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Abstract  

Demands for improved surface quality in high-end components have increased the need for accurate surface-quality 

evaluation in CNC milling. To support surface-quality analysis, this study proposes an integrated framework combining 
surface topography simulation, roughness prediction, and roughness reliability analysis. First, the Z-Map algorithm is 

enhanced using particle swarm optimization (PSO) to improve the geometric fidelity and computational robustness of three-

dimensional surface topography simulation. Based on the simulation-generated data, a radial basis function neural network 
(RBFNN) surrogate model optimized by the improved butterfly optimization algorithm (IBOA) is established for surface 

roughness prediction. The proposed model achieves a coefficient of determination (R2) of 0.9994 on the simulation-generated 

dataset. Furthermore, 16 independent machining experiments are conducted to evaluate the model’s predictive capability 
under experimental conditions, achieving a Mean Absolute Percentage Error (MAPE) of 6.8%. Finally, the trained IBOA-

RBFNN model is combined with Monte Carlo (MC) simulation to establish a surface roughness reliability analysis 

framework. The results indicate that the proposed framework maintains good agreement with experimental measurements 
under the investigated milling conditions and provides a feasible approach for surface-quality evaluation under the current 

modeling assumptions. 
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Highlights 

• Improved Z-Map algorithm enables high-fidelity milling 

surface topography simulation. 

• An optimized RBFNN model is proposed for surface 

roughness prediction. 

• A roughness reliability model is proposed based on the 

established prediction model. 

• A four-factor, four-level L₁₆ orthogonal test validates the 

proposed method. 

 

1. Introduction 

The surface topography of mechanical components is formed 

through complex machining interactions and plays an important 

role in component performance and service life. As a key 

indicator of surface quality, surface roughness directly affects 

functional properties such as wear resistance and fatigue 

performance [1, 2]. Ball-nose end milling is widely used for 

machining complex surfaces in aerospace and other precision 

manufacturing fields [3]. However, the process involves highly 

coupled interactions between tool–workpiece engagement and 

machining parameters, including spindle speed, feed per tooth, 

and side tilt angle, which increases the difficulty of accurate 

surface topography simulation and surface roughness prediction. 

Although experimental approaches can provide direct 

observations, they are often time-consuming, costly, and limited 

in revealing the underlying surface-formation mechanisms. 

Under these conditions, an integrated framework combining 

surface topography simulation, surface roughness prediction, 

and roughness reliability analysis is needed to support surface-

quality evaluation under complex machining conditions. 

https://creativecommons.org/licenses/by/4.0/
http://doi.org/10.17531/ein/223920
https://orcid.org/0000-0001-8132-5744
https://orcid.org/0009-0006-6272-8795
https://orcid.org/0000-0001-5176-0104
https://orcid.org/0000-0001-5654-4005
https://orcid.org/0000-0001-5446-3658


 

Eksploatacja i Niezawodnosc – Maintenance and Reliability Vol. 29, No. 1, 2027 

 

1.1. Surface topography simulation 

Surface topography simulation is important for understanding 

the relationship between machining-process mechanics and 

surface quality. Existing simulation approaches can generally be 

classified into three categories: solid modeling methods, 

analytical methods, and discrete methods.  

Solid modeling methods represent material removal through 

Boolean operations between the tool sweep volume and the 

workpiece. Boz et al. [4] developed tool–workpiece 

engagement diagrams for three-axis, five-axis, and ball-nose 

milling and reported that a Parasolid boundary-representation 

solid model provided improved computational efficiency and 

geometric representation compared with a dexel-field discrete 

model.  

Analytical methods establish closed-form contact equations 

for surface-topography prediction. Zhang et al. [5] solved the 

cutting-edge trajectory using Newton iteration and achieved 

small geometric deviations without explicit tooth discretization. 

However, the convergence behavior of this method depends 

strongly on the initial estimates and may become unstable under 

complex dynamic-contact conditions.  

Discrete methods, particularly the Z-Map approach, 

discretize the workpiece into a height grid and determine the 

minimum intersection height among different tool positions. 

Chen and Wang [6] applied a Z-Map framework to dynamic 

cutting-force modeling with regenerative effects, while 

Teimouri et al. [7] employed Z-Map for combined milling–

rolling simulation. Although the conventional Z-Map method 

exhibits good robustness, it generally involves a trade-off 

between computational cost and geometric accuracy and often 

relies on path approximations, such as linear interpolation, 

which may reduce prediction accuracy for fine surface features. 

To improve the performance of conventional Z-Map methods, 

several enhanced variants have been proposed. Xu et al. [8] 

reduced global approximation errors by locating nodes inside 

swept quadrilaterals and applying local interpolation. Li et al. 

[9] employed Newton iteration to calculate residual heights 

instead of local interpolation. Xiao et al. [10] introduced  

a sequential quadratic programming (SQP)-based Z-Map 

framework to avoid explicit tool discretization. Zekalmi et al. 

[11] proposed several enhanced Z-Map-based algorithms 

(MOD1, MOD2, and MOD3) to improve the computational 

efficiency of surface topography simulation in 5-axis CNC 

milling. Guo et al. [12] combined dimension reduction with  

a quasi-Newton Broyden–Fletcher–Goldfarb–Shanno (BFGS) 

solver to improve boundary calculation in five-axis machining 

simulations.  

Despite these developments, many existing methods still 

rely on simplifying approximations to improve computational 

efficiency. As a result, stable and accurate solution of nonlinear 

tool–surface intersection equations remains an important issue 

in surface topography simulation. 

1.2. Surface roughness prediction 

Predicting surface roughness is a critical step toward actively 

controlling the quality of milled surfaces. Existing prediction 

approaches can generally be classified into three categories: 

theoretical modeling, design-of-experiments (DOE)-based 

methods, and artificial-intelligence (AI)-based methods [13].  

Theoretical models estimate surface roughness using tool 

geometry and machining kinematics. However, their prediction 

accuracy may decrease under practical machining conditions 

involving tool runout, deformation, vibration, and complex 

material behavior. DOE-based methods rely on experimental 

measurements and can provide effective predictions for specific 

machining conditions, but their applicability is often limited to 

predefined parameter ranges.  

AI-based prediction methods have therefore attracted 

increasing attention in recent years. Salgado et al. [14] 

introduced a least-squares support vector machine (LSSVM) 

model for turning that incorporated both process and vibration 

features. Dyan and Hao [15] developed a PSO-LSSVM model 

for high-speed milling prediction. Zhao et al. [16] proposed an 

ensemble support vector machine (SVM) model for ceramic 

grinding and reported reduced mean absolute error (MAE). Xu 

et al. [17] constructed an adaptive neuro-fuzzy inference system 

(ANFIS) model combined with an improved PSO algorithm for 

simultaneous prediction of energy consumption and surface 

roughness. Neural-network-based methods have also been 

widely investigated. Al-Armari et al. [18] compared  

a backpropagation (BP) neural network with linear regression 

models for surface roughness prediction. Zhang et al. [19] 

optimized BP neural networks using genetic algorithms (GA) 
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and PSO for GH4169 alloy machining. Peng et al. [20] reported 

that radial basis function (RBF) networks exhibited improved 

prediction stability and convergence behavior compared with 

BP networks in milling applications. Zhu et al. [21] compared 

BP, RBF, and support vector regression (SVR) models and 

found that the RBF model achieved comparatively lower 

prediction errors. Zhan et al. [22] further enhanced surface 

roughness prediction for cemented carbide machining by 

combining three-way regression analysis with RBF networks.  

Nevertheless, many existing intelligent prediction models 

consider only a limited number of machining parameters and do 

not fully account for coupled effects among process variables, 

such as tool radius and side tilt angle. In addition, most studies 

focus on planar milling conditions, whereas ball-nose milling is 

primarily applied to complex-surface machining. 

1.3. Surface roughness reliability 

Reliability analysis of surface roughness is important for 

evaluating the stability of surface quality under parameter 

uncertainty, but related studies remain relatively limited. One 

major difficulty arises from the highly nonlinear and implicit 

relationship between milling parameters and surface roughness, 

which complicates the construction of explicit limit-state 

functions. Consequently, conventional structural reliability 

methods, such as the first-order reliability method (FORM), the 

second-order reliability method (SORM), and direct MC 

simulation, may become computationally expensive when 

applied to such problems. 

