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Abstract 
 

This study examines the influence of cutting parameters on surface integrity, focusing on residual stress and 

surface roughness, in hot-forged and T6 heat-treated AA7075 components post-milling. Using the Taguchi L9 

DOE method, orthogonal cutting milling experiments were performed, with residual stress measured via non-

destructive X-ray diffraction (XRD). The analysis indicated that lower cutting speeds reduce residual stress, 

with down milling causing compressive and up milling causing tensile stresses. A proposed model showed a 

significant correlation between cutting force and residual stress—higher cutting forces increased residual 

stress. Surface roughness assessment revealed that feed rate greatly impacts residual stress, with lower feed 

rates reducing roughness. These insights will aid in developing a regression model for predicting outcomes in 

future experiments, enhancing the understanding and control of surface integrity in milling AA7075 

components. 
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1. Introduction 
 

Surface integrity is crucial for defining a workpiece's operational capabilities, with residual stress being a 

significant influencing factor. Residual stresses affect properties such as fatigue life, corrosion resistance, and 

dimensional stability. Thus, comprehending machining and overall part quality necessitates an understanding 

of the residual stress induced during machining [1]. These stresses can be beneficial, like compressive residual 

stresses enhancing fatigue life and resistance to stress corrosion cracking, or detrimental, like tensile residual 

stresses reducing these properties and causing premature failure. Understanding residual stresses generated by 

machining processes is essential for optimizing machining parameters and improving part quality. Studies have 

highlighted the importance of optimizing cutting parameters to control residual stress profiles. Residual 

stresses induced by processes like turning and milling significantly influence the mechanical properties and 

performance of machined components, making their accurate prediction and control vital for high-performance 

applications. The presence of residual stresses can either enhance or detrimentally affect the functional 

behaviour of machined components. Depending on the process parameters used, the residual stresses left over 

from the machining process may be compressive or tensile [2]. Researchers have conducted extensive 

numerical analyses and experimental investigations to elucidate the correlation between residual stresses and 

cutting parameters in machining operations such as milling, turning, and hole drilling [3-4]. 

Yi et al. [5] investigated the influence of various milling parameters on residual stress in 7075-T7451 

aluminum alloy. The study utilized orthogonal experiments to assess the effects of milling speed, feed per 

tooth, milling width, and cutting depth on the residual stress distribution. The most influential cutting 

parameter found was the feed per tooth (fz), which significantly affected the residual stress in both the feed 

direction and the vertical direction of feed during milling. Surface integrity studies on 7075 aluminium alloy 

after high-speed end milling, such as those conducted by Cai et al.[6], revealed that higher cutting speeds 

improve surface quality but also increase residual tensile stresses. Their work employed surface roughness 

measurements and X-ray diffraction to analyze the stress patterns, emphasizing the trade-off between surface 

finish and residual stress management. 

With the advancement of technology, achieving quick results in fields such as automotive and aerospace 

industries, ideally at the lowest possible cost, provides significant advantages. For the numerical evaluation of 

residual stress, a challenging phenomenon to measure and predict, many methods have been developed, 

including destructive and non-destructive techniques.[7] A common aspect of both destructive and non-



Proceedings of 12th UTIS International Congress on Machining  

1-3 November 2024 / Juju Premiere Palace Hotel Kemer, Antalya, Türkiye 

488 

 

destructive residual stress measurement methods is the necessity of specific sample preparation and setup 

times, which are generally high-cost processes. Due to the high production costs in industrial applications, 

non-destructive methods like XRD are more popular [8,9,10]. Therefore, predicting residual stress without the 

need for these methods is highly important. Finite Element Method (FEM) applications require substantial 

academic background and the licenses for FEM software are very expensive, making numerical calculations 

like regression the most suitable methods for industrial applications. Utilization of machine learning algorithms 

such as Support Vector Machines (SVM) in regression problems is one of the most popular numerical methods. 

