. The percent contribution of 

feed rate decreases for all three materials, as expected since the feed rate contribution to 

the overall surface roughness value is accounted for in the theoretical component. There is 

a difference between the three materials in this decreasing relationship with feed rate as 

well: CGI 450 and AISI 4340 decrease to below 5%, whereas AISI 316 decreases to only 
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15.86%. Overall, there appears to be a trend in similar relationships with the surface 

roughness values (both Ra and the residual Ra) and parameters between AISI 4340 and 

CGI 450, which is expected due to the machining of hard materials; whereas for AISI 316, 

a stronger relationship is seen between the roughness values and feed rate compared to the 

cutting speed. It is known built-up edge (BUE) is more prominent when machining 

stainless steels compared to cast iron and harder steels, which will ultimately impact the 

machined surface. An example is given by comparing the worn tools in Figure 2.9 for all 

three materials under the conditions of vc= 100 m/min, f= 0.1 mm/rev, and ap= 0.25 mm. 

BUE is very unstable and when broken off, it will negatively affect the surface finish of 

the workpiece [35]. 
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Figure 2.9: Fig. 9 Tool wear images for vc = 100 m/min, f = 0.1 mm/rev, ap = 0.25 mm 

The results of PCC matrices for the residual Ra component are shown in Figure 

2.10. Similar results are found when compared to the ANOVA results discussed above. 

Cutting speed remains to have a moderate negative correlation with the residual surface 

roughness for AISI 4340 and CGI 450, but weak negative correlation for AISI 316. Depth 

of cut still has little correlation with AISI 316 and AISI 4340, but a value of above ī 0.3 is 

found for CGI 450. The correlation of feed rate and the residual surface roughness for AISI 

316 has decreased to approximately 0.4, which is still significantly higher compared to the 

values of AISI 4340 and CGI 450. 
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Figure 2.10: Fig. 10 Pearson's correlation coefficient matrices for parameters & residual Ra 

2.3.4.2 Sensor Data Processing and Feature Extraction 

As described in Section 2.2, sensor data was collected during the cutting process 

including: force in the x, y, and z directions, vibration in the cutting direction and spindle 

current. The data collected from these sensors were analyzed using MATLABÉ R2023a to 

evaluate if any features have a relationship with the residual surface roughness for use in 

prediction of the residual value. 

The raw sensor signals were pre-processed to ensure the data was in a state ready 

for feature extraction. The data was first trimmed to eliminate portions where no cut is 

occurring, the lead in and exit cutting, to ensure only the portion of steady state cutting was 

captured which contains the appropriate information about the surface generated on the 

workpiece. An example showing this trimming process is shown in Figure 2.11 using data 
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from force in the x-direction. Outliers were identified as any data points more than three 

standard deviations from the mean of the signal, which were removed and replaced by 

linearly interpolated values using the filloutliers function in MATLABÉ. The DC 

component was removed from the signals by subtracting the mean of the signal, leaving 

the AC component to remain which describes the dynamic component of the signal [36]. 

This allows for further analysis to compare the signalôs dynamic components relative to 

surface quality between the three materials without the magnitude variations of the DC 

offset between the three materials. Lastly, fast Fourier transform (FFT) was applied to the 

data to convert the time series data to the frequency domain for further statistical analysis 

discussed below. 

 

Figure 2.11: Fig. 11 Raw time domain signal trimming example 

Once the data was trimmed and cleaned, the steady state portion of the signal was 

used for extracting statistical features. A total of 14 statistical features spanning the time 
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and frequency domains shown in Table 2.7 were calculated for each sensor channel, 

resulting in 70 total statistical features for each cutting test. 

Table 2.7: Table 7 Time and frequency domain statistical features 

Domain Feature Equation 

Time Maximum Amplitude ᾀ ÍÁØὼὭ  

Peak-to-peak ᾀ ᾀ ÍÉÎ ὼὭ  

Mean 

ᾀ
ρ

Ὧ
ὼὭ 

Standard Deviation 

ᾀ
В ὼὭ  ᾀ

Ὧ ρ
 

Root-mean-square (RMS) 

ᾀ
ρ

Ὧ
ὼὭ  

Square of mean of rooted absolute 

amplitude (SMRA) ᾀ
ρ

Ὧ
ȿὼὭȿ  

Skewness coefficient 
ᾀ

В ὼὭ  ᾀ

Ὧ ρᾀ
 

Kurtosis coefficient 
ᾀ

В ὼὭ  ᾀ

Ὧ ρᾀ
 

Crest Factor (CF) 
ᾀ

ÍÁØ ȿὼὭȿ

ᾀ
 

Margin Factor (MF) 
ᾀ

ÍÁØ ȿὼὭȿ

ᾀ
 

Waveform Factor (WF) ᾀ
ᾀ

ρ
Ὧ
В ȿὼὭȿ

 

Impulse Factor (IF) 
ᾀ

ÍÁØ ȿὼὭȿ

ρ
Ὧ
В ȿὼὭȿ

 

Frequency Maximum peak  ᾀ ÍÁØ ὪὭ  

Root-mean-square (RMS) 

ᾀ  
ρ

Ὧ
Ὢ   
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These features were selected based on successful use by other researchers in 

predicting machining outcomes in CNC turning [12, 13, 26, 27, 37, 38]. Features were 

normalized using z-score normalization to ensure all features were on a similar scale which 

is required for use as inputs to machine learning prediction algorithms [12]. This method 

is shown in Eq. 2.8, where x is the original feature, z is the normalized feature, and ɛ and ů 

are the mean and standard deviation of the feature, respectively. 

ᾀ  
ὼ  ‘

„
 

(2.8) 

This normalization process results in a set of features centered about 0, such that 

features close to the mean are normalized to 0, features above or below the mean will 

become positive or negative, respectively, and the standard deviation of the original feature 

will adjust the distance of the normalized value from zero. Normalization of the dataset 

allows the features in the dataset to be on a similar scale, despite the differing cutting 

conditions tested. 

2.3.4.3 Residual Feature Selection Using ANOVA 

When features are input into machine learning algorithms, it is important only the 

relevant features are applied to ensure efficient application of the algorithm as non-relevant 

features can unnecessarily increase the complexity and computing time, as well as decrease 

accuracy. An inappropriate number of input features can also cause underfitting or 

overfitting of machine learning algorithms [39]. This section describes the feature selection 

process for each individual material model, as well as the multi-material prediction model. 
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Feature selection methods can fall into different categories, including filter methods 

which complete the feature selection independent of the final prediction model training, 

embedded methods which incorporate the feature selection step as part of the model 

training, and wrapper methods which consider the accuracy of the final prediction model 

[40]. In this study, a filter-type method is applied by using ANOVA with the sensor data 

features to determine the significance of each feature relative to the outcome. A similar 

feature selection procedure used in this study was applied by Huang et al. where ANOVA 

was used to select sensor data features with p values Ò 0.05 [13]. 

The starting features included in each dataset that are input into the ANOVA include 

all sensor data statistical features and workpiece diameter. Feed rate is already accounted 

for within the theoretical portion of the model and therefore was left out from the residual 

component. Cutting speed and depth of cut are automatically selected as features for the 

residual component of all the models. This will allow for future work to use the developed 

prediction model as a fitness function for an optimization model to determine the optimal 

machining parameters to minimize surface roughness; therefore, these parameters were left 

out of the ANOVA study as they will be selected regardless. As a result, the residual 

component of the prediction model is shown in Eq. 2.9 below indicating the input variables 

to the function. 

Ὑȟ Ὢὺȟ ὥȟ Ὀᶻȟ ᾀ  (2.9) 

where D* denotes diameter if selected within the feature selection process, and zi includes 

the sensor data features selected for each model. 
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ANOVA was applied to each material dataset individually, as well as the total multi-

material model. Features with p values Ò 0.05 are deemed significant [13] and selected as 

features for each model. CGI 450 remained with 3 features as shown in Table 2.8, no sensor 

data features were selected for AISI 316 shown in Table 2.9, 38 features remained for AISI 

4340 shown in Table 2.10, and 5 features are selected for the multi-material model as shown 

in Table 2.11. 

Table 2.8: Table 8 CGI 450 selected sensor data features using ANOVA 

Feature Sum of Squares p value 

FY SMRA 0.096 0.016 

Acceleration Mean 0.089 0.019 

FY Kurtosis 0.080 0.024 
Table 2.9: Table 9 AISI 316 selected sensor data features using ANOVA 

Feature Sum of Squares p value 

No sensor data features with p value Ò 0.05 
Table 2.10: Table 10 AISI 4340 selected sensor data features using ANOVA 

Feature Sum of Squares p value 

ISP Max Peak (Frequency Domain) 0.185 5.93 x 10-5 

FZ RMS 0.156 1.03 x 10-4 

Acceleration Max 0.153 1.09 x 10-4 

FZ Standard Deviation 0.145 1.29 x 10-4 

FZ Mean 0.103 3.70 x 10-4 

Acceleration Skewness 0.102 3.80 x 10-4 

Acceleration IF 0.096 4.70 x 10-4 

Acceleration Mean 0.092 5.32 x 10-4 

FY SMRA 0.089 5.86 x 10-4 

Acceleration MF 0.088 6.03 x 10-4 

FY IF 0.066 1.41 x 10-3 

FX Standard Deviation 0.065 1.43 x 10-3 

FY WF 0.064 1.52 x 10-3 

FY CF 0.063 1.60 x 10-3 

FX RMS 0.062 1.68 x 10-3 

Acceleration CF 0.059 1.86 x 10-3 

FZ RMS (Frequency Domain) 0.059 1.93 x 10-3 
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FY RMS (Frequency Domain) 0.055 2.28 x 10-3 