A common strategy is to replace implicit limit-state 

functions with surrogate models to improve the efficiency of 

reliability estimation. Representative surrogate models include 

polynomial response surface (PRS) models, artificial neural 

networks (ANNs), RBF models, SVMs, and Kriging models 

[23]. Deng [24] proposed three RBF-based reliability 

approaches, namely RBF-MCS, RBF-FORM, and RBF-SORM, 

for implicit limit-state problems. Wang and Fang [25] 

developed a tunnel reliability analysis method by integrating 

adaptive RBF metamodels with FORM. Abbasianjahromi and 

Shoiaeikhah [26] combined ANN metamodels with MC 

simulation to analyze the reliability of steel connections and 

reported improved computational efficiency compared with 

direct simulation. Kriging-based reliability approaches have 

also been extensively studied. Barbosa and Rade [27] applied 

Kriging metamodels with FORM to rotor–bearing systems, 

while Luo et al. [28] introduced an active Kriging-based 

conjugate FORM method (AK-CFORM) and validated it using 

several numerical and engineering examples. In addition, Ding 

et al. [29] applied SVMs to the reliability assessment of 

hydraulic supports and discussed their applicability to small-

sample datasets. Chen et al. [30] combined SVMs with  

a similarity-selection strategy and a GA to develop a transient 

reliability method for landing-gear contact-stress analysis.  

Although surrogate-based reliability methods have been 

widely investigated, the application of optimized RBFNN 

surrogate models to milling-roughness reliability analysis 

remains relatively limited. In particular, few studies incorporate 

complex parameter interactions derived from surface 

topography simulation into reliability analysis frameworks. 

Therefore, further research is still needed to integrate surface 

topography simulation, surface roughness prediction, and 

roughness reliability analysis within a unified framework. 

To address the above research gaps, this study proposes an 

integrated framework for milled-surface-quality evaluation that 

combines improved Z-Map simulation, RBFNN-based 

roughness prediction, and roughness reliability analysis. The 

main contributions are summarized as follows: 

1) An improved Z-Map simulation framework 

incorporating PSO-based nonlinear tool–workpiece 

intersection solving is developed for surface topography 

generation. Compared with interpolation-based and 

Newton-type approaches, the proposed framework 

exhibits improved convergence behavior in complex 

multi-solution conditions. A full-factor experimental 

design involving four machining parameters is further 

employed to generate 256 surface topography datasets 

for subsequent surface roughness prediction and 

roughness reliability analysis.  

2) An IBOA-optimized RBFNN surrogate framework is 

established for surface roughness prediction using 

deterministic simulation-generated datasets. Chaotic 

initialization and adaptive inertia weighting are 

introduced to improve optimization performance. 

Comparative studies with Whale Optimization 
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Algorithm-based RBFNN (WOA-RBFNN), Pelican 

Optimization Algorithm-based RBFNN (POA-RBFNN), 

Northern Goshawk Optimization-based RBFNN (NGO-

RBFNN), and standard RBFNN models are conducted to 

evaluate model performance under the simulation 

dataset. 

3) A coupled IBOA-RBFNN-MC framework is developed 

for probabilistic roughness reliability analysis. By 

combining surrogate modeling with MC simulation, the 

proposed framework enables probabilistic sampling and 

analysis of the influence of machining-parameter 

fluctuations on surface roughness reliability. 

Table 1 summarizes the differences between the proposed 

framework and existing methods. 

Table 1. Comparison between existing methods and the proposed method. 

Aspect Existing methods Proposed method Key novelty 

Z-Map enhancement 

Newton-, SQP-, or BFGS-based gradient 

solvers; often relying on local linearization 
and initial guesses [9, 10, 12] 

PSO-based tool–surface 

intersection solving 

Derivative-free global optimization, 
reduced sensitivity to initial guesses, and 

robust convergence for strongly nonlinear and 

multi-modal tool–workpiece contact problems. 

Roughness prediction 
LSSVM,  PSO-LSSVM, GA-BP, PSO-BP 

and standard RBFNN [14, 15, 18-22] 
IBOA-optimized RBFNN 

Chaotic initialization combined with 

fitness-adaptive inertia weighting, enabling an 

adaptive exploration–exploitation transition 
during RBFNN parameter optimization. 

Reliability analysis 
RBF-FORM, RBF-SORM, and Kriging-

based reliability methods [24, 27, 28] 
IBOA-RBFNN-MC 

High-fidelity surrogate model trained on 

improved Z-Map data, enabling efficient MC 
sampling for milling surface roughness 

reliability evaluation. 

Integration level 
Typically separate modules for simulation, 

prediction, and reliability analysis 

Fully integrated framework: Z-Map 

→ IBOA-RBFNN → MC 

End-to-end surface quality analysis chain, 
from high-precision topography simulation to 

probabilistic reliability assessment within  

a unified workflow. 

2. Modeling the cutting edge motion trajectory 

2.1. Cutting edge geometric model 

Constructing an accurate geometric model of the cutting edge is 

important for surface topography simulation in ball-end milling. 

Figure 1 illustrates the helical cutting-edge geometry of a ball-

end milling cutter. A tool coordinate system, denoted as Ok-

XkYkZk, is established with the center of the tool ball as the 

origin, where the Zk axis coincides with the rotational axis of 

the cutter.  

Consider a cutting element P located on the k-th tooth, as 

shown in Figure 1(b). The ball-end milling cutter rotates about 

its axis with angular velocity 𝜔. In the coordinate system Ok-

XkYkZk, the coordinates of cutting element P are given by:  

[xp yp zp]Τ = [

R sin φ cos γ
R sin φ sin γ

−R cos φ
]                    (1) 

where R is the ball-end radius of the cutter, and 𝜑 denotes 

the axial location angle of cutting element P. The helix lag angle 

𝛾 is defined as: 

𝛾 = 𝑡𝑎𝑛 𝛽0 𝑙𝑛 (𝑐𝑜𝑡 (
𝜑

2
))                           (2) 

where 𝛽0 is the helix angle of the cutter.  

2.2. Tool edge mathematical model 

To describe the trajectory of arbitrary points on the cutting edge, 

a kinematic model is established based on the cutter geometry. 

Five coordinate systems are defined, as illustrated in Figure 1(a): 

(1) Workpiece-fixed coordinate system (Ol-XlYlZl): Serves 

as the reference coordinate system for tool motion and 

workpiece mapping.  

(2) Machine spindle coordinate system (Oa-XaYaZa): Fixed 

to the spindle nose, where the  Za axis coincides with the 

spindle axis and is parallel to Zl. The Xa and Ya axes are 

parallel to the machine feed directions.     

(3) Tool-fixed coordinate system (Oq-XqYqZq): Attached to 

the cutter with its origin located at the ball center. This 

coordinate system rotates with the cutter about the 

Zq axis at angular velocity 𝜔, and the Zq axis is collinear 

with Za.  

(4) Work reference coordinate system (Ot-XtYtZt): Its origin 

coincides with Oa, and Zt axis is parallel to Zl. The Xt and 

Yt axes represent the fixed feed directions of the machine 

tool and are parallel to Xl and Yl, respectively.   

(5) Tool-tip transient coordinate system (On-XnYnZn): Used 

to describe the local motion of a point on the k-th cutting 
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edge. Its origin On coincides with Oq, the Zn axis is 

aligned with Zq, and the coordinate system moves with 

the cutting point during cutter rotation.  

In ball-end milling, for any point P fixed on the cutting edge, 

the Xn axis of the local cutting-edge coordinates system and the 

Xq axis of the tool coordinate system lie in the same projection 

plane, denoted as the XqOqZq plane. Therefore, the 

homogeneous transformation matrix from the local cutting-edge 

coordinate system (On-XnYnZn) to the tool coordinate system 

(Oq-XqYqZq) is given by: 

𝑀1 = [

cos 𝛼 − sin 𝛼 0 0
sin 𝛼 cos 𝛼 0 0

0 0 1 0
0 0 0 1

] (3) 

where 𝛼 = 2𝜋(𝑖 − 1)/𝑘 , 𝑖  denotes the tooth number, and 

𝑘 represents the total number of cutter teeth.  

During ball-end milling, eccentricity may exist between the 

tool origin Oq and the spindle rotation center Oa. Meanwhile, 

the cutter rotates about the spindle axis Za. Resulting in time-

varying circumferential motion of the cutting edge. Considering 

both tool eccentricity and spindle rotation, the transformation 

matrix from the tool coordinate system (Oq-XqYqZq) to the (Oa-

XaYaZa) can be written as: 

𝑀2 = [

𝑐𝑜𝑠 𝜌 𝑠𝑖𝑛 𝜌 0 𝑠 𝑐𝑜𝑠 𝛽
− 𝑠𝑖𝑛 𝜌 𝑐𝑜𝑠 𝜌 0 𝑠 𝑠𝑖𝑛 𝛽

0 0 1 0
0 0 0 1

]                (4) 

where 𝜌 = 𝛾0 − 𝜔𝑡 , 𝛾0  is the initial phase angle, 𝜔  is the 

spindle angular velocity. s is the radial projection magnitude of 

the tool eccentricity vector in the spindle coordinate system, 𝛽 

is the radial eccentricity angle, and t is the elapsed cutting time. 