Residual stresses induced by machining processes significantly impact the mechanical properties and 

performance of components. Support Vector Regression (SVR) has been extensively utilized for predicting 

these stresses, offering valuable insights for optimizing machining parameters. Hashemitaheri et al.[11] 

developed SVR models to predict maximum tool temperature and specific cutting force using a dataset of 196 

samples, achieving high accuracy with mean squared error (MSE) values of 0.0015 and 0.0012 for training 

and testing data, respectively. Wang et al. [12] applied least squares support vector machines (LS-SVM) to 

predict surface roughness in the precision turning of lenses. They used chaotic particle swarm optimization 

and leave-one-out cross-validation on a dataset comprising turning parameters and 10 validation experiments. 

This method yielded an R² of 0.99887 and a mean absolute percent error (eM) of 8.96%. Additionally, 

Buyrukoğlu and Kesriklioğlu [13] employed SVR models to predict residual stresses in the turning of Inconel 

718 and Ti6Al4V alloys, with sample sizes of 97 and 91, respectively. These models provided reliable 

predictions, highlighting the need for optimizing hyperparameters to achieve high accuracy. Collectively, these 

studies underscore the effectiveness and versatility of SVR in various machining and predictive applications, 

ensuring precise control over machining outcomes and enhancing overall process efficiency. 

Previous studies in the literature have primarily focused on workpieces with simple geometric shapes that are 

not suitable for industrial conditions and do not include both hot forging and heat treatment. Additionally, 

predicting residual stress often involved conducting a large number of experiments to enable machine learning, 

which is not feasible in terms of cost and time for industrial conditions. Therefore, in this study, unlike the 

literature, a product from the automotive industry with a complex geometry, which has undergone hot forging 

and aging heat treatment, is used as the workpiece. Moreover, differing from the literature, the Taguchi L9 

experimental design and Support Vector Regression method are employed to predict the residual stresses that 

may occur with different cutting parameters using a minimal number of experiments. 

The main aim of this research is to examine how cutting parameters affect surface integrity, including residual 

stress and surface roughness, in hot-forged and T6 heat-treated AA7075 components after milling processes. 

The findings, such as cutting force, residual stress, and surface roughness, were utilized to develop a regression 

model for predicting future experiments. To understand the influence of cutting parameters, the non-

destructive technique of X-ray diffraction was chosen to measure residual stress due to its efficacy in analyzing 

the impacts of cutting parameters on CNC milling experiments. 

 

 

2. Materials and Methods 
 

The material employed for the workpieces in this investigation was AA7075-T6, forged at the Birinci Otomotiv 

hot forging plant and its chemical and mechanical parameters are shown in Tables 1 and 2, respectively. Every 

sample was hot forged and T6 heat treated to provide similar cooling conditions, microstructure, and 

mechanical characteristics. The mechanical characteristics and chemical composition were determined by 

experiments. 
 

 

 

 

Element Si Fe Cu Mn Zn Cr Ti Al 

Content % 0.140 0.241 1.54 0.106 4.86 0.190 0.031 90.5 

Table 1 Chemical compositions of the AA7075-T6 material 
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Ultimate 

Tensile 

Strength 

(MPa) 

Yield 

Strength 

(MPa) 

Elongation 

(%) 

Young 

Modulus 

(GPa) 

Hardness 

(HBW) 

Thermal 

conductivity, 

W/(m K) 

Specific 

heat 

capacity, 

J/(kg K) 

540 476 11 71.7 170 130 0.960 

Table 2 Physical and mechanical properties of the AA7075-T6 material 

 

2.1 Experimental Methods 
 

The machining experiments were conducted using vertical CNC machining center, specifically the Spinner 

VC-650 model, with a maximum spindle speed of 8000 rpm. The machining center, with a power rating of 

16.5 kW, features an SK40 taper where a milling cutter was mounted. The experimental setup is illustrated in 

Figure 1. The work piece is secured to a fixture (as illustrated in Fig. 1 (b)) that is placed on top of a Kistler 

dynamometer (Type 9272) for measuring cutting forces. The selected face milling cutter for this study had a 

diameter (D) of 63 mm, with the specification İSCUR HM90 FAL-D063-27-16. The cutter was equipped with 

3 evenly distributed carbide inserts, each having the specification HM90 APCR 160508R-P, only the face of 

the shaft was machined as shown in figure 3. 
 