FX SMRA 0.054 2.38 x 10-3 

FX Peak-to-Peak 0.054 2.40 x 10-3 

Acceleration WF 0.053 2.61 x 10-3 

ISP Max 0.050 2.92 x 10-3 

ISP Skewness 0.047 3.63 x 10-3 

FY MF 0.041 5.10 x 10-3 

FY Max 0.040 5.21 x 10-3 

ISP SMRA 0.039 5.56 x 10-3 

Acceleration Kurtosis 0.039 5.81 x 10-3 

FX RMS (Frequency Domain) 0.035 7.37 x 10-3 

FY Peak-to-Peak 0.033 8.79 x 10-3 

Acceleration RMS (Frequency Domain) 0.030 1.11 x 10-2 

FY Kurtosis 0.029 1.17 x 10-2 

Acceleration Peak-to-Peak 0.027 1.36 x 10-2 

Acceleration SMRA 0.027 1.39 x 10-2 

Acceleration Max Peak 0.025 1.66 x 10-2 

FX Mean 0.021 2.46 x 10-2 

FX Max 0.020 2.52 x 10-2 

ISP MF 0.019 3.00 x 10-2 

ISP RMS (Frequency Domain) 0.016 3.98 x 10-2 

Table 2.11: Table 11 Multi-material model selected sensor data features using ANOVA 

Feature Sum of Squares p value 

Diameter 0.755 1.95 x 10-4 

ISP Max Peak (Frequency Domain) 0.247 0.031 

ISP SMRA 0.222 0.040 

FY RMS 0.220 0.041 

FX Standard Deviation 0.215 0.043 

Similar to the results found by Huang et al. [13], different features were selected 

between the individual models and the multi-material models. The results of the feature 

selection process indicate AISI 4340 has an increased number of significant features 

relative to the other three cases. This indicates the cutting mechanism of AISI 4340 results 

in less variability than machining of the other two materials. Regardless, an increased 

number of features into a model does not necessarily indicate increased model accuracy. 
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There is some cross-over in three of the five selected features for the multi-material model 

and compared to AISI 4340 as spindle current maximum peak, SMRA, and Fx standard 

deviation are selected for both models. Besides these variables, there is no further cross-

over of features between input predictors for each of the four cases besides the machining 

parameters. The features selected for each of the four cases are used in the following 

Section 2.3.4.4. to develop the prediction model for Ra,r. 

2.3.4.4 Ensemble Gradient Boosted Regression Tree 

The algorithm used for the residual prediction component is an ensemble gradient 

boosted regression tree (GBRT) and was implemented using MATLABÉ built-in functions 

for ensemble regression models. This algorithm was selected as it has been successfully 

used in many applications where relationships between inputs and outputs are complex, 

including by Zhou et al. for prediction of surface roughness and parameter optimization for 

turning 304 stainless steel [31]. This study applied GBRT with genetic algorithm for 

surface roughness prediction and parameter optimization using the machining parameters 

as the inputs and found the model outperformed ANN and support vector regression (SVR) 

models [31]. Therefore, this provides a basis for selection of this algorithm for this model 

and expands on the previous study by incorporating sensor data as additional inputs, as 

well as using the algorithm to predict the residual surface roughness value. 

Ensemble models are defined as a group of individually trained prediction models 

with outcomes combined to strengthen the results of the final prediction [41]. Similar to 

Random Forest models, GBRT continually fits many decision trees; however, GBRT 

utilizes boosting where the data fed to the subsequent trees are weighted such that data 
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incorrectly predicted is weighted higher in the following tree and so forth [41]. These types 

of models are considered very versatile and therefore chosen for this study to allow for 

prediction for multiple different materials in one model. A schematic for this process is 

shown in Figure 2.12. 

 

Figure 2.12: Fig. 12 GBRT process diagram 

GBRT can be expressed by Eqs. 2.10 [42], 2.11 [42] and 2.12 [31, 42] where for 

i=꜡ 1:N samples, a set of known predictor variables Xi꜡=꜡{x1, é, xn} are mapped to a 

response variable yi to create the function F*(X) as a result of y and F(X). The function 

F(X) is the sum of M total iterations of regression trees where each tree aims to correct of 

the error of the previous tree such that the loss of each tree is less than its predecessor by 

amalgamating the outputs of weak learners to improve the model performance [31, 42]. 

This is completed by incorporating the weak learner basis function Ὤ ὢ [31], which in 

this case is gradient boosting described as the negative gradient of the squared error loss 

function in Eq. 2.13 [31]. The learning rate, ɖ, included within the model specifies the step 

size during gradient descent, which the smaller the step size the higher accuracy in 

prediction and prevents overfitting, although it can increase computation time [31]. 
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Ὂᶻὢ  ‪ώȟὊὢ   (2.10) 

Ὂὢ  Ὂ ὢ  
(2.11) 

Ὂ ὢ Ὂ ὢ  –z Ὤ ὢ  ώ  (2.12) 

Ὤ ὢ
‬
ρ
ςώ Ὂ ὢ  

‬Ὂ ὢ
  

(2.13) 

The user-specified hyperparameters for GBRT include the minimum leaf size, 

number of learners, the learning rate, and the number of predictors to sample. Algorithms 

with user-specified hyperparameters are often criticized due to the requirement of manually 

selecting the parameters. In order to automate the selection of these parameters, an 

optimization strategy is applied to determine the hyperparameters that result in the 

minimum mean-square error (MSE) of the model using the datasets from all three 

materials. Bayesian optimization was implemented within the MATLABÉ Regression 

Learner App for 300 iterations using the search space outlined in Table 2.12, along with 

the resulting optimized hyperparameters. K-fold cross-validation was applied using a k 

value of 5 in order to prevent overfitting of the model, as commonly used in literature [31]. 

The results of each iteration are shown in Figure 2.13, which indicates the minimum MSE 

has plateaued after over 50 iterations, deeming 300 iterations to be sufficient. 
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Table 2.12: Table 12 Ensemble boosted trees optimized parameters 

Hyperparameter Search Range Optimal Value 

Minimum Leaf Size 1-119 3 

Number of Learners 10-500 355 

Learning Rate 0.001-1 0.0293 

Number of Predictors to Sample 1-7 1 

 

Figure 2.13: Fig. 13 Ensemble boosted trees hyperparameter optimization minimum MSE 

2.3.5 Model Evaluation 

Four prediction models were evaluated: one for each of the material datasets and 

one multi-material model combining all three datasets. An 80%/20% scheme was applied 

for splitting the datasets into training/testing subsets, respectively. For the multi-material 

model, this split was completed before integrating all three datasets to ensure equal 

representation of data for each material in both the training and testing sets. The training 
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set was used for establishing the ensemble GBRT model for the residual component, and 

the testing set was applied to evaluate total model consisting of the theoretical and residual 

components. The time required for training and testing is outlined in Table 2.13. The 

training and testing time is higher for AISI 4340 in comparison to the other models, which 

is attributed to the increased number of input features compared to the other three models. 

Table 2.13: Table 13 Training and testing time for prediction 

 Multi -Material Model  CGI 450 AISI 316 AISI 4340 

Training Time (s) 6.461 6.548 6.592 10.196 

Testing Time (s) 0.081 0.042 0.073 0.105 

The testing results for predicted Ra and measured Ra for each of the four models 

are shown in Figure 2.14. The legend indicates the line for perfect prediction, which the 

goal is for the observations to fall as close to this line as possible. All four models have a 

varying spread of observations relative to the perfect prediction line, which is quantified 

by the R-score value within each figure. The closer the R-score value is to 1, the stronger 

the relationship between the measured and predicted values. 
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Figure 2.14: Fig. 14 Results for predicted Ra vs. measured Ra using testing dataset for each model 

ASME B46.1ï2019 standard for surface texture was used to evaluate whether the 

testing dataset predictions were within an acceptable range given the surface criteria. This 

standard specifies the mean value of surface roughness readings must be between 83 and 

112% of the nominal value [28]. This was applied to the dataset to specify lower and upper 

limit values of 83% and 112% of the nominal measured Ra value. The plots showing where 

the predicted Ra values from testing reside relative to these limits are shown for each of 

the four models in Figure 2.15. The testing dataset is arranged in order of increasing value 

of the nominal measured surface roughness for ease of viewing. 



M.A.Sc. Thesis ï K.S. Bennett; McMaster University ï Mechanical Engineering         

84 

 

 

Figure 2.15: Fig. 15 Predicted Ra relative to limits based on ASME B46.1-2019 

The calculated percentage of test predictions that fall within these limits is shown 

in Table 2.14, along with additional metrics used to evaluate the models to one another 

including RMSE, MSE, R2, and mean absolute percentage error (MAPE). These additional 

metrics are calculated as shown by Eqs. 2.14, 2.15, 2.16, and 2.17, respectively. 

ὙὓὛὉ 
В ώ ώ 

ὲ
 (2.14) 

ὓ ὛὉ  
ρ

ὲ
ώ ώ  (2.15) 
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Ὑ ρ  
В ώ ώ 

В ώ ώ 
 (2.16) 

ὓὃὖὉ 
ρ

ὲ

ȿώ ώȿ

ώ
ρzππ (2.17) 

where n is the number of samples, ώ is the measured value, ώ is the average of the 

measured values, ώ is the predicted value, and p is the number of features. An R2 value 

describes the amount of variation of the response explained by the prediction variables [8], 

which a value of 1 indicates a perfect fit, and a value above 0.7 is generally accepted as a 

good fit [13]. The models compared by Lu et al. resulted in mean R2 values of the models 

compared in their study ranging from 0.506 to 0.964 [1], which is a similar range of results 

found in this study. RMSE is provided in the same units as the outcome and therefore 

provides error relative to the measured value. Zhou et al. compared the RMSE of five 

different models explored, which ranged from 0.0870 to 0.1663 ɛm [31]. The multi-

material model RMSE value of 0.166 ɛm falls within this range, albeit on the upper end of 

this range. MSE is often a reported metric in literature for surface roughness prediction, 

which ranges found in literature for surface roughness prediction include 0.032ï0.395 [31], 

0.001 to 2.114 [8], and 0.432 to 9.281 [37]. The MSE values achieved in this study fall 

within the lower range of these comparison metrics. Lastly, MAPE was found in surface 

roughness prediction literature to range from 0.0325 to 0.1636 [13], 0.03 to 0.15 [37], and 

0.0614 to 0.196 [31], which also aligns with the MAPE of the multi-material model. 
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Table 2.14: Table 14 Model evaluation metrics 

Metric  
Multi -Material 

Model 

CGI 

450 

AISI 

316 

AISI 

4340 

% Predictions within Limits  70.2% 75.0% 50.0% 66.7% 

R2 0.733 0.500 0.613 0.873 

RMSE (ɛm) 0.166 0.159 0.217 0.148 

MSE 0.027 0.025 0.047 0.022 

MAPE 0.129 0.091 0.217 0.139 

Overall, the performance of the multi-material model renders it a promising 

framework for multi-material prediction for surface roughness in turning. By examining 

the individual models, it is evident the prediction for AISI 316 has the worst performance 

with only half of the predictions falling within the established limits, as well as having the 

highest RMSE and MAPE of the three models. This is expected based on the feature 

selection analysis revealing no sensor data features were correlated with the residual value, 

resulting in the predictor variables consisting of only the machining parameters. However, 

use of the multi-material model provides the ability to predict with higher accuracy for the 

surface outcome when machining AISI 316, which was not possible when using the 

individual model itself. 