 

Figure 1. (a) Coordinate system for milling; (b) Cutting-edge geometry model of ball-end milling cutter. 

To avoid the zero-speed cutting condition at the tool tip, the 

machining angle is decomposed into a side tilt angle 𝜂  and  

a front tilt angle 𝜇. The side tilt angle plane is 𝜂 defined in the 

YtOtZt plane, while the front tilt 𝜇 angle is defined in the XtOtZt 

plane. The transformation matrix from the spindle coordinate 

system (Oa-XaYaZa) to the work reference coordinate system 

(Ot-XtYtZt) is expressed as: 

𝑀3 = [

1 0 0 0
0 𝑐𝑜𝑠 𝜂 − 𝑠𝑖𝑛 𝜂 0
0 𝑠𝑖𝑛 𝜂 𝑐𝑜𝑠 𝜂 0
0 0 0 1

] ⋅ [

𝑐𝑜𝑠 𝜇0 0 − 𝑠𝑖𝑛 𝜇0 0
0 1 0 0

𝑠𝑖𝑛 𝜇0 0 𝑐𝑜𝑠 𝜇0 0
0 0 0 1

] (5) 

where 𝜇0 = 𝑎𝑟𝑐𝑡𝑎𝑛(𝑡𝑎𝑛 𝜇 𝑐𝑜𝑠 𝜂). 

Assuming that the translational components of the ball-

center position along the x, y, and z axes are xp, yp, and zp, 

respectively, the feed translation matrix is: 

𝑀4 = [

1 0 0 𝑥𝑝

0 1 0 𝑦𝑝

0 0 1 𝑧𝑝

0 0 0 1

] (6) 

where {

𝑥𝑝 = 𝑣𝑓𝑡

𝑦𝑝 = 𝑓𝑝𝑁𝑟

𝑧𝑝 = 𝑧(𝑖, 𝑗)
, vf represents the feed speed, fp denotes 

the row pitch, 𝑁𝑟  is the current row index, and 𝑧(𝑖, 𝑗) 

represents the theoretical surface height at grid node. Here, i 

and j denote the row and column indices of the discretized 

workpiece grid, respectively.  

Based on the above transformations, the trajectory of any 

point on the cutting edge in the workpiece coordinate system 

can be expressed as: 

[

𝑥𝑃(𝑡, 𝜑)

𝑦𝑃(𝑡, 𝜑)

𝑧𝑃(𝑡, 𝜑)
1

] = 𝑀4 ⋅ 𝑀3 ⋅ 𝑀2 ⋅ 𝑀1 ⋅ [

𝑥
𝑦
𝑧
1

] (7) 

2.3. Surface topography simulation based on the 

improved Z-Map 

Previous studies have improved the Z-Map algorithm using 

gradient-based optimization methods, such as Newton iteration, 
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SQP, and BFGS algorithms. In some studies, PSO has also been 

introduced for parameter calibration or auxiliary optimization 

tasks. However, solving the nonlinear tool–workpiece 

intersection equations in complex engagement regions remains 

challenging for conventional approaches. Gradient-based 

methods are sensitive to initial values and may exhibit 

convergence difficulties in regions with complex surface 

geometry.  

To improve the robustness of the intersection calculation, 

this study incorporates a derivative-free PSO strategy into the 

Z-Map framework for solving the tool–workpiece intersection 

equations. Unlike previous studies in which PSO was mainly 

used for auxiliary optimization tasks, the proposed method 

applies PSO directly to the geometric intersection-solving 

process. By reducing the dependence on local linearization, the 

proposed approach improves the continuity of the calculated 

surface topography under the investigated simulation conditions. 

Based on the derived cutting-edge trajectory, a surface 

topography simulation model is established using the improved 

Z-Map method. The simulation process updates the residual 

material height by comparing the tool envelope with the 

discretized workpiece grid. The main simulation procedure is 

summarized as follows: 

1. System initialization and model discretization 

(1) System initialization  

Initialize the cutter parameters, including the tool radius R, 

number of teeth N, helix angle 𝛽0 , front tilt angle 𝜇 , side tilt 

angle 𝜂 . The machining parameters, tool path, and PSO 

parameters are then specified.  

(2) Discretize the workpiece surface 

The projection of the workpiece surface onto the X tOtYt plane 

is discretized into an 𝑚 × 𝑛  two-dimensional grid. The grid 

resolutions in the X and Ydirections are defined as: 𝑑𝑥 =  𝑙𝑥/𝑚,

𝑑𝑦 =  𝑙𝑦/𝑛, subject to the constraint: 𝑚𝑎𝑥(𝑑𝑥, 𝑑𝑦) ≤
1

5
𝑚𝑖𝑛(𝑓𝑧, 𝑓𝑝). 

Each grid node (𝑥, 𝑦)  stores an initial height value in matrix 

𝐻𝑧(𝑖, 𝑗) , where 𝑖 = 1, 2, . . . , 𝑚 + 1;  𝑗 = 1, 2, . . . , 𝑛 + 1  denote the row 

and column indices of the discretized grid, respectively. The 

matrix element 𝐻𝑧(𝑖, 𝑗)  stores the discretized height value 

corresponding to the theoretical surface height 𝑧(𝑖, 𝑗).  Figure 

2(a) illustrates the milled workpiece, while Figure 2(b) presents 

the discretized surface mesh.  

 

Figure 2. (a) Milling workpiece; (b) Discrete grid map of the 

milled workpiece; (c) tracking rectangular envelope and 

instantaneous swept quadrilateral diagram. 

(3) Discrete cutting edges and machining time 

To ensure consistency between the cutter trajectory and the 

discretized workpiece grid, both the machining time and cutting 

edge are discretized using Equations (8) and (9), respectively.  

𝛥𝑡 =
𝑚𝑖𝑛(𝑑𝑥, 𝑑𝑦)

𝜔𝑅 𝑠𝑖𝑛 𝜑𝑚𝑎𝑥

(8) 

𝛥𝜑 =
𝑚𝑖𝑛(𝑑𝑥, 𝑑𝑦)

𝑅
(9) 

the cutting time t ranges from tmin to tmax, while the axial 

position angle 𝜑  varies from 𝜑𝑚𝑖𝑛  to 𝜑𝑚𝑎𝑥  . Here, 𝜑𝑖𝑚 =

2 𝑎𝑟𝑐𝑐𝑜𝑠 ((𝑅 − 𝑎𝑝)/𝑅), and 𝜑𝑚𝑖𝑛 = 𝐵 − 0.5𝜑𝑖𝑚, 𝜑𝑚𝑎𝑥 = 𝐵 + 0.5𝜑𝑖𝑚, 

where 𝑎𝑝  denotes the axial depth of cut, 𝐵 =

𝑎𝑟𝑐𝑐𝑜𝑠(𝑐𝑜𝑠 𝜂 𝑐𝑜𝑠 𝜇0)   denotes the tool inclination angle. If 

𝜑𝑚𝑖𝑛 ≤ 0°, then 𝜑𝑚𝑖𝑛 = 0°; If 𝜑𝑚𝑎𝑥 ≥ 90°, then 𝜑𝑚𝑎𝑥 = 90°.  

2. Rapid localization and coarse screening using the tracking 

rectangular envelope 

The boundary coordinates of the cutting edge are calculated 

at the current time 𝑡 and the subsequent time step 𝑡 + ∆𝑡 for the 

angular positions 𝜑𝑚𝑖𝑛 and 𝜑𝑚𝑎𝑥. The corresponding coordinate 

extrema 𝑥𝑚𝑖𝑛 , 𝑥𝑚𝑎𝑥 , 𝑦𝑚𝑖𝑛  and 𝑦𝑚𝑎𝑥   are then obtained.. As 

illustrated in Figure 2(c), the rectangular region enclosed by the 

four corner points𝐷(𝑥𝑚𝑖𝑛 , 𝑦𝑚𝑖𝑛) , 𝐸(𝑥𝑚𝑎𝑥 , 𝑦𝑚𝑖𝑛) , 𝐹(𝑥𝑚𝑎𝑥 , 𝑦𝑚𝑎𝑥) , 

and 𝐺(𝑥𝑚𝑖𝑛 , 𝑦𝑚𝑎𝑥)  is defined as the tracking rectangular 

envelope. This envelope contains all workpiece grid nodes that 

may be swept by the cutting edge during the current motion step.  