 
Figure 1: Schematic illustration of cutting force measurement experimental setup 

 

A schematic representation of the center-face milling process is shown in Fig. 2. Here, f is the feed rate 

(mm/rev) and is calculated according to Eq 1, where 𝑓𝑡 is the feed per tooth (mm/tooth) and z is the number of 

teeth of the tool, in our experiments the tool has 3 teeth (inserts) as mentioned before. n is the spindle speed 

and is used to calculate the cutting speed according to Eq 2. 

 

𝑓 = 𝑓𝑡 . 𝑧                         (1) 

 

𝑉𝑐 = 𝜋.𝐷. 𝑛                        (2) 
 

The Taguchi method, employed as a design of experiments technique, aims to model, and analyse the influence 

of various parameters on the surface roughness and surface residual stresses of machined components. By 

utilizing orthogonal arrays design, this approach effectively reduces the number of experiments required by 

distributing variables in a balanced manner. Consequently, the necessary number of experiments is 

significantly decreased. In this study, the experiment was designed using the Taguchi L9 method, considering 

three factors: cutting speed, feed, and depth of cut, each investigated at three distinct levels, as shown in Table 

3. It is known that in industrial applications, high feed rates and high depths of cut are used to reduce machining 

time, and the cutting parameters in this study closely align with those used by Birinci Otomotiv A.Ş, a company 

that carries out industrial applications in the automotive industry. All cutting tests in this research were 
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conducted under dry conditions. The milling of aluminium alloy workpieces took place in the environment 

depicted in Fig. 1. The milling process consisted of a single pass for each specimen, with a new insert used in 

each experiment. To observe the effect of milling direction, all experiments were conducted using up milling, 

except for experiment No. 1, which was performed using down milling. 
 

Experiment 
# 

Cutting 
Speed 

(m/min) 

Feed per 
tooth 

(mm/tooth) 

 Depth of 
Cut (mm) 

 

1 150 0.1  0.5  
2 150 0.2  1  
3 150 0.3  1.5  
4 250 0.1  1  
5 250 0.2  1.5  
6 250 0.3  0.5  
7 350 0.1  1.5  
8 350 0.2  0.5  
9 350 0.3  1  

Table 3 Milling Parameter Set 
 

 

 
Figure 2: Schematic representation of the center-face milling 

 

2.2 Residual Stress and Roughness Measurements 

 

Residual stresses in the machined components were measured using the X-ray diffraction technique, a well-

established non-destructive method that provides detailed information about the stress state within crystalline 

materials. XRD measures the spacing of crystal planes, which changes under the influence of residual stresses. 

The diffraction pattern obtained is used to calculate the strains and, subsequently, the stresses within the 

material. XRD is particularly suitable for measuring residual stresses because it can precisely determine the 

elastic strain by measuring the spacing between crystal planes (d-spacing) which is shown in fig 3. When a 

polycrystalline material undergoes elastic deformation, the strain is uniformly distributed over a substantial 

distance. This causes the lattice spacing within individual crystals to shift from its stress-free value to a new 

value, which is dictated by the applied stress. This process is explained by Bragg’s law [6] 

This measurement is based on Bragg's law which is defined in Eq. 3, which relates the angle at which X-rays 

are diffracted by the crystal planes to the distance between these planes. The basic principle involves directing 

X-rays at the material and measuring the angles and intensities of the diffracted beams. The changes in the 

diffraction angle provide information about the strains in the crystal lattice. 
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nλ = 2dsinθ                 (3) 

 

here, n signifies the diffraction order, λ refers to the wavelength of the X-rays, d denotes the distance between 

the planes in the crystal lattice, and θ is the angle at which diffraction occurs. 
 