The individual models for CGI 450 and AISI 4340 had varying performance 

relative to the multi-material model. CGI 450 had the highest percentage of predictions 

within limits while having the lowest R2 value when comparing all four models. AISI 4340 

has the highest R2 value and lowest RMSE; however, it performed worse than the multi-

material model when evaluating the percentage of predictions within the defined limits. 

Therefore, the results of the three individual models show generally good results can be 

achieved when using a multi-material model compared to individual models. This benefits 
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manufacturers by expanding the capability of a model to be used for more than one material 

with higher generalizability. 

Overall, the contribution of this study is a framework for development of a multi-

material surface roughness prediction model including methods for the selection of sensor 

data features for prediction of the residual value of a combined theoretical-empirical 

prediction model for Ra. The key advantages of this model framework include predictions 

partially based on the physics-based relationships in the machining process allowing for 

reasonably explainable results, as well as the applicability to a set of materials with diverse 

properties in comparison to previous multi-material models, such as the model developed 

by Huang et al. for stainless steel SUS 304 and aluminum 6061 [13]. 

The majority of the predictions are based on known theoretical relationships 

between tool geometry and the feed rate, which provides grounded results with improved 

accuracy and accommodation to multiple materials used in the model due to the residual 

component. This element of the model framework differentiates itself from previous multi-

material prediction models as only a portion of the prediction is considered ñblack boxò 

within the residual value, compared to the entire prediction, overall creating robust results. 

Additionally, the model developed considers these differences in cutting 

characteristics among the three materials when forecasting surface roughness under a range 

of cutting conditions and parameters. It takes into account the distinct characteristics of 

each material through the sensor data collected during the cutting process, enabling it to 

deliver precise predictions of surface roughness across a range of materials. This method 
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provides a detailed comprehension of the cutting process and aids in the future optimization 

of cutting parameters for various materials. 

The limitation of this framework is the model does require some experimental data 

for use; however, ability to use these features in a combined model helps generalization for 

multiple machining conditions in terms of workpiece material. The results of the 

experimental data within the framework show reasonably accurate results can be obtained 

using a multi-material prediction model compared to individual material models when 

evaluating metrics such as RMSE, MSE, MAPE, and R2. When comparing the predictions 

within the limits set out by ASME B46.1ï2019, roughly 70% of the predictions in the 

multi-material model fall within these limits. Limitations of this framework that contribute 

to this gap in accuracy are that the framework does not consider the effect of tool wear 

mechanisms on surface roughness and how this mechanism differs between materials. 

Additionally, the model has not been tested for extrapolation capabilities outside of the 

experimental parameters. These components will be the focus of future studies to improve 

the accuracy and applicability of the model. 

2.4 Conclusions 

Monitoring of surface quality in machining processes is critical for manufacturing 

companies to ensure product specifications are achieved and to avoid additional costs for 

rework. The ability to monitor for surface roughness across a diverse set of materials 

improves and expands the process monitoring capabilities of an operation using more than 

one material. This objective is achieved by the framework developed in this study for 
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constructing a multi-material surface roughness prediction model for CNC turning using 

machining parameters, tool geometry, workpiece diameter, force, accelerometer, and 

spindle current sensor data as inputs to a hybrid physics-based and machine learning model. 

A kinematics-based model incorporating minimum undeformed chip thickness, 

feed rate, and tool nose radius was applied to the experimental data and the residual value 

was calculated. Sensor data was analyzed to generate features which were evaluated for 

predictive performance of the residual component using ANOVA to establish the input 

features for the residual component of the individual and multi-material models. The 

resulting metrics to evaluate the prediction models provided reasonable results compared 

to literature, which the multi-material model was found to provide the best results overall 

when compared to the individual material models. This provides value in enabling quality 

predictions for the materials in which the individual models performed poorly, such as the 

AISI 316 model. 

The theoretical component of the model as a function of feed rate, tool nose radius, 

and minimum undeformed chip thickness is applied and makes up an average of 74.75% 

of the experimental surface roughness values for all three materials, which performed the 

best in predicting approximately 86% of the experimental roughness values for the CGI 

450 dataset. This finding is critical for providing evidence showing the theoretical model 

explains the produced surface roughness reasonably well by comprising the majority of the 

predicted roughness; however, this result also shows the need for an additional prediction 

component for the residual value which was achieved using an ensemble gradient boosted 

regression tree. 
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A variety of force, vibration, and spindle current data features have significance in 

predicting the residual surface roughness values as found by ANOVA. AISI 4340 possessed 

the most features at a total of 38, followed by CGI 450 with 3 features, AISI 316 with no 

sensor data features, and the multi-material model with 5 features. These results highlight 

the differences in the relationships between the data features and the residual roughness 

values between the three materials. This is expected due to the varying characteristics of 

the three materials and highlights the value the model provides in providing predictions for 

materials with distinct differences from one another. 

ASME B46.1ï2019 standard was applied to determine the accuracy of predictions 

relative to the nominal value, which the multi-material model was able to achieve an 

accuracy of 70%. The use of this standard presents the results in the form of a tool for a 

machine operator in industry to use to ensure prediction accuracy is maintained throughout 

the process. A number of factors have been identified to improve the accuracy of the model, 

which are addressed in the future scope of work below. 

The plans to extend this research are described in the following future scope of 

work. A study will be completed to further analyze and improve the prediction of the 

residual surface roughness value by focusing on one material, AISI 316. The results 

discussed in this study for AISI 316 indicate a more complex non-linear feature selection 

method may be required due to the limited sensor data features selected using linear 

methods. Tool wear effect on overall and residual surface roughness will be analyzed, and 

the ensemble model will be modified to include tool wear. The model will be integrated 

with an optimization algorithm using the prediction model as the fitness function to 
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determine the optimal machining conditions for multiple materials. In addition, the 

extrapolation capabilities of the prediction model will be tested and evaluated, as well as 

consideration of incorporating material properties as inputs to the multi-material model to 

capture the complex differences in the cutting process between the three materials. Overall, 

the goal of the identified future work is to improve the accuracy of the proposed framework 

in this study for use in an industrial setting and integrate the model with an optimizing 

function as a decision-making tool for operators in CNC machining. 
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Abstract 

Utilization of prediction and optimization techniques in machining operations 

assists with the decision making required for machining parameter selection, directly 

impacting process outcomes including the surface roughness of the workpiece. Often these 

methods exclude the consideration of tool wear and critical information contained within 

sensor data collected during the cutting process. This study enhances the application of a 

hybrid physics-based and machine learning predictive framework for Ra, that incorporates 

tool wear information via a focused investigation of computer numerical control (CNC) 

turning AISI 316, followed by a comparative analysis of metaheuristic optimizers to 

determine the optimal machining parameters. The experimental results include an analysis 

on the influence of the machining parameters, flank wear, and total cutting distance of the 

tool on the surface roughness. The proposed prediction model was improved for AISI 316 

from a previous study conducted by the authors. The model achieved a root-mean square 

error (RMSE) of 0.108 ɛm and testing results indicated 87% of predictions fell within limits 

set by the ASME B46.1-2019 standard. Genetic algorithm (GA), particle swarm 

optimization (PSO), and simulated annealing (SA) are compared using the modified 

prediction model as the objective function. Despite GA producing the lowest minimum Ra 

for constrained and unconstrained testing cases, SA generated the highest accuracy during 

validation testing, achieving an error of 4.54% for a constrained scenario. The outcomes of 

this study strengthen the hybrid prediction framework proposed by the authors and 

reinforces the value the optimization process provides to machining operators in the 

manufacturing industry.   
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3.1 Introduction 

Process monitoring of computer numerical control (CNC) machining is 

increasingly important in the manufacturing industry in order to maintain excellence in 

quality, cost reduction and productivity. The surface roughness (Ra) of machined 

components is one of the most critical machining outcomes to monitor as manufactured 

parts often have stringent tolerances on their surface characteristics in order to achieve 

certain functional specifications in their end-use applications. When surface specifications 

are not satisfied, scrap and rework costs are incurred to re-machine the part. Quality of the 

machined surface can be enhanced when the optimal machining parameters for minimizing 

surface roughness are implemented. Conventionally, the ideal machining parameters are 

selected through lengthy experiments, from existing knowledge of the machinist, or by 

standards set by the tool manufacturer [1]. Alternatively, data-driven methods can be 

leveraged for parameter selection, increasing efficiency while sustaining accuracy [1], [2]. 

Prediction and optimization of parameters for surface roughness in machining is a 

complicated process due to the requirement to account for several phenomena impacting 

workpiece quality. Specifically monitoring and optimizing surface roughness for stainless 

steel presents its own unique challenges. Adhesive tool wear mechanisms are prominent 

when machining stainless steel due to its ductile nature, creating dynamic formation of 

built-up edge (BUE) which impacts surface roughness [3]. This study explores existing 
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methods and gaps within surface roughness optimization for machining AISI 316 stainless 

steel and investigates potential application of existing optimization algorithms towards this 

challenge. 