3. Precise contact detection and height value solution 

(1) Construction of the swept quadrilateral and 

identification of valid grid nodes 

Based on Step 2, the points 𝑑(𝑥(𝑡, 𝜑𝑚𝑖𝑛), 𝑦(𝑡, 𝜑𝑚𝑖𝑛)), 𝑒(𝑥(𝑡 +

∆𝑡, 𝜑𝑚𝑖𝑛), 𝑦(𝑡 + ∆𝑡, 𝜑𝑚𝑖𝑛)) , 𝑓(𝑥(𝑡 + ∆𝑡, 𝜑𝑚𝑎𝑥), 𝑦(𝑡 + ∆𝑡, 𝜑𝑚𝑎𝑥)) , 

and 𝑔(𝑥(𝑡, 𝜑𝑚𝑎𝑥), 𝑦(𝑡, 𝜑𝑚𝑎𝑥))  are connected to form the swept 

quadrilateral, as illustrated in Figure 2(c). Each candidate grid 

node 𝑄′(𝑥𝑖 , 𝑦𝑗) within the tracking rectangular envelope is then 
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examined. The coordinates (𝑥𝑖 , 𝑦𝑗)  are tested for inclusion 

within the projected polygon of the swept quadrilateral in the 

XY-plane. If the coordinates satisfy 0 ≤ 𝑥𝑖 ≤ 𝑙𝑥 and 0 ≤ 𝑦𝑗 ≤ 𝑙𝑦, 

the node is considered a valid grid node within the machining 

region and is denoted as 𝑄(𝑥𝑖 , 𝑦𝑗), where 𝑙𝑥 and 𝑙𝑦 represent the 

workpiece dimensions in the X and Y directions, respectively. 

Otherwise, the current node is discarded and the next grid node 

is evaluated.  

(2) Height-coordinate calculation 

For each valid grid node 𝑄(𝑥𝑖 , 𝑦𝑗), the following nonlinear 

position equations between the cutter tooth trajectory and the 

grid node are established: 

{
𝑓𝑥(𝑡, 𝜑) = 𝑥(𝑡, 𝜑) − 𝑥𝑖 = 0

𝑓𝑦(𝑡, 𝜑) = 𝑦(𝑡, 𝜑) − 𝑦𝑖 = 0
(10) 

The PSO algorithm is employed to solve Equation (10) and 

obtain the optimal solution pair (𝑡′, 𝜑′). The height value of the 

grid node is then calculated from the cutter trajectory equation 

as: 𝑧′ = 𝑧(𝑡′, 𝜑′).  

4. Surface topography update and result generation  

(1) Verification and height update 

The calculated height value 𝑧′ is compared with the current 

stored height value 𝐻𝑧(𝑖, 𝑗). If the calculated value satisfies the 

height-update criterion, the height matrix is updated as: 

𝐻𝑧(𝑖, 𝑗) = 𝑧′. Otherwise, the original height value is retained.  

(2) Iterative computation 

Steps 2 and 3 are repeated for all cutter teeth within the 

current time step. The simulation then advances to the next time 

step and continues until the entire machining process is 

completed.  

(3) Generation of surface topography and surface roughness 

evaluation 

The final surface topography is reconstructed from the 

height matrix 𝐻𝑧 . The surface roughness parameter 𝑆𝑎  is 

calculated as the arithmetic mean height relative to the mean 

reference height:  

𝑆𝑎 =
1

𝑏𝑐
∑ ∑|𝐻𝑧(𝑖, 𝑗) − ℎ|

𝑐

𝑗=1

𝑏

𝑖=1

(11) 

where the mean reference height h is defined as: 

ℎ =
1

𝑏𝑐
∑ ∑ 𝐻𝑧(𝑖, 𝑗)

𝑐

𝑗=1

𝑏

𝑖=1

(12) 

here, b and c represent the number of discrete points in the 

X and Y directions, respectively, and 𝐻𝑧(𝑖, 𝑗) denotes the height 

value of each discrete grid node.  

Regarding the PSO algorithm for solving the equation 

system in Step 3: 

The PSO algorithm [31,32] is employed to solve the 

nonlinear equation system in Step 3. Gradient-based methods, 

such as Newton iteration, SQP, and BFGS algorithms, have 

been widely used in surface topography simulation. However, 

these methods are sensitive to initial values and may encounter 

convergence difficulties in regions involving complex nonlinear 

tool–workpiece interactions. To improve the stability of the 

intersection calculation, a PSO-enhanced Z-Map framework is 

introduced in this study. Unlike gradient-based approaches that 

rely on local linearization, the proposed method employs  

a derivative-free population-based search strategy. This 

approach reduces the dependence on initial-value selection and 

is suitable for solving nonlinear intersection equations under the 

investigated simulation conditions. 

To qualitatively compare the solution behaviors of different 

methods, a representative comparison case is presented in 

Figure 3. In the multi-solution region shown in the figure, the 

gradient-based methods converge to different local solutions, 

resulting in discontinuities in the calculated height curve. In 

contrast, the PSO-based method produces a smoother height 

variation in the investigated case. The comparison indicates that 

the proposed PSO-enhanced Z-Map framework can improve the 

continuity and stability of the intersection calculation under 

complex geometric conditions. 

 

Figure 3. Failure-case comparison between the PSO-enhanced 

Z-Map solver and traditional gradient-based methods 

(Newton/SQP/BFGS). 
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PSO is a derivative-free, population-based optimization 

method in which candidate solutions, represented as particles, 

explore the search space. Each particle updates its velocity 

vector 𝑣𝑖 and position vector 𝑞𝑖 according to its individual best 

position 𝑝𝑖   and the global best position 𝑝𝑔. The update 

equations are given as: 

{
𝑣𝑖

𝑑(𝑡 + 1) = 𝜔′𝑣𝑖
𝑑(𝑡) + 𝑎1𝑟1 (𝑝𝑖

𝑑(𝑡) − 𝑞𝑖
𝑑(𝑡)) + 𝑎2𝑟2 (𝑝𝑔

𝑑(𝑡) − 𝑞𝑖
𝑑(𝑡))

𝑞𝑖
𝑑(𝑡 + 1) = 𝑞𝑖

𝑑(𝑡) + 𝛼′𝑣𝑖
𝑑(𝑡 + 1)

                                         (13) 

where 𝑖 = 1,2,3, … , 𝑛, 𝑑 = 1,2,3, … , 𝐷. Here, n denotes the 

total number of particles, D is the search-space dimension, 𝜔′ 

is the inertia factor; 𝑎1  and 𝑎2  are acceleration coefficients, 

𝑟1, 𝑟2 ∈ [0,1]  are uniformly distributed random numbers. The 

parameter 𝛼′  denotes the constraint factor used to control the 

step size of position updating. 𝑣𝑖 = (𝑣𝑖
1, 𝑣𝑖

2, … , 𝑣𝑖
𝐷)  and  𝑞𝑖 =

(𝑞𝑖
1, 𝑞𝑖

2, … , 𝑞𝑖
𝐷) represent the velocity and position vectors of the 

i-th particle, respectively. The vectors 𝑝𝑖 = (𝑝𝑖
1, 𝑝𝑖

2, … , 𝑝𝑖
𝐷) and 

𝑝𝑔 = (𝑝𝑔
1 , 𝑝𝑔

2 , … , 𝑝𝑔
𝐷) denote the individual best position of the 

particle and the global best position of the swarm, respectively.  

Unlike gradient-based methods, PSO does not require 

derivative information and is suitable for solving nonlinear 

optimization problems with complex search spaces [33].  

For a grid node 𝑄(𝑥𝑖 , 𝑦𝑖) within the swept quadrilateral defg, 

the corresponding tool–surface intersection should satisfy the 

kinematic relationship in Equation (7). Solving the nonlinear 

equation system is transformed into the minimization of the 

following objective function within the feasible domain defined 

by 𝑡𝑚𝑖𝑛 ≤ 𝑡 ≤ 𝑡𝑚𝑎𝑥, 𝜑𝑚𝑖𝑛 ≤ 𝜑 ≤ 𝜑𝑚𝑎𝑥: 

𝑃(𝑡, 𝜑) = |𝑥(𝑡, 𝜑) − 𝑥𝑖| + |𝑦(𝑡, 𝜑) − 𝑦𝑖| (14) 

The PSO algorithm iteratively searches for the parameter 

pair (𝑡′, 𝜑′)  that minimizes 𝑃(𝑡, 𝜑) , thereby obtaining the 

numerical solution of the nonlinear intersection equations. 