 

 

Figure 3: Diffraction of X Ray Beams by a Crystal Lattice. 
 

The residual stress measurements were carried out using a diffractometer equipped with a Cu-Kα radiation 

source, which is commonly used for stress analysis due to its suitable wavelength for many engineering 

materials. The XRD equipment was calibrated using a stress-free reference sample to ensure accuracy. 

Measurements were taken at different teta (θ) angles to determine the variation in lattice spacing and calculate 

the stress tensor components [15,16] The fundamental equation used for determining macro residual stresses 

from diffraction measurements can be found by employing the principles of Hooke’ s elasticity theory in 

references [14,10,17,18,19] 
 

εϕΨ =
1+ν

E
(σ1cos

2𝜙 + σ2sin
2𝜙)sin2𝛹 −

−𝜈

𝐸
(𝜎1 + 𝜎2)        (4) 

 

σϕ =
E

(1+ν)sin2𝛹
(
𝑑𝛹−𝑑𝑛

𝑑𝑛
)          (5) 

 

 

In this equation, 𝜀𝜙𝛹 represents the strain at the (ϕΨ)  orientation, as defined in Figure 4. The term 𝑑𝛹  refers 

to the interplanar spacing measured in the stressed sample for the (ϕΨ) orientation, while 𝑑0  indicates the 

stress-free interplanar spacing. The stress tensor is denoted by 𝜎𝜙, and ν and E represent the Poisson's ratio 

and the Young's modulus of the material, respectively. 

 

To construct the complete residual stress tensor in the plane of the newly created surface, measurements were 

obtained at three ϕ angles: 0°, 45°, and 90°. The normal stress (strain) for each ϕ angle was determined using 

the standard sin2𝛹 method. Then, the normal tensor coordinate transformation rules were utilized to compute 

the entire biaxial stress field (𝜎𝜙𝜃, 𝜎𝜃𝜃, 𝜏𝜙𝜃) on the newly formed workpiece surface within its coordinate 

framework. [20] 
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Figure 4: Schematic diagram of the principal stresses [16] 
 

X-ray diffraction was utilized to evaluate the residual stress on the upper surface of the component depicted in 

Figure 5. The residual stress resulting from machining was measured using a Stresstech XStress 3000 G2R X-

ray diffractometer, which employed radiation with a 3 mm diameter spot size. XRD measurements were 

conducted at a distance of 10 mm from the part's center. Residual Stresses in both Axial and Hoop direction 

was measured. After the stress measurement, Ra surface roughness values were measured using the Mitutoyo 

SJ 400 surface roughness measurement device, and the measurements are indicated in Table 5. 
 

 

 

X-ray 
Diffraction 
Parameter 

Device 
Model 

Radiation Filter 2Ɵ Miller 
Indices 
[h k l] 

Penetration 
Depth (est.) 

Collimato
r Size 

Specification/V
alues 

XStress 
3000 
G2R 

Cr - Kα No 
Filter 

156.7° [2 2 2] ~ 20.0 μm 3 mm 

Table 4 X-ray Diffraction Parameter 

 

 

Figure 5: XRD Measurement sample for CNC milled for Exp. #7 
 

2.3 Support Vector Regression Principle 
Support Vector Regression (SVR) is a supervised learning algorithm derived from the Support Vector 

Machine (SVM) framework, initially developed for classification tasks. SVR extends the principles 

of SVM to regression problems, providing a robust method for function estimation in high-

dimensional spaces. The fundamental idea behind SVR is to find a function that approximates the 

given data with a predefined accuracy, balancing model complexity and prediction accuracy. 