Austenitic stainless steels in the AISI 300 series are the most extensively used 

stainless steels in many industries [4], despite their susceptibility to work hardening during 

machining [3], [5]. Specifically, AISI 316 stainless steel is often used in precision 

engineering, including industrial applications such as petrochemical, medical, food 

processing, aerospace, and nuclear [3], [6], [7]. The high strength, ductility, and work 

hardening of stainless steels generates challenges regarding their machinability [8], 

resulting in many researchers exploring options for the optimal parameters in machining 

this family of materials. Bagaber et al. performed a set of cutting tests for AISI 316 using 

response surface methodology (RSM) to determine the optimal machining parameters for 

the outcomes of power consumption, tool wear, and surface roughness [9]. The results 

revealed surface roughness was minimized when using the lowest tested feed rate and depth 

of cut of 0.066 mm/rev and 0.6 mm respectively [9]. Acayaba et al. completed experiments 

for dry turning AISI 316 at low speeds of 14-40 m/min to generate data for comparison of 

a multiple linear regression model and an artificial neural network (ANN) for surface 

roughness prediction [6]. The authors focused on testing low cutting speeds due to 

increased generation of BUE resulting in higher surface roughness, as well as to exploit the 

decreased tool wear at low cutting speeds [6].  

Ciftci compared the impact of parameters and chemical vapour deposition (CVD) 

multi-layer coated carbide tools for machining AISI 304 and 316 stainless steels [8]. An 
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inflection point was discovered where surface roughness was minimized at 180 m/min, 

which the authors explained was due to decreased BUE strength as a result of higher speeds 

increasing the cutting zone temperature and softening the material; however, past this 

inflection point the high speeds resulted in decreased strength and chipping of the cutting 

edge [8]. This result is similarly found by Li et al. who studied the wear of coated carbide 

tools across different tool nose radii and cutting parameters for turning AISI 321 stainless 

steel, where the main wear mechanisms were found to be abrasive, adhesive, and oxidative 

[10].  A higher presence of abrasive wear and BUE formation was observed at lower cutting 

speeds, whereas higher cutting speeds resulted in greater instances of chipping and tool 

edge breakage [10]. The authors explained that although adhesive wear results in lower 

rates of wear due to the BUE replacing the cutting edge, the variable and cyclical nature of 

BUE formation negatively affects the quality of the surface and generates higher cutting 

forces and temperatures causing shorter tool life spans [10].   

A study comparing the effect of tungsten carbide (WC) grain sizes on tool wear 

mechanisms for wet turning of AISI 316L at varying cutting speeds was completed by 

Saketi et al. [5]. Both crater wear and flank wear were found to increase with cutting speed, 

although the rate of wear was more significant for crater wear which decreased with 

increasing grain size [5]. The authors utilized scanning electron microscopy (SEM) with 

the worn tools to determine crater wear was dominantly controlled by diffusion; whereas 

flank wear was influenced by a combination of diffusion and superficial plastic flow, and 

decreased with smaller WC grain sizes due to the resulting increased mechanical strength 

of the tool material [5].  
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 Fernandez et al. compared the effect of high speed machining up to 870 m/min on 

tool wear and surface finish for dry turning of AISI 303 stainless steel [11]. The authors 

completed the tests under dry conditions to help explore for environmentally friendly 

manufacturing options, as well as to ensure the tool surface chemical composition was not 

altered [11]. Overall, a critical speed of 450 m/min was identified where lower forces were 

experienced, resulting in decreased power consumption, decreased stress on the cutting 

tool, and a finished surface similar to that of lower cutting speeds which did not have 

significant variability over the testing conditions [11].  

 Zhang et al. focused on the impact of dry and minimum quantity lubrication (MQL) 

machining of austenitic stainless steel on surface quality, which the analysis suggests lower 

cutting speeds and higher feed rates are desirable when using dry or MQL coolant 

conditions for improved energy consumption [12]. However, the best surface roughness 

was found with opposite conditions of higher cutting speeds and lower feed rates [12].   

The optimal cutting speed for turning AISI 304 was investigated by Korkut et al., 

who found an increase in speed up to 180 m/min resulted in a decrease in both tool wear 

and surface roughness [13]. The authors explained both tool wear and surface finish 

worsened at lower cutting speeds due to a combination of longer contact time between the 

workpiece and tool affecting chip evacuation speed, variation in chip thickness, as well as 

the inability to dissipate high temperatures due to the low thermal conductivity of stainless 

steel [13]. BUE was also found to be more prominent at lower cutting speeds which occurs 

when machining ductile materials and known to result in worse surface finish [13].  
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It is evident in the literature that tool wear has a significant effect on the surface 

roughness in machining not only of stainless steel but of many materials, enforcing the 

importance of tool condition monitoring in tandem with surface roughness monitoring. 

Korkmaz et al. conducted a review of methods for indirect monitoring of tool wear, 

focusing on studies incorporating sensor data for detection of tool wear during the cutting 

process [14]. Within this review, it was noted that tool wear plays one of the most 

significant roles in worsening the surface quality of the workpiece [14]. The authors 

emphasized that tool condition monitoring systems can be leveraged to help anticipate 

other outcomes of the cutting process including surface roughness, as worn tools will 

worsen the workpiece surface finish [14]. This effect can be detected by increased cutting 

forces and power consumption measured by various sensors installed on the CNC machine 

tool [14].   

The use of vibration and acoustic emission (AE) sensors for tool condition 

monitoring in dry turning ASSAB-705 medium carbon steel was explored by Bhuiyan et 

al., who found the high amplitude frequencies in the vibration data were attributed to shifts 

in the surface roughness of the workpiece and increasing tool wear, among other changes 

in the cutting phenomena [15]. Specifically, the authors found a relationship between the 

raw AE signal and advancing tool wear whereas the vibration signal was more strongly 

correlated with surface roughness [15].  

In existing literature, tool wear is not often integrated within surface roughness 

modelling due to its high variability. An example where tool wear has been attempted to be 

included is given by Felho and Varga who investigated a method to incorporate tool wear 
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into their surface roughness prediction model using computer-aided design (CAD) software 

[16]. Images of worn tools collected through an optical microscope were integrated into a 

CAD model that uses the worn tool geometry to estimate the machined surface [16]. The 

experimental results were validated only with fixed values of speed and depth of cut, and 

a large range of accuracy from 0.5-68% was achieved [16].  

Predictive tools in machining are often combined with optimization algorithms to 

help determine the optimal parameters for a process. An example is given by Solarte-Pardo 

et al. who combined an ANN with genetic algorithm (GA) to determine the optimal feed 

rate and cutting speed to minimize power consumption and machining time while 

maintaining satisfactory surface roughness [17]. GA is classified as a metaheuristic 

algorithm that mimics natural selection by creating a ñchromosomeò encoded by particular 

parameters which is then repeatedly updated through consecutive populations until an 

optimal result is achieved [18]. The key benefit of the model created by the authors is that 

it can be tuned to suit specific problems through weight adjustment of each goal in the 

fitness function, such as focusing on minimizing machining time in a roughing process 

versus minimizing surface roughness in a finishing process [17].  

Data from abrasive water jet machining of Al 7075-T6 was used to create a 

multilinear stepwise regression model which was applied as a fitness function to compare 

GA and simulated annealing (SA) optimization models to determine the optimal process 

parameters to minimize Ra [19]. SA is a heuristic search strategy that imitates the annealing 

heat treatment process where the material is slowly cooled after being heated to alter its 

properties and remove defects [19]. Although time to compute each iteration for each 
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model was not reported, the results found SA produced a slightly smaller minimum Ra 

value, yet GA required less iterations to determine the optimal solution [19]. The authors 

evaluated the models by comparing the minimum Ra to the experimental and regression 

values [19]; however, experimental validation of the parameters was not conducted, nor 

the accuracy of the regression model tested to see if the minimum Ra was valid in a real 

machining scenario. 

Another optimization comparison study was conducted by Ghosh et al. who 

compared the combinations of ANN and RSM prediction methods as fitness functions for 

GA and particle swarm optimization (PSO) models to minimize surface roughness in 

milling [20]. PSO operates by randomizing a population of ñparticlesò or solutions each 

having a velocity vector which is updated through subsequent iterations, and evaluated 

relative to a global solution to determine the ñbestò solution at each stage [21]. The results 

revealed the combination of RSM with PSO produced the smallest minimum surface 

roughness value, compared to the combinations of RSM-GA and ANN-GA [20]. Despite 

PSO providing the best result, the authors did not include a model combining PSO with the 

ANN for comparison. 

Liu et al. compared the effect of flood and MQL coolant conditions on turning AISI 

304 stainless steel, and used an optimization method combining PSO and SA to determine 

the optimal cutting conditions for minimizing surface roughness [22]. The authors 

attributed the high impact of feed rate on surface roughness and tool vibration to be due to 

increased plastic deformation of the workpiece material resulting in increased cutting 

resistance on the tool [22]. The results also revealed the MQL coolant condition resulted in 



M.A.Sc. Thesis ï K.S. Bennett; McMaster University ï Mechanical Engineering         

109 

 

a better surface compared to flood cooling across the range of cutting speeds tested, which 

was attributed to improved penetration of the MQL method resulting in enhanced 

lubrication especially at higher cutting speeds [22]. RSM was used to create prediction 

models for Ra, axial and radial vibration, which were then combined and weighted at 40%, 

30% and 30% respectively, to create a multi-objective fitness function that was optimized 

using a method blending SA and PSO [22]. SA was used to help refine the PSO search 

process to avoid the model from becoming stuck in a local solution [22].  

A feed forward neural network was combined with harmony search (HS) 

optimization algorithm in a study by Razfar et al. to determine the optimal machining 

parameters to minimize surface roughness in milling [23]. The HS heuristic optimization 

model simulates the musical practice of seeking the best sounding harmony through 

repeatedly updating the harmony memory and improvising new harmonies until 

converging on the optimal solution [24]. The study reported superior results can be found 

using HS over other optimization algorithms [23], although no data was provided to support 

this statement.  

Flower pollination algorithm (FPA) is another metaheuristic optimization method 

that incorporates local and global search strategies, replicating self and cross pollination in 

the reproduction process of flowering plants [1]. An FPA based prediction and optimization 

model using forward and reverse mapping respectively was investigated by 

Umamaheswara Raju et al. for surface roughness prediction in face milling of aluminum 

[1]. In this case, the optimizer was used to minimize the error of the model between the 
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predicted and measured surface roughness to improve predictive performance, which an 

average error of 8% was achieved [1].  