Figure 4 illustrates the simulation flowchart for the milling 

surface topography generation process. 

 

Figure 4. Flowchart of the surface topography algorithm.
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3. Methodology: An IBOA-RBFNN approach for surface 

roughness prediction and reliability modeling 

3.1. Surface roughness prediction model based on IBOA-

RBFNN 

Surface quality directly influences product performance, 

manufacturing cost, and service life. Accurate prediction of 

surface roughness prior to machining is essential for process 

parameter selection and surface quality control. However, the 

mapping relationship between machining parameters and 

surface roughness is highly nonlinear and remains complex. 

Therefore, an IBOA-RBFNN model is developed in this study 

for surface roughness prediction, and a quantitative relationship 

between process parameters and surface roughness is 

established under the investigated milling conditions.  

  3.1.1. RBFNN 

RBFNN is a three-layer feedforward neural network composed 

of an input layer, a hidden layer, and an output layer. The input 

layer receives multidimensional feature vectors, while the 

hidden layer performs nonlinear transformation using radial 

basis functions. The output layer linearly combines hidden-

layer responses to produce the final prediction. Owing to its 

strong nonlinear approximation capability and fast convergence, 

RBFNN has been widely applied in function approximation, 

signal processing, system modeling, and predictive control [34]. 

In this study, an RBFNN is adopted to construct the surface 

roughness prediction model, which is formulated as a single-

output regression problem.  

The hidden layer typically adopts the Gaussian function, 

which is the most commonly used radial basis function. In this 

study, the Gaussian function is selected as the basis function, 

and the hidden-layer output is expressed as:   

𝐺𝑖(𝑥) = 𝑒𝑥𝑝 (−
‖𝑥 − 𝐶𝑖‖

2

2𝑆2
) , 𝑖 = 1,2, ⋯ , 𝑛 (15) 

where x is the m-dimensional input vector, 𝐶𝑖  denotes the 

center of the i-th radial basis function, 𝑆 is the corresponding 

width parameter, and n represents the number of hidden neurons.  

The output layer performs a linear weighted summation of 

hidden-layer outputs. For the single-output case considered in 

this study, the predicted surface roughness is given by: 

𝑦𝑅 = ∑ 𝑤𝑖

𝑛

𝑖=1

𝐺𝑖(𝑥) (16) 

where 𝑤𝑖  connection weight between the i-th hidden neuron 

and the output neuron.  

    3.1.2. IBOA 

The IBOA is a nature-inspired metaheuristic that simulates 

butterfly foraging and mating behaviors. It performs global and 

local search iteratively in the solution space to identify high-

quality solutions [35−39].  

In the population, each butterfly generates a perceived 

fragrance determined by: 

𝑓𝑖 = 𝑐𝐼𝛿 (17) 

where 𝑓𝑖 denotes the perceived fragrance of the i-th butterfly, 

𝑐  is the sensory modality, 𝐼  represents the stimulus intensity, 

and 𝛿 ∈ [0,1]  is a power exponent related to the search 

landscape.  

If a butterfly detects a stronger fragrance in the search space, 

it moves toward the corresponding region (global search); 

otherwise, it performs a local search. The position update rules 

are defined as follows: 

𝑥𝑖
𝑑′+1 = 𝑥𝑖

𝑑′
+ (𝑟2𝑥∗ − 𝑥𝑖

𝑑′
)𝑓𝑖 (18) 

𝑥𝑖
𝑑′+1 = 𝑥𝑖

𝑑′
+ (𝑟2𝑥𝑘

𝑑′
− 𝑥𝑗

𝑑′
)𝑓𝑖 (19) 

where 𝑑′  denotes the iteration index, 𝑥𝑖
𝑑′

  and 𝑥𝑖
𝑑′+1 

represent the position of the i-th butterfly at iterations 𝑑′ and 

𝑑′ + 1, respectively. 𝑥∗ is the current global best solution, 𝑥𝑘
𝑑′

 

and 𝑥𝑗
𝑑′

  are two randomly selected individuals from the 

population. 𝑟 ∈ [0,1] is a uniformly distributed random number. 

The switch between global and local search is controlled by  

a transition probability 𝑝 ∈ [0,1] . When 𝑟 < 𝑝, global search is 

performed; otherwise, local search is executed.  

Compared with the standard BOA, IBOA improves both 

population initialization and position updating strategies. First, 

the random initialization is replaced by an improved Tent 

chaotic map to enhance population diversity: 

𝑥𝑛+1 = {
2𝑥𝑛 + 0.2 sin(𝑟𝑎𝑛𝑑 ∙ 𝜋) , 0 ≤ 𝑥𝑛 ≤ 0.5

2(1 − 𝑥𝑛) + 0.2 sin(𝑟𝑎𝑛𝑑 ∙ 𝜋) , 0.5 < 𝑥𝑛 ≤ 1
(20) 

where 𝑥𝑛 is the generated chaotic sequence value.   

Second, a nonlinear adaptive inertia weight is introduced to 

balance exploration and exploitation dynamically: 
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𝑤 = {
𝑤𝑚𝑖𝑛 +

(𝑤𝑚𝑎𝑥 − 𝑤𝑚𝑖𝑛)(𝑓𝑖 − 𝑓𝑎𝑣𝑔)

𝑓𝑎𝑣𝑔 − 𝑓𝑚𝑖𝑛

, 𝑓𝑖 ≤ 𝑓𝑎𝑣𝑔

𝑤𝑚𝑎𝑥 , 𝑓𝑖 > 𝑓𝑎𝑣𝑔

(21) 

where 𝑤𝑚𝑎𝑥 and 𝑤𝑚𝑖𝑛  are upper and lower bounds of inertia 

weight, respectively, 𝑓𝑖, 𝑓𝑎𝑣𝑔 and 𝑓𝑚𝑖𝑛 denote the fitness value 

of the i-th butterfly, the population average fitness, and the 

minimum fitness value, respectively. The optimization problem 

is treated as a minimization problem. 

These improvements enhance population diversity and 

adaptive search capability, enabling better balance between 

global exploration and local exploitation, accelerating 

convergence, and improving robustness against local optima.  

A key difference between the proposed IBOA and existing 

optimizers (POA, WOA, and NGO) lies in their strategies for 

balancing exploration and exploitation, which is essential for 

tuning RBFNN parameters. The POA adopts a two-phase search 

scheme that explicitly separates exploration and exploitation, 

which may reduce flexibility in complex, high-dimensional 

search spaces. The WOA uses a stochastic probability 

mechanism to control the transition between these two 

behaviors, which can introduce variability during optimization. 

The NGO is based on a prey identification-and-attack 

mechanism; however, its balance between exploration and 

exploitation is largely predefined and may be sensitive to initial 

conditions. In contrast, the proposed IBOA introduces two 

improvements to enhance search adaptability. First, an 

improved Tent chaotic map is used for population initialization 

to enhance the diversity and distribution of candidate solutions. 

Second, a nonlinear adaptive inertia weight strategy is 

introduced to adjust the search intensity according to population 

fitness diversity during iterations. This mechanism enables  

a gradual shift from exploration to exploitation as convergence 

proceeds. As a result, the search process becomes more stable, 

and the algorithm is better suited to identifying appropriate 

parameter configurations for the RBFNN model. 

     3.1.3. IBOA-optimized RBFNN prediction model 

The predictive performance of the RBFNN depends on the 

output-layer weights, hidden-layer centers, and the Gaussian 

kernel width S. Among these parameters, S has a significant 

influence on model behavior. A smaller S a narrow Gaussian 

function with strong local sensitivity, whereas a larger S leads 

to a smoother response with a wider receptive range. Therefore, 

selecting an appropriate value of S is essential to balance model 

accuracy and generalization ability. 

In this study, the IBOA is used to optimize the kernel width 

parameter S of the RBFNN. The optimization process searches 

for an optimal value of S that minimizes training error while 

maintaining acceptable generalization performance. After 

optimization, the final IBOA-RBFNN model is constructed for 

surface roughness prediction.  

3.2. Roughness reliability model based on IBOA-RBFNN 

The surface topography model presented earlier indicates that 

surface roughness is strongly affected by process parameters 

such as feed per tooth, pitch, tool radius, and side tilt angle. In 

CNC milling, small variations in these parameters may lead to 

noticeable changes in surface roughness, thereby affecting the 

final surface quality. Reliability analysis is therefore introduced 

to characterize the uncertainty of surface roughness and to 

quantify the probability of surface roughness exceeding  

a specified limit under parameter uncertainty, thereby 

supporting quality risk assessment in machining processes. 