The SVR algorithm operates by mapping the input data x into a higher-dimensional feature space 

𝜑(𝑥) through a kernel function. This transformation enables the algorithm to handle complex, 
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nonlinear relationships between the input and output variables. In the feature space, a linear regression 

model is constructed, which can be expressed as: 

 

𝑦 = 𝜔𝑇𝜑(𝑥) + 𝑏             (6) 

 

where ω represents the weight vector, and b denotes bias term. SVR aims to determine the optimal ω 

and b that minimize the prediction error, ensuring that deviations from actual targets are within an 

acceptable margin ε. This objective is achieved by solving the following optimization problem:[20] 

 

min (ω, b, ξ, 𝜉∗)=
1

2
𝜔𝑇𝜔+ 𝐶(∑ 𝜉𝑖

𝑁

𝑛=1
+∑ 𝜉𝑖

∗
𝑁

𝑛=1
)          

(7) 
Subject to: 

𝑦
𝑖
−𝜔𝑇𝜑(𝑥𝑖) − 𝑏 ≤ 𝜀 + 𝜉𝑖            (8) 

𝜔𝑇𝜑(𝑥𝑖) + 𝑏 − 𝑦𝑖 ≤ 𝜀+ 𝜉𝑖
∗
             (9) 

𝜉𝑖, 𝜉𝑖
∗ ≥ 0                        (10) 

 

Here, 𝜉𝑖 and 𝜉𝑖
∗ are slack variables allowing deviations beyond ε and C is a regularization parameter controlling 

the trade-off between model complexity and tolerance of deviations. Fig. 6 represent these notations and 

represent the transformation of kernel functions. Smaller values of ‖𝜔‖ contribute to the flatness of the 

estimated regression function, thereby reducing overfitting and complexity. The parameter C is crucial as it 

balances the trade-off between maintaining a flat regression function and allowing deviations within the margin 

ϵ\epsilonϵ. Proper selection of C is essential: a high value of C can lead to overfitting, while a low value may 

result in significant prediction errors.[21] 

 

 
Figure 6: Kernell Function Transformation [23] 

Additionally, the Karush–Kuhn–Tucker (KKT) conditions are employed to solve the nonlinear optimization 

problem and estimate the parameters ω and b. The solution to the regression problem is given by: 

 

𝑦 = ∑ (𝛼𝑖−𝛼𝑖
∗)

𝑁

𝑖=1
𝐾 (𝑥𝑖, 𝑥)  + 𝑏                    (11) 

 

where α and 𝛼∗ are the Lagrange multipliers, and K (𝑥𝑖 , 𝑥) is the kernel function used to map the input data 

into the higher-dimensional space. Commonly used kernels include the radial basis function (RBF) and 

sigmoidal kernels. Selecting the appropriate kernel type and parameters, along with the values for C and ε, is 

critical for the performance of the SVR model. 

In this research, SVR was used to predict residual stresses resulting from different machining parameters, such 

as spindle speed, feed rate, cutting depth, and tool type. Experimental data from controlled machining tests 
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were used to train the SVR model, with the RBF kernel chosen for its ability to capture nonlinear relationships 

in the data. 

3. Result and Discussion 
 

There are many factors influencing the residual stress  of the milled surface, of which the most important ones 

are cutting speed (v), feed per tooth ( f ) , depth of cut (ap) but, in the practical milling process, there are 

complicated nonlinear mapping relationships between these machining factors and the workpiece surface 

integrity such as residual stress and surface roughness, thus it’s difficult to set regression model by mechanism 

analysis of milling process. 

In this research, the experimental results obtained using the Taguchi L9 design are detailed in Table 5. A 

dynamometer was used to measure forces, and the moving average method was employed to compute the 

maximum force values in the X, Y, and Z directions. This method involved selecting 100 random points from 

the complete dataset to determine the maximum force values, which are summarized in Table 5. Also, in the 

table 5, the force measurements in the Y-axis, which is the feed direction, are observed to be higher compared 

to the force measurements in the X and Z axes. In the first three experiments with the lowest cutting speed of 

150 m/min, it is observed that as the feed per tooth and depth of cut increase, the Fy max values significantly 

rise. Specifically, Fy max increases from 42.15 N to 742.8 N as the feed per tooth increases from 0.1 mm/tooth 

to 0.3 mm/tooth and the depth of cut increases from 0.5 mm to 1.5 mm. This indicates a strong correlation 

between the increase in both feed rate and depth of cut with the cutting force in the feed direction. The force 

in the feed direction (Fy max) shows a substantial increase from Experiment 1 to Experiment 3 due to higher 

feed rates and greater depths of cut. 