Soori and Asmael conducted a review of developments in machining parameter 

optimization methods, evaluating many of the algorithms discussed above, as well as others 

including fuzzy logic, ant colony, artificial bee colony, and scatter search algorithms [25]. 

The review provided insight into opportunities for application of these methods within 

online monitoring for machining outcomes, expanding from most of the existing work in 

applying these methods within offline states [25].   

Non-linear regression analysis was used with GA by Shah et al. to perform multi-

objective optimization to reduce surface roughness, cutting temperature and force for dry 

turning of titanium alloy Ti-6Al-4V [26]. The authors included tool nose radius as a model 

input in addition to the machining parameters, which it was found higher cutting 

temperatures were experienced when a larger tool nose radius was used due to increased 

friction from the larger contact region of the cutting tool with the workpiece [26]. Pareto 

charts were utilized to evaluate a compromise between competing optimal values between 

the three objectives, and error between predicted and experimental results was less than 

10% [26].   

Zhang et al. looked to address inclusion of physical properties, such as milling 

stability and cutting force load, in a roughing milling parameter optimization model for 

material removal rate as an indicator for efficiency of the process [27]. The approach 

included offline optimization using random vector search incorporating constraints on the 
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machining parameters, milling force, spindle torque, and use of the stability lobe diagram, 

followed by real-time monitoring for chatter using an accelerometer and cutting force 

coefficient estimation using spindle current for detecting tool wear impact [27]. Cutting 

tests were conducted for dry milling of titanium alloy Ti5Al5Mo5VCrFe, which found the 

post-optimization machining efficiency increased by 127.5% relative to the parameters 

selected through conventional methods [27]. 

Aside from metaheuristic algorithms, experimental design methods have often been 

used to optimize specific objectives during experimental data collection. An example of 

these types of methods is Taguchi robust design used by Abbas et al. to determine the 

optimal parameters for minimizing surface roughness in CNC turning of AISI 1045 [28]. 

The authors focused enabling the models applicability to real-world applications by 

including noise variables to mimic scenarios of unexpected impacts to the process 

occurring, such as coolant shutting off, or human error in selection of the tool nose radius 

[28]. Another example explored the use of a Taguchi L9 orthogonal array by Kittali et al. 

for turning EN1A alloy steel to find the optimal parameters for improved material removal 

rate and surface roughness using both dry and wet machining methods [29]. The optimal 

parameters were determined with the highest improvement seen when using coolant, 

resulting in 17.61% and 12.37% reductions in surface roughness and material removal rate 

respectively [29].  
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Research Gaps & Contribution 

While there are plenty of examples in literature addressing prediction and 

optimization of machining parameters for minimizing surface roughness, many paths 

remain to improve performance of these models and their applicability to real-life 

machining scenarios. The following gaps have been identified in the literature review to be 

addressed in this study. Although it is commonly known that surface roughness will worsen 

as the cutting tool wears [30], majority of prediction models do not incorporate dynamic 

factors of the cutting process including tool wear [31], nor is there an in depth analysis 

regarding the underlying relationships in tool wear and surface roughness data [32]. There 

is often more of a focus on static cutting parameters rather than tool properties [31], as well 

as an absence of understanding the dynamic impact of tool wear on machined surfaces in 

the time domain [30], [33]. Optimization methods applied in the literature often only 

include static cutting parameters [20], lacking consideration of the stage of life of the tool 

or sensor data collected during the cutting process for dynamic inputs to the model for 

minimizing surface roughness. Finally, many studies find success with selection of their 

respective optimization algorithms; however, an in depth comparison in performance for 

selection of an optimization model to minimize surface roughness in this given context of 

CNC turning stainless steel has not been provided. 

Tactics are developed in this study to address these challenges. The overall goal of 

this paper is to develop and evaluate a prediction-optimization model for minimizing Ra in 

CNC turning AISI 316 stainless steel, by incorporating dynamic factors from the cutting 

process including tool wear. In order to achieve this goal and address the identified research 
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gaps, this study is divided into three distinct objectives. The first objective is to provide 

insight into how the stage of tool life impacts the surface roughness, and if there are any 

dynamic indicators of the tool wearing that have a significant relationship with Ra. To 

achieve this, experimental data for multiple tool life tests is collected from dry turning of 

AISI 316 stainless steel, including collection of sensor data from a dynamometer, 

accelerometer, and a spindle current sensor. 

The second objective is to incorporate the identified indicator of tool wear from the 

first objective as an input factor into the hybrid theoretical and machine learning prediction 

model for Ra recently developed by the authors in [34] to improve the predictions for the 

AISI 316 model.  In a previous study by the authors, a framework was created for using 

machining parameters and sensor data as inputs for a multi-material surface roughness 

prediction model, which combined a well-known kinematics-based surface roughness 

model with an ensemble gradient boosted regression tree (GBRT) for predictions of Ra 

[34]. A multi-material model was compared against individual material models for the three 

materials tested, including AISI 316 which achieved the highest root mean square error 

(RMSE) of 0.217 ɛm compared to 0.166 ɛm for the multi-material model [34]. The 

experimental set up for the previous model used new cutting edges for each pass, therefore 

tool wear was not integrated as a factor. Incorporating an indicator of tool wear into the 

prediction framework is one of the key endeavours of this current study to expand the 

authorsô previous work, and to allow this prediction model for use as the fitness function 

for the optimization analysis to achieve the overall goal of this study. 
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The final objective of this study is to provide a comparative analysis between three 

different metaheuristic optimization algorithms and to complete the full prediction-

optimization model that can be utilized by CNC machine operators to determine the 

optimal machining parameters to minimize Ra. The key contribution of this model is the 

incorporation of an indicator for the stage of life of the tool into the model for consideration 

when determining the optimal machining parameters. The three optimization methods 

compared are GA, PSO, and SA based on their performance in literature in terms of 

computational complexity and accuracy, as well as their suitability in machining 

applications due to their ability to operate within complex search spaces with intricate 

objective functions. These models are tested in both constrained and unconstrained cases 

to assess extrapolation capability of the model for comparison of results. 

The remainder of this paper is structured as follows: Section 3.2 outlines the 

experimental procedure, Section 3.3 contains the experimental results and discussion on 

the prediction and optimization modelling, followed by concluding remarks in Section 3.4. 

3.2 Experimental Methodology 

The proposed methodology to achieve the objectives of this study is broken down 

into three parts, as outlined in Figure 3.1. Part A focuses on the first objective of this study 

through the execution of tool life cutting tests across a range of parameters, and analyzing 

the impact of tool flank wear as well as total cutting distance of the tool on the surface 

roughness of the workpiece, along with the machining parameters as per the framework in 

[34]. Part B addresses the second objective by applying the Ra prediction framework 
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developed by the authors in [34] to the new experimental data set, and modifying the model 

in this study to include an indicator for tool wear to improve the prediction results for AISI 

316. Part C encompasses the final objective of this study through the comparative analysis 

of three different metaheuristic optimization algorithms using the enhanced prediction 

model as the fitness function to determine the machining parameters and tool life stage 

required to minimize Ra.  The three models are compared and evaluated against one another 

utilizing multiple metrics as well as through validation experiments. Further details 

outlining the components of this methodology are described in the remainder of Section 

3.2. 

 

Figure 3.1: Fig. 1 Methodology flow chart 

3.2.1 Workpiece Material 

The workpiece material used in this study was AISI 316 stainless steel, with a length 

of 304.8 mm and a diameter of 150.4 mm. Once the workpiece was prepped by skimming 

the exterior surface, the starting diameter in the experimental data ranged from 147.25 mm 
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down to 132.75 mm. The chemical composition and mechanical properties of the 

workpiece are shown in Table 3.1 and Table 3.2 respectively. 

Table 3.1: Table 1 Chemical composition (%) of AISI 316 

C Si Mn P S Cr  Ni Mo 

0.023 0.25 1.63 0.039 0.022 16.9 10.03 2.02 

Table 3.2: Table 2 Mechanical properties of AISI 316 

Yield Strength 

(MPa) 

Ultimate 

Tensile 

Strength 

(MPa) 

Elongation 

(%)  

Reduction in 

Area (%) 

Hardness 

(BHN) 

318.72 614.44 49.24 68.00 165.00 

3.2.2 Process Parameters 

Tool life tests were executed using a new tool for each test, until greater than or 

equal to 300 ɛm of flank wear was achieved as per ISO 3685:1993(E) [35]. The cutting 

distance for each pass was set to a constant value of 32 m. This value was selected to ensure 

there was a reasonable trade-off between the number of tool wear data points collected, and 

to guarantee the cutting length per pass was greater than the minimum evaluation length 

required for surface roughness measurement using the profilometer. The cutting length per 

pass (l) in mm was calculated as per Eq. 3.1, where f is feed rate in mm/rev, L is the total 

cutting distance per pass (equal to 32 m), and D was the workpiece diameter in mm. 

ὰ
ρπππὪὒ

“Ὀ
 (3.1) 

The process parameters used for tool life testing are displayed in Table 3.3. The 

model framework used in this study focuses on finish turning in which surface finish is one 
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of the primary outcomes, and is defined by depths of cut less than 1.5 mm and feed rates 

less than 0.15 mm/rev [36]. For the initial model development described in [34], the 

theoretical prediction component of Ra was found to be the smallest for AISI 316 at the 

lowest tested feed rate of 0.1 mm/rev; therefore, lower feed rates at two levels were selected 

with intent to increase the predictive accuracy at levels where the model is most challenged.  

Depth of cut remained constant for this study based on previous results indicating it has the 

least impact on surface roughness in this context compared to feed rate and cutting speed, 

and therefore is not a focus of this study [22], [34]. A range of lower cutting speeds were 

selected due to the known development of BUE at lower cutting speeds [13], which is 

desired to be enhanced in this study to challenge the model in providing reasonably 

accurate results given difficult process conditions. Three levels were selected for the cutting 

speed in order to obtain a range in levels of tool wear. 