The relationship between surface roughness and the above 

process parameters is nonlinear and implicit, making it difficult 

to express in closed form. For such problems, reliability analysis 

methods such as MC simulation, response surface methods, and 

surrogate modeling are commonly used. However, direct MC 

simulation is computationally expensive due to the large 

number of required samples, while response surface methods 

may exhibit reduced accuracy when handling strong 

nonlinearities. Surrogate modeling provides an alternative 

approach for approximating the performance function. 

In this study, an IBOA-RBFNN-based MC framework is 

developed for roughness reliability analysis. The RBFNN is 

used to approximate the nonlinear mapping between process 

parameters and surface roughness. The simulation model 

described in Section 2 is used to generate training data for the 

network. After training, the RBFNN serves as a surrogate model 

for evaluating the limit state function. Based on MC simulation, 

a large number of samples are efficiently evaluated using the 

trained surrogate model, enabling reliability estimation of 

surface roughness. The overall procedure of the IBOA-RBFNN-

MC reliability model is summarized as follows.: 
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(1) A training dataset is generated using the CNC milling 

surface topography simulation model: 𝐷 =

{𝑢𝑖, 𝑦(𝑢𝑖)|𝑖 = 1,2, … , 𝑁} , where 𝑢 = [𝑓𝑧, 𝑓𝑝, 𝑅, 𝜂] 

denotes the vector of random machining parameters, and 

𝑦(𝑢𝑖)  represents the surface roughness response under 

different realizations of the input variables.  

(2) The IBOA-RBFNN model is trained using the generated 

dataset.  

(3) A probabilistic model is defined for the input variables, 

and MC samples are generated accordingly. In this study, 

the machining parameters are assumed to follow 

independent normal distributions 𝑁(𝜇, 𝜎2) , where 𝜇  is 

the nominal value and 𝜎  represents manufacturing 

variability. This assumption provides a practical 

approximation for reliability analysis under stable 

machining conditions. However, real machining 

processes may exhibit bounded, skewed, multimodal, or 

correlated variations due to tool wear, machine-tool 

vibrations, and fixture conditions, which may influence 

tail probability estimation of surface roughness failure. 

Based on typical machining tolerances, the standard 

deviations are defined as follows: feed per tooth 𝜎𝑓𝑧
=

0.05mm/z , row pitch 𝜎𝑓𝑝
=  0.1 mm , tool radius 𝜎𝑅 =

 0.5 mm , and side tilt angle 𝜎𝜂 =  5°. A total of M MC 

samples are generated to form the sample set {𝑢𝑖}𝑖=1
𝑀  , 

where 𝑢𝑖  denotes the machining input vector defined 

previously 

(4) The MC samples are propagated through the trained 

IBOA-RBFNN model to evaluate the performance 

function 𝐺(𝑢).  

𝐺(𝑢) = 𝑆𝑎𝑙𝑖𝑚 − 𝑔(𝑢) (22) 

where 𝑆𝑎𝑙𝑖𝑚  denotes the allowable maximum roughness, 

and 𝑔(𝑢)  is the roughness predicted by the IBOA-RBFNN 

model. The system is considered to be in the failure domain 

when 𝐺(𝑢) ≤ 0, and in the safe domain 𝐺(𝑢) > 0.  

(5) The number of failure samples N is counted, and the 

failure probability is estimated using the MC-based 

surrogate model:  

𝑃𝑓 = 𝑃(𝐺(𝑢) ≤ 0) =
1

𝑀
∑ 𝐼

𝑀

𝑖=1

(𝐺(𝑢𝑖)) =
𝑁

𝑀
(23) 

where M denotes the total number of MC samples , and 

𝐼(𝐺(𝑢𝑖))  represents the zero-one indicator function 

mathematically defined as: 

𝐼(𝐺(𝑢𝑖)) = {
1, 𝐺(𝑢𝑖) ≤ 0

0, 𝐺(𝑢𝑖) > 0
(24) 

In summary, the procedure for roughness reliability 

evaluation using the IBOA-RBFNN-MC framework is 

illustrated in Figure 5. 

 

Figure 5. Flowchart of surface roughness reliability modeling 

based on IBOA-RBFNN-MC. 

4. Analysis of model results 

4.1. Efficiency analysis of the improved Z-Map algorithm 

To evaluate computational efficiency, the average runtime per 

surface simulation was compared between the conventional Z-

Map algorithm and the proposed PSO-enhanced version. For  

a representative 200×200 discretized surface, the conventional 

Z-Map requires 47 s per simulation, while the PSO-enhanced Z-

Map requires approximately 123 s, corresponding to an increase 

of about 2.6 times in computational cost. 

To assess this trade-off, an accuracy–efficiency comparison 

was conducted. As summarized in Table 9, the conventional Z-

Map yields a profile-level root mean squared error (RMSE) of 

0.0044–0.0146 μm, whereas the PSO-enhanced Z-Map reduces 

this value to 0.0020–0.0055 μm under the same evaluation 

profiles, corresponding to an average reduction of 

approximately 62%. This improvement helps reduce staircase 

artifacts and better preserves cutter–workpiece interaction 

details, which are important for representing complex surface 
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geometries. 

It should be noted that the additional computational cost is 

incurred only during offline data generation. Discretization 

errors in surface reconstruction may propagate through the 

surrogate modeling process and influence the estimation of 

failure probabilities. Therefore, improving the fidelity of the 

generated surface data helps provide a more consistent training 

dataset for surrogate modeling, which is beneficial for 

reliability analysis. In addition, since height evaluations at 

different grid nodes are independent at the computational level, 

the method is suitable for parallel implementation on multi-core 

CPU or GPU architectures, which may further improve 

computational efficiency. 

Finally, the simulated surface topography data generated by 

the improved Z-Map algorithm are used to train and evaluate 

the proposed IBOA-RBFNN model. The prediction 

performance and comparative results are presented in the 

following subsection. 

  4.2. Prediction performance and comparative analysis of 

IBOA-RBFNN 

Building upon the validated efficiency of the improved Z-Map 

simulation framework, this subsection evaluates the prediction 

performance of the IBOA-RBFNN model trained using the 

generated surface topography data. 

The model is trained and evaluated using a dataset of 256 

samples generated from a full-factorial design (four parameters 

at four levels, 44=256). The corresponding parameter ranges are 

listed in Table 3, while the simulated surface roughness results 

obtained from the improved Z-Map model are provided in Table 

4. This design provides a structured sampling strategy over the 

defined parameter space and captures nonlinear interactions 

among machining variables.   

The use of a 44=256 full-factorial design for simulation-

based learning has been widely adopted in similar studies. For 

instance, Gotkhindikar et al. [40] used the same design for 

training a deep neural network in additive manufacturing 

applications. Jiang and Gu [41] applied it in crashworthiness 

optimization using a back-propagation neural network. Freites 

et al. [42] also employed a four-level full factorial design for 

machine learning-based reservoir characterization. These 

studies indicate that such a design is commonly used in 

simulation-driven machine learning problems across 

engineering applications. 

It should be noted that the dataset is entirely generated from 

the improved Z-Map simulation, which produces deterministic 

outputs without experimental noise. Therefore, the reported 

performance metrics reflect the model’s ability to approximate 

the simulation-based mapping rather than experimental 

measurements. An 85%–15% training–testing split (218 

training samples and 38 testing samples) is adopted, which is  

a commonly used strategy for datasets of this size [43], 

providing a balance between model training and independent 

evaluation. 

To ensure a fair comparison, all models were evaluated under 

identical data preprocessing procedures and using the same 

training/testing split. The RBFNN architecture, including the 

number of hidden neurons and stopping criteria, was kept 

consistent across all methods. For optimization-based models, 

population size and maximum number of iterations were also 

fixed. In addition, 30 independent runs were conducted for all 

stochastic algorithms under identical settings.Therefore, the 

observed performance differences mainly reflect the 

effectiveness of the respective optimization strategies in 

determining the RBFNN parameters. The detailed parameter 

settings used for the comparative study are summarized in Table 

2. 

Table 2. Parameter settings for comparative models. 

Configuratio

n Parameter 

IBOA-

RBFN

N 

WOA-

RBFN

N 

POA-

RBFN

N 

NGO-

RBFN

N 

RBFN

N 

Training/test

ing split 

85%/15

% 

85%/15

% 

85%/15

% 

85%/15

% 

85%/15

% 

Hidden 

neurons 
10 10 10 10 10 

Population 

size 
30 30 30 30 N/A 

Maximum 

iterations 
50 50 50 50 N/A 

Independent 

runs 
30 30 30 30 N/A 

Table 3. Different input parameter values. 