 
 

 
Exp. 
No # 

     
Cutting 
Speed 

(m/min) 

Feed per 
tooth 

(mm/tooth) 

Depth 
of Cut 
(mm) 

𝑭𝒙𝒎𝒂𝒙 
(N) 

𝑭𝒚 𝒎𝒂𝒙     

(N) 
𝑭𝒛 max 

(N) 
𝑹𝒂 
(µ) 

Hoop 
Stress 
(MPa) 

Axial 
Stress 
(MPa) 

1 150 0.1 0.5 1.18 42.15 49.20 1.12 -108.7 -88.4 
2 150 0.2 1 8.88 461.9 58.58 4.21 84 88.5 
3 150 0.3 1.5 10.10 742.8 169.8 4.49 98.1 -58.8 
4 250 0.1 1 5.460 256.5 44.40 2.44 93.1 64.9 
5 250 0.2 1.5 7.022 428.1 78.61 2.3 73.4 49.7 
6 250 0.3 0.5 4.305 207.2 51.65 3.95 81.8 -16.8 
7 350 0.1 1.5 5.278 263.8 28.09 2.14 92.5 54.6 
8 350 0.2 0.5 2.657 127.3 22.55 4.1 98.1 62.3 
9 350 0.3 1 5.502 294.1 45.73 3.44 97.5 45.9 

Table 5 Milling Parameter Set 
 

Conversely, in the subsequent experiments with higher cutting speeds of 250 m/min and 350 m/min, a similar 

trend is noted. For instance, at a cutting speed of 250 m/min, Fymax increases from 256.5 N to 428.1 N when 

the feed per tooth increases from 0.1 mm/tooth to 0.2 mm/tooth. The Cutting forces of the second three 

experiment rise as the feed rate and depth of cut increase. However, when examining the experiments at the 

highest cutting speed of 350 m/min, it is noticeable that while the feed rate increases, the measured Fymax values 

also increase, but not as drastically as seen at lower speeds. For example, Fy max increases from 127.3 N to 

294.1 N as the feed per tooth increases from 0.2 mm/tooth to 0.3 mm/tooth. increase in cutting forces of the 

last three experiment is less pronounced compared to lower speeds. This suggests that while feed rate is a 

significant parameter affecting cutting force, its impact is somewhat mitigated at higher cutting speeds. 

Additionally, when the feed rate increases while the depth of cut decreases, such as in experiment 6 (cutting 

speed 250 m/min, feed per tooth 0.3 mm/tooth, depth of cut 0.5 mm), Fymax is observed to be 207.2 N, which 

is lower compared to other setups with higher depths of cut. This indicates that depth of cut has a more 

pronounced effect on cutting force compared to feed rate. Furthermore, as the cutting speed increases, the 

observed change in force due to feed rate variations becomes less significant, highlighting the complex 

interplay between these cutting parameters. 
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In this study, various regression models were applied to predict surface integrity parameters. The models 

employed included Support Vector Regression (SVR), Ridge (L2 Regularization), and Lasso (L1 

Regularization) regression models. The training and evaluation of these models were conducted using the 

Python programming language and the Scikit-Learn library. Each model was trained on 80% of the dataset 

and evaluated on a 20% test set. To assess the performance of the models, metrics such as Mean Squared Error 

(MSE), Mean Absolute Percentage Error (MAPE), and R-squared (R²) were utilized. 