Table 3.3: Table 3 Experimental process parameters 

Cutting Parameter Level 1 Level 2 Level 3 

Cutting Speed, vc (m/min) 125 150 175 

Feed Rate, f (mm/rev) 0.075 0.1 - 

Depth of Cut, ap (mm) 0.5 - - 

Once enough passes were completed where the end of the available machining 

length of the workpiece was reached, the surface was skimmed before starting the next 

round of cutting tests. A full factorial experiment was completed, and each combination of 

parameters was repeated twice resulting in twelve tool life tests total. The run order for the 

experiments were randomized and completed as per the order given in Table 3.4. 
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Table 3.4: Table 4 Experimental run order 

Test 

No. 

Cutting Speed, vc 

(m/min) 

Feed Rate, f 

(mm/rev) 

Depth of Cut, ap 

(mm) 

1 150 0.075 0.5 

2 150 0.1 0.5 

3 175 0.1 0.5 

4 125 0.1 0.5 

5 150 0.075 0.5 

6 175 0.075 0.5 

7 175 0.1 0.5 

8 125 0.075 0.5 

9 150 0.1 0.5 

10 125 0.075 0.5 

11 125 0.1 0.5 

12 175 0.075 0.5 

3.2.3 Experimental Equipment 

The experimental set up for data collection in this study is shown in Figure 3.2. The 

details for all equipment used in this study are outlined in Table 3.5. The experimental 

apparatus was set-up as per the previous study [34] as the same framework is to be applied 

to this current data set. The additional component within this study of measuring tool wear 

is discussed further below. 

mailto:L@
mailto:L@
mailto:L@
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Figure 3.2: Fig. 2 Experimental set up 

A dynamometer is mounted within the machine turret as part of the tool holder 

assembly and used to measure cutting forces in three directions. The accelerometer is 

mounted behind the tool holder and as close to the cutting edge as possible since the 

accuracy of the vibration signal is enhanced with the position of the sensor relative to the 

cutting edge [14]. In this set up, vibration is measured in the cutting direction as per [34]. 

A current sensor is installed around the spindle motor wiring within the back panel of the 

CNC machine. The remainder of the data acquisition system includes dual mode charge 

amplifiers for force and acceleration signal conditioning. The amplifiers are then wired into 

DAQ cards along with the current sensor wiring for compatibility with National 

Instruments (NI) LabVIEW 2014 software for signal storage and observation. The 

sampling rate used for all sensor signals was 10 kHz. 
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Table 3.5: Table 5 Experimental setup equipment information 

Equipment Information 

CNC lathe Nakamura-Tome SC-450 

Profilometer Mitutoyo Surftest SJ-201 

Tool inserts Uncoated carbide K313 (0.8mm nose radius, 30 ɛm edge 

radius) 

Tool holder Kennametal DCLNL 164CKC3 

Microscope (tool wear 

imaging) 

KEYENCE VHX-950F digital microscope 

Microscope (pre-

experiment tool inspection) 

Alicona Infinite Focus G5 3D optimal microscope 

Accelerometer PCB Piezotronics 352A21 

Current sensor YHDC SCT013-030 current transformer 

Dynamometer Kistler Type 9129AA 

DAQ chassis National Instruments (NI) cDAQ-9172 

DAQ cards NI 9215, NI 9234 

Amplifiers Kistler type 5010 dual mode amplifier 

Uncoated carbide tools were used for all cutting tests. After each cutting pass, 

images of the worn tools were obtained using a KEYENCE VHX-950F digital microscope, 

and were used to measure flank wear. An example of the flank wear measurement can be 

seen in Figure 3.3. 
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Figure 3.3: Fig. 3 Example of flank wear measurement 

Ra was measured using a portable Mitutoyo Surftest SJ-201 profilometer, as shown 

in Figure 3.4. Three measurements were obtained around the circumference of the 

workpiece and the average value was calculated to determine the Ra measurement for each 

pass. The measured spacing distance (RSm) was measured initially to determine the 

appropriate cut-off filter for each measurement of Ra as per ASME B46.1-2019 [37]. Cut-

off values of 0.25 mm and 0.8 mm were used in this study based on the measured RSm 

values of the surfaces. 
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Figure 3.4: Fig. 4 Profilometer measurement set-up 

3.3 Results and Discussion 

3.3.1 Part A: Impact of Tool Wear & Machining Parameters on 

Surface Roughness 

Following the framework from [34] for development of the Ra prediction model, 

the first component of the analysis was to evaluate the impact of the machining parameters 

and tool wear on the surface roughness. The tool life curves for each combination of cutting 

parameters are shown in Figure 3.5 (a). As discussed in Section 3.2, tool life tests for each 

combination of parameters were repeated twice. Therefore, this plot presents the average 

flank wear values at each stage in the tools cutting distance, along with the error bars 

representing standard error between the tests where n = 2. For some of the repeated test 

combinations, an unequal number of cutting passes were required to reach the maximum 
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flank wear value of 300 ɛm. Therefore, some of the data points for testing combinations 

that required additional passes in one case compared to the second, only have one data 

point for those specific locations in the cutting distance, and as a result have no error bars 

since n = 1. As observed in Figure 3.5 (a), the data point at 992 m cutting distance for 

testing conditions of 125 m/min and 0.075 mm/rev appears to show the tool wear 

decreasing. This is because the previous data point at 960 m is an average between the two 

tests, where the averaged value is higher than the singular value of the next pass of the 

single cutting test. Therefore, the tool wear is not truly decreasing, as shown in Figure 3.5 

(b). This figure shows the curve for test 1 stops at 960 m due to flank wear reaching the 

300 ɛm limit, the curve for test 2 continues for five more passes to reach the 300 ɛm limit, 

and the averaged curve shows the average flank wear values between the two tests until 

960 m, where afterwards only the data for test 2 is shown. 
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Figure 3.5: Fig. 5 Tool life curves: (a) averaged flank wear between tests for n =2, (b) flank wear data for tests 1 and 2 

for 125 m/min and 0.075 mm/rev compared to averaged curve with error bars 
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Based on the tool wear curves, it can be observed flank wear increases as both feed 

rate and cutting speed increase. Besides the initial wear stage in all the tests, the wear 

follows a relatively consistent increasing trend over the tool life, without a noticeable 

discrepancy in majority of the tests from a typical steady wear stage to a rapid wear stage. 

It can also be observed that the standard error between the repeated tests is largest at the 

lowest cutting speed and feed rate. This is speculated to be due to a known increased 

presence of BUE formation at low cutting speeds and low feed rates [6], [10], and the 

fluctuating nature of BUE resulting in variability between the repeated tests. BUE is formed 

when lower temperatures in the cutting zone causes the plastic flow of chip material to 

become ductile and weld onto the surface of the cutting edge and continually grows 

outwards, resulting in inconsistent depths of cut and therefore impacting the finished 

surface [36]. This process continues until the cutting force exceeds the strength of the 

cantilevered welded material, causing the BUE to break off the cutting edge and leaving 

behind material between both the chip and finished surface, followed by the process 

beginning again [36]. As the temperature in the cutting zone increases with cutting speed, 

the size of BUE decreases due to lower thermal softening at the chip-tool interface 

compared to the main body of the chip [36].   

The isometric images of each tool showing the progression of BUE for one test 

from each combination of parameters are presented in Table 3.6 displaying three stages of 

tool wear: after the first pass completion, after 50% of passes were complete, and after the 

final pass. As mentioned, BUE is highly variable, since the material is continually building 

up on the cutting edge and breaking off during the cutting process. Therefore, these images 
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are only a snapshot of the full progression of cyclical BUE formation across each tools life; 

however, they do provide reasonable qualitative information for insight into the phenomena 

described above, as relatively larger formation of BUE appears at the lower tested speeds 

compared to the highest tested speed. 

Table 3.6: Table 6 Tool isometric microscope images showing BUE 

Cutting 

Speed 

(vc) and 

Feed 

Rate (f) 

First Pass 50% Passes Complete Final Pass 

125 

m/min, 

0.075 

mm/rev 
   

125 

m/min,  

0.1 

mm/rev 
   

150 

m/min, 

0.075 

mm/rev 
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150 

m/min,  

0.1 

mm/rev 
   

175 

m/min, 

0.075 

mm/rev 
   

175 

m/min,  

0.1 

mm/rev 
   

Images displaying the progression of flank wear at the same stages as the previous 

table for BUE are shown in Table 3.7. Flank wear is produced by the process of abrasion 

which develops through the frictional contact between the hard particles in both the tool 

and workpiece materials [38]. These images also show a presence of groove wear 

beginning to form as speeds increase, most prominently seen at 175 m/min and 0.1 mm/rev. 

Groove wear appears due to high temperatures that arise due to the flow of chip material 

along the cutting edge [36], therefore it is expected that higher speeds creating in higher 

temperatures will create larger groove wear. 
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Table 3.7: Table 7 Flank wear microscope images 

Cutting 

Speed 

(vc), 

Feed 

Rate (f) 

First Pass 50% Passes Complete Final Pass 

125 

m/min, 

0.075 

mm/rev 
   

125 

m/min,  

0.1 

mm/rev 
   

150 

m/min, 

0.075 

mm/rev 
   

150 

m/min,  

0.1 

mm/rev 
   

175 

m/min, 

0.075 

mm/rev 
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175 

m/min,  

0.1 

mm/rev 
  

 

In order to evaluate how the average surface roughness changes as the total cutting 

distance of the tool increases, Ra was plotted along cutting distance as shown in Figure 3.6. 

This plot shows the average measured Ra at each stage along the cutting distance with error 

bars representing standard error between the two tests where n = 2. Similarly to the previous 

plot for flank wear in Figure 3.5 (a), some data points do not have error bars due to unequal 

number of passes required for the tool to reach the failure point between the repeated tests.  

For the majority of tests, it appears there is an initial rapid increase in Ra earlier in the total 

cutting distance, followed by a stage where the Ra remains relatively constant for some 

cases like 125 m/min and 0.075 mm/rev; or increases at various rates like 175 m/min and 

0.1 mm/rev. Additionally, the results show the standard error between each set of repeated 

tests appears significantly greater at the higher feed rate levels of 0.1 mm/rev, most 

noticeably at 125 m/min. This indicates the variability of the produced Ra is the greatest at 

lower cutting speeds and higher feed rates. It is also known the diameter of the workpiece 

will have an impact on the surface roughness, which variable diameters were used for each 

set of cutting tests. Further analysis of the effect of diameter and itôs relationship on Ra 

with tool wear is analysed in Part B in Section 3.3.2.3. 