 

Input parameters Input value 

Feed per tooth (fz, 

mm/z) 

0.2, 0.3, 

0.4, 0.5 

Row pitch (fp, mm) 0.2, 0.4, 

0.6, 0.8 

Tool radius (R, 

mm) 

3, 4, 5, 6 

Side tilt angle 

(η, °) 

0, 10, 20, 

30 
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Table 4. Simulated surface roughness values for different 

parameters. 

Feed per 
tooth 

(mm/z) 

Row pitch 
(mm) 

Tool radius 
(mm) 

Side tilt 
angle (°) 

Surface 
Roughness 

(μm) 

0.2 0.2 3 0 1.0398 
0.2 0.4 3 0 1.9853 

0.2 0.6 3 0 3.6620 

0.2 0.8 3 0 6.6311 
0.3 0.2 3 0 1.2145 

0.3 0.4 3 0 3.1417 

0.3 0.6 3 0 4.4875 

     

0.3 0.2 5 10 0.6754 

0.4 0.4 5 20 1.4204 

0.5 0.6 5 30 2.6664 
0.2 0.2 6 0 0.5315 

0.3 0.4 6 10 0.9238 

0.4 0.6 6 20 1.9450 

0.5 0.8 6 30 3.4887 

 

 

 

 

 

Figure 6. Comparison of actual and predicted values for 

different prediction models: (a) IBOA-RBFNN; (b) WOA-

RBFNN; (c) POA-RBFNN; (d) NGO-RBFNN; (e) RBFNN. 
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Figure 6(a) illustrates the prediction results of the IBOA-

RBFNN model using a circular sector plot, where blue and 

yellow sectors represent the actual and predicted surface 

roughness values, respectively. The close agreement in radial 

lengths indicates that the model can capture variations in surface 

roughness with good accuracy.  

This study compares the IBOA-RBFNN model with several 

benchmark models, including WOA-RBFNN, POA-RBFNN, 

NGO-RBFNN, and standard RBFNN, using the same dataset 

and identical settings for all models. The comparison between 

predicted and actual values is shown in Figures 6(b)–(e). 

Quantitative error distributions are presented in Figure 7, where 

Figure 7(a) shows the MAE histogram and Figure 7(b) presents 

the relative error (RE) box plot. The IBOA-RBFNN model 

yields the lowest MAE (approximately 0.0428) and exhibits 

smaller dispersion in RE compared with the other models, 

indicating more stable prediction performance within the 

simulation-based dataset. 

 

Figure 7. (a) Distribution diagrams of mean absolute error for different prediction models; (b) Distribution diagrams of relative errors 

for different prediction models. 

Multiple evaluation metrics, including mean squared error 

(MSE), MAE, RMSE, MAPE, and R²,  are summarized in Table 

5. The IBOA-RBFNN model achieves an RMSE of 0.0648, an 

MAE of 0.0428, and an R² of 0.9994, showing improved 

predictive performance compared with the standard RBFNN 

model. The relatively high R² value is attributed to the 

deterministic nature of the simulation-generated dataset, which 

provides a noise-free mapping between input variables and 

output responses. Therefore, these results reflect the model’s 

ability to approximate the simulation-based relationship rather 

than experimental measurements. Compared with other 

optimization-based RBFNN models, the proposed IBOA 

improves prediction accuracy and reduces error variability 

across evaluation metrics. 

The expressions for the evaluation metrics are given as 

follows: 

𝑀𝐴𝐸 =
1

𝑛
∑|𝑦𝑖̂ − 𝑦𝑖|

𝑛

𝑖=1

(25) 

𝑀𝑆𝐸 =
1

𝑛
∑ (𝑦𝑖 − 𝑦̂𝑖)

2𝑛
𝑖=1 (26) 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑ (𝑦𝑖 − 𝑦𝑖̂)

2𝑛
𝑖=1 (27) 

𝑅2 = 1 −
∑ (𝑦𝑖−𝑦𝑖̂)2𝑛

𝑖=1

∑ (𝑦𝑖−𝑦̄)2𝑛
𝑖=1

(28) 

𝑀𝐴𝑃𝐸 =
1

𝑛
∑ |

𝑦𝑖̂−𝑦𝑖

𝑦𝑖
|𝑛

𝑖=1 (29) 

where n denotes the number of samples; 𝑦𝑖  is the actual 

surface roughness value, 𝑦𝑖̂ is the predicted value, and 𝑦̅ is the 

mean of the actual values.  

Table 5. Performance evaluation metrics of various prediction 

models. 

    Index 
 

Method 

MAE MSE RMSE R2 MAPE 
Total 

runtime 

(s) 

IBOA-

RBFNN 

0.0428 0.0042 0.0648 0.9994 0.0171 
8.5 

POA-

RBFNN 

0.2160 0.0083 0.0911 0.9965 0.0864 
7.1 

WOA-
RBFNN 

0.2201 0.0100 0.1000 0.9880 0.0880 
9.8 

NGO-

RBFNN 

0.1213 0.1354 0.3680 0.9836 0.0485 
6.3 

RBFNN 0.2135 0.1127 0.3357 0.9801 0.0884 4.5 

To quantitatively compare the computational cost of 

different optimizers during RBFNN training, the runtime was 

recorded on the same computing platform. IBOA, POA, WOA, 
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and NGO were all configured with a population size of 30 and 

a maximum of 50 iterations. As shown in Table 5, IBOA 

exhibits a moderate increase in computational cost compared 

with POA and NGO, with an overhead of approximately 20–

35%, while remaining more efficient than WOA. This 

additional cost is offset by the improvement in prediction 

accuracy. The results suggest that, through chaotic initialization 

and an adaptive inertia weight strategy, IBOA achieves a more 

effective exploration–exploitation balance, leading to improved 

parameter selection for the RBFNN model under an acceptable 

computational budget. 

The relatively high performance metrics reported in Table 5 

(for example, R2 = 0.9994, RMSE=0.0648) mainly reflect the 

surrogate model’s ability to reproduce the deterministic 

relationships embedded in the improved Z-Map simulation. 

These results represent model fidelity to the simulation 

environment rather than predictive accuracy under real 

machining conditions. In practical milling processes, additional 

uncertainties such as tool wear, vibration, thermal effects, and 

material variability may introduce deviations that are not 

explicitly included in the current deterministic framework. 

Therefore, the differences between simulation-based results and 

experimental validation results can be expected and reflect the 

gap between idealized modeling assumptions and real 

machining environments. 

    4.3. Quantitative analysis of IBOA optimization 

performance 

Compared with meta-heuristic optimizers commonly used for 

RBFNN parameter tuning, such as POA, WOA, and NGO, these 

methods may suffer from premature convergence and limited 

exploration–exploitation adaptability when handling the 

coupled parameter space of surface roughness prediction. In 

contrast, the proposed IBOA-RBFNN framework introduces 

two main improvements: (1) an improved Tent chaotic map to 

enhance population diversity during initialization, and (2)  

a nonlinear adaptive inertia weight strategy to adjust the search 

intensity based on population fitness diversity.  

To quantitatively evaluate the optimization performance,  

a comparison with POA, WOA, and NGO was conducted under 

identical settings, including a population size of 30, a maximum 

of 50 iterations, and 30 independent runs. All algorithms were 

used to optimize the RBFNN width parameter, with MSE on the 

validation set as the fitness function. The results are 

summarized in Table 6. 

Table 6. Quantitative comparison of optimization performance 

for RBFNN parameter tuning. 

Algorithm 

Best 

fitness 

(MSE) 

Mean 

fitness 

(MSE) 

Standard 

deviation 

Average 

convergence 

iteration 

Average 

runtime 

(s) 

IBOA 0.000842 0.000987 0.000108 15.3 8.5 

POA 0.00215 0.00342 0.000673 23.8 7.1 
WOA 0.00376 0.00513 0.000894 31.5 9.8 

NGO 0.00298 0.00428 0.000756 28.2 6.3 

Note: Fitness values refer to the MSE of the RBFNN on the validation set during 

optimization. Convergence is defined as reaching a fitness value below 10⁻². 

Results are averaged over 30 independent runs. 

Under identical optimization settings and network structures, 

IBOA achieves the lowest best fitness (0.000842) and mean 

fitness (0.000987), indicating improved optimization 

performance. In addition, IBOA shows a lower standard 

deviation (0.000108) compared with POA (0.000673), WOA 

(0.000894), and NGO (0.000756), suggesting more stable 

results across independent runs. 

Regarding convergence behavior, IBOA reaches the 

predefined threshold (fitness < 10⁻²) in an average of 15.3 

iterations, which is lower than POA (23.8 iterations) and WOA 

(31.5 iterations). This improvement can be attributed to the 

enhanced initialization diversity and adaptive adjustment of 

search intensity during iteration. 