Each model was further evaluated using the Leave-One-Out Cross Validation (LOO) method, which involves 

using each observation as test data while the remaining observations are used as training data. This approach 

allows for a more reliable assessment of the model's overall performance. At the end of the training process, 

the performance of each model on the test set was calculated, and the results were compared. Thus, in the 

milling operation mechanism, the relationship between cutting parameters, residual stress, and surface 

roughness was calculated with the help of a correlation matrix heat map, as seen in Figure 7. 

 

 

Figure 7: Correlation Matrix Heatmap for inputs and outputs of the regression analysis 
 

3.1 Regression Analysis of the Cutting Parameters and Residual Stress 
 

The impact of cutting parameters on residual stress was evaluated using Lasso, Ridge, and Support Vector 

Regression (SVR) models. The residual stresses measured were axial residual stress and hoop stress. Table 6 

summarizes the performance metrics of the regression models. Lasso regression resulted in a mean squared 

error (MSE) of 0.15 for axial residual stress and 0.07 for hoop stress, with mean absolute percentage error 

(MAPE) values of 13.1% and 15.5%, respectively. Ridge regression performed similarly, with an MSE of 0.15 

for axial residual stress and 0.06 for hoop stress, and MAPE values of 13.0% and 14.5%. The SVR model 

outperformed both Lasso and Ridge, achieving an MSE of 0.12 for axial residual stress and 0.06 for hoop 

stress, with MAPE values of 11.5% and 15.0% 
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Model 
MSE (Axial Residual 

Stress) 

MSE (Hoop 

Stress) 

MAPE (Axial Residual 

Stress) 

MAPE (Hoop 

Stress) 

Lasso 

Regression 
0.15 0.07 13.1% 15.5% 

Ridge 

Regression 
0.15 0.06 13.0% 14.5% 

SVR 0.12 0.06 11.5% 15.0% 

Table 6: Performance of Regression Models on Residual Stress 

 

The regression analysis highlighted the significant impact of cutting parameters on residual stresses. Higher 

cutting speeds generally resulted in lower residual stresses due to the thermal softening effect. Increased feed 

rates led to higher residual stresses, likely due to the greater mechanical load imposed on the material. Depth 

of cut was also a critical factor, with deeper cuts inducing higher residual stresses due to the increased material 

removal rate. As it seen in the figure 7, For the Hoop Stress, the most influential parameters are cutting speed, 

feed per tooth, and depth of cut respectively, for the axial stress the most influential parameters are depth of 

cut, feed per tooth and cutting speed respectively. 

 

3.2 Regression Analysis of the Cutting Parameters and Surface Roughness 
 

Surface roughness (Ra) was also predicted using Lasso, Ridge, and SVR models. The analysis showed that the 

cutting parameters significantly influenced the surface roughness of the machined components. Table 7 

presents the performance metrics of the regression models for surface roughness prediction. Lasso regression 

achieved an MSE of 0.18 and a MAPE of 12.7%. Ridge regression had an MSE of 0.17 and a MAPE of 12.2%. 

SVR again provided the best performance, with an MSE of 0.14 and a MAPE of 11.0%. 

Model MSE (Ra) MAPE (Ra) 

Lasso Regression 0.18 12.7% 

Ridge Regression 0.17 12.2% 

SVR 0.14 11.0% 

 

Table 7: Performance of Regression Models on Surface Roughness 

 

The regression analysis revealed that higher cutting speeds tended to improve surface finish, resulting in lower 

Ra values. Conversely, higher feed rates and deeper cuts generally resulted in increased surface roughness due 

to the higher mechanical load and increased cutting forces. As it is seen in the figure 7, the most influential 

parameters are feed per tooth, depth of cut and cutting speed respectively. 

 

3.3 Comparison of the Regression Methods 
 

Comparing the three regression methods, SVR consistently outperformed both Lasso and Ridge in predicting 

both residual stresses and surface roughness. The superior performance of SVR can be attributed to its ability 

to capture the nonlinear relationships between the cutting parameters and the output variables through the use 

of the radial basis function (RBF) kernel. 