Groove 
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Figure 3.6: Fig. 6 Average Ra vs cutting distance 

It can also be discerned that along the life of the tool, there is a larger increase in 

the surface roughness at higher cutting speeds and feed rates compared to the lower values 

of both parameters. This is expected as the tool is wearing faster at the increased parameter 

levels; however, this finding is compelling as Ra appears to be more likely to remain 

relatively consistent at lower cutting speeds and feed rates.  

As per the framework set in [34], the relationship between Ra and the machining 

parameters are evaluated. In this current study, flank wear and total cutting distance of the 

tool are included for analysis. First, Pearsonôs Correlation Coefficient (PCC) is used to 

review the linear correlation between Ra and the variables selected, as shown in Figure 3.7. 

PCC evaluates the strength of the linear correlation between two variables, where 0 

indicates no correlation and |1| indicates a strong correlation; however, it must be noted if 
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there is not a strong linear relationship this does not automatically indicate there is no 

relationship at all [39]. 

 

Figure 3.7: Fig. 7 Pearson's correlation coefficient matrix for Ra, machining parameters and cutting distance 

The results of this study show there is a strong positive correlation between Ra and 

flank wear. This is expected as it is known that surface roughness will worsen with 

increasingly worn tools. ñStarting Flank Wearò indicates the flank wear of the tool 

measured at the end of the previous pass, otherwise known as the flank wear the tool starts 

out with before the next pass is completed. The variable ñFlank Wearò indicates the flank 

wear measured at the end of the cutting pass. Both of these values were included with the 

objective of determining if there was a significant difference in the relationship of Ra with 

the tool wear at the starting and the end of the pass; however, these results indicate the 

relationship is nearly the same.  
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 Total cutting distance (LT) was included to quantify the relationship between Ra 

and the total cutting distance the tool has travelled, which was plotted previously in Figure 

3.6. Total cutting distance can be calculated as the sum of the cutting distance per pass (l 

from Eq. 3.1) over the number of passes completed. Both ñStarting Total Cutting Distanceò 

and ñTotal Cutting Distanceò are included similarly to the analysis for flank wear described 

above, indicating the total cutting distance endured by the tool when the pass begins vs at 

the end. The PCC results demonstrate the same weak-to-moderate positive relationship of 

about 0.4 for both variables. This value is expected based on the previous plotted results, 

as there was variability regarding the rate of increase in Ra with cutting distance between 

the cutting parameters. 

 Lastly, cutting speed was observed to have very little to no correlation with Ra, and 

feed rate had a slightly stronger positive correlation, though relatively weak with a 

correlation coefficient of about 0.24. The very little to no correlation with cutting speed is 

similar to what was observed in the previous study by the authors for AISI 316 [34]. The 

positive correlation coefficient of 0.24 with feed rate in this current study is much lower 

compared to 0.8 for AISI 316 in [34]. This can be attributed to the difference in 

experimental cutting conditions, as in the previous study only new cutting edges were used, 

whereas in this current study tool wear is progressing which results in variable surface 

roughness as the feed rate remains constant. 

 These relationships were additionally evaluated using analysis of variance 

(ANOVA), which the results are shown in Table 3.8. In ANOVA, a p value of 0.05 or less 

indicates significant influence of that parameter on the output response [40]. The p values 
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for all evaluated input parameters are less than 0.05, therefore they all have significance 

relative to Ra. 

The percent contribution (PC) represents the ratio of the sum of squares for each 

parameter to the total sum of squares [9], [34].  Based on the PC metric, flank wear and the 

starting total cutting distance have a significant contribution to Ra, especially compared to 

the smaller impact of cutting speed and feed rate. These results do not diminish the need to 

include cutting speed and feed rate as factors in surface roughness prediction modelling, 

but rather enforces the importance of including tool wear as an input factor in Ra prediction 

modelling. 

Table 3.8: Table 8 ANOVA results for Ra, machining parameters and cutting distance 

Parameter 
Sum of 

Squares 
p value PC (%) 

Cutting Speed, vc 0.52 8.37 x10-4 2.23% 

Feed Rate, f  0.23 1.08 x 10-2 1.01% 

Flank Wear, VB 6.71 1.52 x 10-31 28.88% 

Starting Total Cutting Distance, LT  1.41 1.43x 10-9 6.09% 

Error  7.82   33.68% 

Total 23.22   100.00% 

3.3.2 Part B: Surface Roughness Prediction Model 

3.3.2.1 Prediction Methodology 

As discussed in Section 3.1, the prediction framework from [34] is applied to this 

data set to create a fitness function that will be tested with various optimizing algorithms 

in Part C within Section 3.3.3. The prediction function is given by Eq. 3.2, where Ra,t is the 

theoretical component of the model, and Ra,r is the residual component [34]. 
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Ὑ  Ὑȟ  Ὑȟ (3.2) 

The benefit of this model is that it captures the physical mechanisms that generate 

the surface roughness and incorporates a machine learning model to predict the residual 

component that is difficult to capture using the physical relationships [34]. Therefore, this 

framework provides moderately explicable results while elevating accuracy compared to 

the physical model on itôs own. The calculations for the theoretical and residual 

components are discussed in Sections 3.3.2.2 and 3.3.2.3 respectively. 

3.3.2.2 Theoretical Surface Roughness Prediction 

The theoretical component of the model is calculated as per Eq. 3.3 below which is 

a function of feed rate (f, in mm/rev), tool nose radius (rŮ, in mm), and minimum 

undeformed chip thickness (hDmin, in mm approximated as 1/10th of the tool edge radius, 

rn, in mm) [34]. 
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(3.3) 

For each data point, the theoretical component (Ra,t) is calculated using Eq. 3.3, 

followed by the residual component (Ra,r) calculation using Eq. 3.2 with the nominal 

experimental value for Ra. The composition of the measured Ra values broken down into 

the theoretical and residual components are shown for each pass along the tool life for each 

test in Figure 3.8, Figure 3.9, and Figure 3.10 for the cutting speeds of 125 m/min, 150 

m/min, and 175 m/min respectively. In some cases, the residual component is negative due 

to the calculated theoretical component exceeding the measured value, therefore these 
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cases are shown as the notched red bars compared to the solid red bars for positive residual 

values, as per the plot legends. 

 

Figure 3.8: Fig. 8 Theoretical and residual composition of experimental surface roughness (125 m/min) 
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Figure 3.9: Fig. 9 Theoretical and residual composition of experimental surface roughness (150 m/min) 

 

Figure 3.10: Fig. 10 Theoretical and residual composition of experimental surface roughness (175 m/min) 
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At 125 m/min, it can be seen in Figure 3.8 that at the lower feed rate there is a 

higher negative residual value in the first few passes, whereas for the higher feed rate at 

the same speed, the residual value is much smaller in the first few passes. This phenomenon 

appears again in Figure 3.9 for the tests using cutting speed of 150 m/min, with the 

theoretical model performing near perfect predictions at 0.1 mm/rev for the first few passes. 

At 175 m/min in Figure 3.10, there is a similar ratio of the residual component in the first 

couple of passes at both levels of feed rate.  

For all levels of cutting speed, it is observed that as the tool wears, the residual 

value becomes higher, meaning the theoretical model does a continually worse job at 

predicting the roughness value. This is expected as the theoretical component is a function 

of only feed rate and the nominal tool nose and edge radii. As the tool wears, the tool radii 

will deviate from the nominal values, leading to increasing inaccuracy of the theoretical 

portion of the model. The initial and final worn values of the tool nose and edge radii were 

collected on an Alicona Infinite Focus G5 3D optimal microscope. The average initial edge 

radius of the tools used for testing was measured as 0.028 mm (nominal value is 0.03 mm) 

and the average initial measured nose radius was 0.805 mm (nominal value is 0.8 mm). 

The final average measured edge and nose radii were 0.019 mm and 0.868 mm respectively. 

When comparing the initial and final tool measurements, the edge radius decreased by 

approximately 32% on average, and the nose radius increased by an average of about 8% 

between all testing conditions. 

 For the theoretical model calculations, the nominal tool dimension values are used 

to eliminate the need for pre-cutting tool measurements due to intent for industry use of the 
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model. Model calculations for Ra were completed for the last pass of each cutting test using 

both the nominal tool radii and the final measured tool radii to determine how the 

composition of Ra between the theoretical and residual values changes as the tool wears. 

The percentage of the theoretical component relative to the nominal value for both 

scenarios are shown for each test in Figure 3.11. These results show that for all tests, the 

prediction of the theoretical component becomes worse as the tool wears when the worn 

measurements are used for prediction. As the tool wears, the minimum undeformed chip 

thickness as a function of edge radius decreases and the nose radius increases, resulting in 

both of these effects reducing the value of Ra,t based on Eq. 3.3. This result emphasizes the 

need to supplement the theoretical prediction with the data-driven residual component, 

which is discussed in Section 3.3.2.4. 
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Figure 3.11: Fig. 11 Ratio of theoretical values of experimental Ra for final pass of each test no. using nominal and 

final measured tool radii 

3.3.2.3 Residual Surface Roughness Prediction 

The residual Ra values for each test were calculated using Eq. 3.2, by subtracting 

the theoretical component from the nominal experimental values. The analysis and 

prediction of the residual following the framework by [34] requires the following steps: 

analysis of the relationships between the residual surface roughness and machining 

parameters, sensor data processing and feature extraction, feature selection using ANOVA, 

and prediction model training using an ensemble gradient boosted regression tree (GBRT) 

[34].  

The machining parameters, total cutting distance, and flank wear were analyzed 

relative to residual Ra using PCC and ANOVA, similar to the analysis in Part A Section 

3.3.1 with Ra as per [34]. The PCC matrix for residual Ra is shown in Figure 3.12. 
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Compared to the PCC results for Ra in Figure 3.7, there are some notable changes. The 

most significant change is the decrease in correlation of feed rate with the residual Ra 

values. This is expected as the contribution of feed rate towards the total Ra values is 

contained within the theoretical portion of the prediction model, therefore we expect there 

to be little correlation of the feed rate with the residual Ra, which is validated by the results 

in [34]. The relationships between residual Ra and flank wear (including the starting value), 

total cutting distance (including the starting value), and cutting speed all remain relatively 

similar to the total Ra values, with only a slight increase in the positive correlation with the 

flank wear and total cutting distance variables. 