Metric Lasso Ridge SVR  

MSE (Axial Stress) 0.15 0.15 0.12  

MSE (Hoop Stress ) 0.07 0.06 0.06  

MAPE (Axial Stress ) 13.1% 13.0% 11.5%  

MAPE (Hoop Stress) 15.5% 14.5% 15.0%  

MSE (Ra) 0.18 0.17 0.14  

MAPE (Ra) 12.7% 12.2% 11.0%  

Table 8: Comparative Performance of Regression Models 
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The practical implications of these findings suggest that SVR is the most suitable one among the three 

algorithms utilized for predicting machining outcomes in terms of residual stresses and surface roughness. This 

model's ability to accurately predict these parameters can help optimize the cutting process, leading to better 

surface integrity and performance of machined components. 

 

 

4. Conclusions 
 

In this comprehensive study, the effects of milling parameters on the surface integrity of hot-forged and T6 

heat-treated AA7075 components were systematically examined. Utilizing the Taguchi L9 experimental 

design, the investigation provided significant insights into the relationship between cutting parameters, residual 

stress, and surface roughness. 

 

• The study indicated that force measurements in the Y-axis (feed direction) were higher compared to 

the X and Z axes. For instance, in the first experiment, the Fy max value was 42.15 N, whereas Fx 

max and Fz max were 1.18 N and 49.20 N, respectively. As the feed rate and depth of cut increased, 

the forces also escalated, with Fy max reaching up to 742.8 N in the third experiment. 

• The findings revealed that cutting speed and feed rate are crucial factors influencing residual stress. 

Lower cutting speeds (150 m/min) and down milling conditions were found to reduce residual stress 

significantly. Down milling induced compressive residual stress, with values reaching as low as -108.7 

MPa, while up milling resulted in tensile stress, with values up to 98.1 MPa. The relationship between 

cutting parameters and residual stress can vary across different studies in the literature. Findings such 

as the reduction of residual stress with decreasing cutting speed are supported by the work of Mehmet 

E. Kara et al. on CGI material [14] and the study conducted by Yue, Qibin, et al. on 7075-T6 material 

[24]. The SVR, Lasso, and Ridge regression models were employed to predict these stress variations, 

with SVR showing the highest accuracy, achieving an MSE of 0.12 for axial residual stress and 0.06 

for hoop stress. 

• The analysis demonstrated that feed rate had the most substantial impact on surface roughness. Higher 

feed rates (0.3 mm/tooth) led to increased roughness, with Ra values ranging from 1.12 µm to 4.49 

µm. The regression models confirmed these observations, with SVR outperforming Lasso and Ridge. 

SVR achieved an MSE of 0.14 and a MAPE of 11.0% in predicting surface roughness. 

• By integrating experimental data and advanced regression techniques, a robust predictive model was 

developed. This model successfully correlated cutting parameters with residual stress and surface 

roughness, offering a valuable tool for optimizing milling operations. The correlation matrix heatmap 

illustrated in Figure 7 further validated these relationships, showing a strong correlation between 

cutting parameters and both residual stress and surface roughness. 

• The regression analysis using Lasso, Ridge, and SVR demonstrated that SVR is the most effective 

model among the three algorithms utilized for predicting residual stresses and surface roughness based 

on cutting parameters. The insights gained from this analysis can inform the optimization of milling 

processes, enhancing the quality and performance of machined AA7075 component. 

The practical implications of these findings are significant, providing a pathway to optimize milling parameters 

to enhance the surface integrity and performance of AA7075 components. By leveraging the predictive 

capabilities of the SVR model, manufacturers can achieve better control over machining outcomes, leading to 

improved component quality and operational efficiency. 

Future research could expand on this work by exploring other alloy systems and incorporating real-time 

monitoring technologies to further refine predictive models and machining practices. 
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