 

Figure 3.12: Fig. 12 Pearson's correlation coefficient for residual Ra, machining parameters and cutting distance 

These relationships are also analyzed using ANOVA for comparison, which the 

results for residual Ra are shown in Table 3.9. Similar to the PCC results, the most notable 

change with these relationships with residual Ra is the feed rate. The p value for the feed 
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rate in the residual Ra ANOVA results is greater than 0.05, indicating that the feed rate is 

no longer significant relative to the residual Ra, similar to what was observed for the change 

in correlation coefficient. The percent contribution of the feed rate has also decreased to 

nearly 0%. The metrics for the other parameters relative to the residual Ra have not changed 

relative to the previous ANOVA for Ra, as expected based on the discussion above relative 

to the negligible change in PCC results. 

Table 3.9: Table 9 ANOVA results for Residual Ra, machining parameters and cutting distance 

Parameter Sum of 

Squares 

p value PC (%) 

Cutting Speed, vc 0.52 8.37 x 10-4 2.23% 

Feed Rate, f 0.05 0.24 0.21% 

Flank Wear, VB 6.71 1.52 x 10-31 28.88% 

Starting Total Cutting Distance, LT 1.41 1.43 x 10-9 6.09% 

Error  7.82 - 33.68% 

Total 22.01 - 13.43% 

The next step as per the framework is data processing and feature extraction. 

MATLABÉ R2023a was used for the remaining work in sensor data processing and 

prediction modelling. As noted in Section 3.2, a dynamometer collected force data in the 

x, y, and z directions, an accelerometer collected vibration data in the cutting direction, and 

a current sensor collected spindle current data. Prior to calculation of statistical features for 

use in prediction modelling, the raw sensor data required processing in order to capture the 

relevant cutting data. The process in [34] was followed for data processing, which included 

trimming of the lead in and exit cutting sections, outlier removal, DC component removal, 

and computing the fast Fourier transform (FFT).  
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As per Eq. 3.4, the goal of this section is to formulate the prediction of Ra,r as a 

function of cutting speed (vc), diameter (D, *if selected in the feature selection process), 

selected sensor data features (zi), and the starting total cutting distance of the tool (LT). Note 

that depth of cut is removed as an independent variable from this equation as used in [34], 

as it remained constant within this current data set. The total cutting distance of the tool is 

added into the prediction model within this study to include an indicator of the relative state 

of the tool wear, in order to achieve the second objective. This specific prediction model 

does not include a tool condition monitoring system, therefore when used by an operator 

in industry, they may not know the tools exact level of flank wear without having to incur 

additional time for manual tool wear measurement. Accordingly, the total distance cut by 

the tool is used as an approximator for the relative range of wear the tool has prior to the 

next cut being completed. This value is simple for an operator to track, as it is the sum of 

total cutting distance per pass (L) over the number of passes completed, which is a function 

of length per pass (l), feed rate (f), and workpiece diameter (D) as per Eq. 3.1. Additionally, 

the PCC and ANOVA results demonstrated there is a moderate correlation between the 

starting total cutting distance of the tool and the residual Ra. 

Ὑȟ Ὢὺȟὒȟ Ὀᶻȟ ᾀ   (3.4) 

The feature extraction process entails calculation of a variety of time and frequency 

domain statistical features from the cleaned and processed sensor data that capture certain 

qualities of the signals, followed by normalizing using z-score normalization to enable all 

features to be on a similar scale for use in the machine learning prediction model. The 14 
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statistical features utilized as per the framework in [34] are calculated for the feature 

extraction step, which were selected by the authors in the previous study based on several 

examples of success in literature using these features to predict machining outcomes [34].  

 The feature selection process is required to ensure only the features relevant to the 

output are used as the inputs to the machine learning model, as redundant features can 

inhibit the performance of the prediction models by reducing accuracy and increasing 

computing time. This process is used to determine zi, as per Eq. 3.4. The feature selection 

process in this framework utilizes ANOVA which is classified as a filter-type method as it 

does not use the final prediction model performance in this process [34]. Any features with 

a resulting p value Ò 0.05 are deemed significant relative to the residual Ra data, and are 

therefore selected for prediction modelling, whereas the remainder are discarded. 

 The ANOVA results for feature selection are shown in Table 3.10. The results 

indicate 21 features are relevant for prediction of Ra,r, which is a significant improvement 

from the AISI 316 feature selection results from [34] where no sensor data features were 

deemed relevant for selection. This indicates that having a more comprehensive 

understanding of the tool life impact on the residual surface roughness improves the 

strength of the relationships between the residual Ra and the sensor data features. 
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Table 3.10: Table 10 Sensor data features selected using ANOVA 

Feature Sum of Squares p value 

FX standard deviation 10.637 2.55 x 10-54 

FX SMRA 2.389 2.55 x 10-22 

FY standard deviation 1.679 2.32 x 10-17 

FX RMS 0.566 1.15 x 10-7 

ISP skewness 0.356 1.92 x 10-5 

FX max 0.344 2.58 x 10-5 

Diameter 0.337 3.13 x 10-5 

FY RMS 0.310 6.19 x 10-5 

FY mean 0.235 4.48 x 10-4 

FZ SMRA 0.190 1.54 x 10-3 

Acceleration MF 0.170 2.68 x 10-3 

FX CF 0.128 8.94 x 10-3 

FZ peak-to-peak 0.120 1.13 x 10-2 

FX MF 0.119 1.17 x 10-2 

ISP max peak (frequency domain) 0.114 1.35 x 10-2 

FZ mean 0.099 2.16 x 10-2 

FZ MF 0.095 2.40 x 10-2 

ISP kurtosis 0.094 2.47 x 10-2 

FX peak-to-peak 0.091 2.70 x 10-2 

Acceleration IF 0.081 3.67 x 10-2 

ISP standard deviation 0.073 4.78 x 10-2 

Comparing the selected features to the model developed in [34], majority of the 

features selected for the multi-material model were selected again in this study, including 

diameter. This validates the impact that diameter has on the surface roughness prediction, 

which will be practical for an operator to use as they can account for the effect of the current 

diameter of their workpiece within the model.  

 The final step for the residual prediction component is training of the machine 

learning model. As discussed, the model used in this framework is an ensemble GBRT 

which was selected in the previous study based on its versatility and strength in handling 

complex variable relationships [34], [41]. A full description on the model functionality can 
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be found in [34]. There are hyperparameters associated with this model that affect the 

accuracy and computational cost. In order to determine the best parameters for the data set, 

the hyperparameters were optimized using Bayesian optimization strategy within the 

MATLABÉ Regression Learner App to minimize the mean-square error (MSE) for 

predictions, with k-fold cross validation incorporated using a k value of 5 to avoid 

overfitting [34]. The optimized hyperparameters can be seen in Table 3.11, and the 

minimum MSE plot can be seen in Fig. 13. 

Table 3.11: Table 11 Ensemble gradient boosted regression tree optimization of hyperparameters 

Hyperparameter Search Range Optimal Value 

Minimum leaf size 1-113 24 

Number of learners 10-500 254 

Learning rate 0.001-1 0.257 

Number of predictors to 

sample 

1-23 23 

The hyperparameter optimization process was run for 300 iterations which shows 

the MSE converging after 200 iterations. Comparing the optimal hyperparameters to the 

previous study, a higher learning rate is recommended at 0.257 compared to 0.0293 in the 

previous model [34]. A higher learning rate indicates a larger step size in the gradient 

descent function [41], therefore this updated model is expected to have a relatively faster 

computational time. 
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Figure 3.13: Fig. 13 Ensemble gradient boosted regression tree optimization of hyperparameters minimum MSE 

3.3.2.4 Prediction Results 

For evaluation of the full Ra prediction model, an 80%/20% ratio is used to 

randomly split the experimental data into training and testing data sets respectively. The 

distribution of experimental Ra values in the training and testing data sets is shown in 

Figure 3.14. 
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Figure 3.14: Fig. 14 Distribution of average Ra for training and testing data 

The testing results for measured vs. predicted Ra are shown in Figure 3.15. Within 

this plot, the closer the observations fall to the ñPerfect Predictionò line, the better the 

model has performed. This plot shows that many of the predictions fall on or very close to 

the perfect prediction line, indicating the model is performing well. The clustering of data 

is attributed to the normal distribution of the data set, as seen in Figure 3.14. 
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Figure 3.15: Fig. 15 Testing results for predicted Ra vs. measured Ra 

The testing predicted Ra values relative to the limits set using ASME B46.1-2019 

are shown in Figure 3.16. Note that the data is sorted by relative magnitude of Ra for ease 

of viewing. This plot applies the ASME B46.1-2019 standard for surface texture to set 

upper and lower constraints at 83% and 112% of the nominal experimental values [37]. 

This allows the user to set a range where the predicted Ra values could be deemed 

acceptable, as used in [34]. During testing, was found that 87% of the predicted values 

were located within the upper and lower limits, which is a significant improvement from 

the 70% and 50% results of the multi-material and the AISI 316 models respectively in 

[34]. These results demonstrate that the prediction model framework can be improved by 

considering the full life of the tool, and through the use of an indicator of tool wear by the 

total cutting distance of the tool. 
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Figure 3.16: Fig. 16 Testing results for predicted Ra relative to upper and lower limits based on ASME B46.1-2019 

Additional metrics to evaluate model performance are shown in Table 3.12. As 

expected, based on the learning rate, the training and testing time is improved compared to 

the models in the previous study [34]. As well, all metrics were found to be improved 

compared to the previous AISI 316 model in [34]. The RMSE, MSE, mean absolute 

percentage error (MAPE) all fall within competitive ranges compared to literature [6], [40], 

[41]. The R value quantifies the linear relationship between the predicted and measured 

values, where a value of 1 indicates a perfect fit. An R2 value conveys the variability of the 

response claimed by the predictors, which the goal is to achieve a value as close to 1 as 

possible [6]. Both of these metrics are approaching 1, and see a significant improvement 








































