In terms of computational cost, IBOA requires a slightly 

higher average runtime (8.5 s) than POA (7.1 s) and NGO (6.3 

s), mainly due to additional computations in the adaptive 

mechanism. However, it remains more efficient than WOA (9.8 

s). The additional cost relative to POA and NGO (approximately 

20–35%) is offset by improvements in optimization accuracy 

and convergence efficiency. 

These results indicate that the proposed IBOA provides 

improved optimization performance and stability for RBFNN 

parameter tuning. The faster convergence and more consistent 

search behavior contribute to the improved prediction accuracy 

of the IBOA-RBFNN model presented in Section 4.2. 

    4.4. Model robustness validation 

Beyond the predictive performance reported in Section 4.2, the 

stability and generalization capability of the proposed IBOA-

RBFNN model were further evaluated to address potential 
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overfitting concerns. 

To ensure reliable assessment, several validation strategies 

were employed. The dataset was generated using a full-factorial 

design, forming a structured sampling grid in the four-

dimensional parameter space defined by fz, fp, R, and η. The 

training and test sets were constructed using non-overlapping 

parameter combinations. Although both subsets originate from 

the same predefined parameter domain, the model was 

evaluated on unseen combinations, enabling assessment of its 

interpolation capability within the simulation space. 

To reduce model complexity, a relatively simple RBFNN 

architecture was adopted. The dataset was split into training 

(85%) and testing (15%) sets prior to model training, and the 

test set was kept independent throughout the optimization 

process. Early stopping was also applied during training to limit 

potential overfitting. 

In addition, a 5-fold cross-validation procedure was 

conducted to further assess robustness. In each fold, the model 

was trained on 80% of the data and validated on the remaining 

20%. As summarized in Table 7, the model shows consistent 

performance across all folds, with relatively small variations in 

evaluation metrics, indicating stable behavior under different 

data partitions. 

 Table 7. 5-fold cross-validation results of the IBOA-RBFNN 

model. 

Fold MAE MSE RMSE R2 MAPE 

1 0.0445 0.0043 0.0656 0.9993 0.0178 

2 0.0430 0.0040 0.0632 0.9995 0.0172 

3 0.0458 0.0048 0.0693 0.9992 0.0183 
4 0.0420 0.0038 0.0616 0.9996 0.0168 

5 0.0442 0.0045 0.0671 0.9994 0.0177 

Mean ± 
Std 

0.0439 ± 
0.0014 

0.0043 
±0.0004 

0.0654 ± 
0.0029 

0.9994 ± 
0.0002 

0.0176 ± 
0.0005 

It should be noted that the proposed model achieves high 

prediction accuracy on the simulation-generated dataset. 

However, since the training data are derived from deterministic 

Z-Map simulations under controlled conditions, the cross-

validation results primarily reflect interpolation performance 

within the predefined parameter space. To further evaluate 

practical generalization capability, independent experimental 

validation under real machining conditions is presented in 

Section 5.2. 

5. Experimental validation 

5.1. Experimental validation of surface roughness and 

topography 

An orthogonal experimental design was adopted to validate the 

relationship between surface roughness and surface topography. 

Based on the selected factors and levels, four process 

parameters were investigated, each at four levels, resulting in 16 

experimental runs arranged using an L16 orthogonal design. The 

factor levels are summarized in Table 8. 

Table 8. Milling orthogonal experiment parameter schemes. 

NO.  Feed per 

tooth(mm/z) 

Row pitch 

(mm) 

Tool radius 

(mm) 

Side tilt 

angle(°) 

1# 0.2 0.2 3 0 

2# 0.3 0.4 3 10 

3# 0.4 0.6 3 20 

4# 0.5 0.8 3 30 

5# 0.3 0.2 4 20 

6# 0.4 0.4 4 30 

7# 0.5 0.6 4 0 

8# 0.2 0.8 4 10 

9# 0.4 0.2 5 30 

10# 0.5 0.4 5 20 

11# 0.2 0.6 5 10 

12# 0.3 0.8 5 0 

13# 0.5 0.2 6 10 

14# 0.2 0.4 6 0 

15# 0.3 0.6 6 30 

16# 0.4 0.8 6 20 

 

Figure 8. Milling process and milled workpieces under 

different parameter settings: (a) Milling process; (b) 

Semicylindrical surface workpieces machined with different 

parameters. 

The experiments were conducted on a four-axis CNC 

machine tool. The workpiece material was 7050 aluminum alloy, 

and a double-flute end mill with a 30° helix angle and 50 mm 

tool length was used. It should be noted that the experimental 

validation is conducted under specific milling conditions, 

including a fixed workpiece material, tool geometry, and 

parameter range. Therefore, the purpose of this section is to 

evaluate the effectiveness of the proposed framework within the 

investigated machining configuration. Further validation under 

broader machining conditions and different manufacturing 

environments will be considered in future work to assess the 

generalizability of the proposed method. 
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The experimental setup is illustrated in Figure 8, where 

Figure 8(a) shows the machining process and Figure 8(b) shows 

the finished workpieces. Each specimen is labeled according to 

the experimental plan defined in Table 8.  

Surface measurements were performed using a profilometer 

(Figure 9), with a maximum horizontal range of 100 mm, 

vertical range of 80 mm, and a resolution of 0.01–10 μm. The 

measurement regions were predefined for each specimen, and 

surface profiles were obtained by sequential scanning. The 

surface roughness values were then calculated according to 

Equation (11).  

 

Figure 9. Surface profile measuring instrument. 

Figure 10 compares the simulated and experimentally 

measured surface roughness under different machining 

conditions. The experimental results are represented by black 

dashed lines, while the improved Z-Map and conventional  

Z-Map predictions are shown using blue and pink markers, 

respectively. As shown in Figure 10(a), the improved Z-Map 

model exhibits better agreement with experimental 

measurements compared with the conventional method. The 

relative error is generally within 10%, indicating improved 

predictive consistency under the investigated machining 

conditions.  

To further evaluate the consistency between simulation 

results and experimental measurements, four representative 

cases were selected from the test set. Two-dimensional surface 

profiles along the feed direction were extracted and compared 

between the improved Z-Map model, the conventional Z-Map 

model, and experimental measurements. 

The RMSE and MAPE metrics were used to quantify the 

differences between simulation and experimental results. The 

corresponding definitions are given as follows: 

𝑅𝑀𝑆𝐸 =
√∑ (ℎ(𝑥𝑖 , 𝑦𝑗) − ℎ(𝑋𝑖 , 𝑌𝑗))

2
𝑚
𝑖=1

𝑚
(30)

 

𝑀𝐴𝑃𝐸 =
1

𝑚
∑ |

ℎ(𝑥𝑖 , 𝑦𝑗) − ℎ(𝑋𝑖 , 𝑌𝑗)

ℎ(𝑋𝑖 , 𝑌𝑗)
|

𝑚

𝑖=1

(31) 

where m denotes the number of measurement points, 

ℎ(𝑥𝑖 , 𝑦𝑗) represents the simulated profile height, and ℎ(𝑋𝑖 , 𝑌𝑗) 

denotes the experimentally measured profile height. (𝑥𝑖 , 𝑦𝑗) and 

(𝑋𝑖 , 𝑌𝑗) refer to the spatial coordinates of the simulation grid and 

the experimental measurement points, respectively. 

 

 

Figure 10. Comparison chart of surface roughness simulation 

and experimental Results: (a) PSO-enhanced Z-Map 

algorithm; (b) Conventional Z-Map algorithm. 

Figures 11(a)–(d) show the 2D profile comparisons for 
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parameter sets 2, 6, 11, and 13. In all cases, the improved Z-

Map results (blue curves) show better agreement with 

experimental profiles (red curves) compared with the 

conventional Z-Map results (black curves). The corresponding 

3D surface renderings further illustrate the differences between 

the two simulation methods. The maximum residual heights for 

the four cases are 0.201, 0.195, 0.212, and 0.192 μm, 

respectively, showing similar trends between simulation and 

experimental results.   
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Figure 11. 2D profiles and 3D simulation diagrams under different parameters. Simulation profile 1 is the 2D contour line simulated 

using the improved Z-Map algorithm; Simulation profile 2 is the 2D contour line simulated using the traditional Z-Map algorithm. 

The RMSE and MAPE values listed in Table 9 indicate 

relatively small deviations between simulation and experiment 

for both models. In particular, the improved Z-Map model 

yields lower error values, indicating improved agreement with 

experimental measurements and better surface representation 

capability.  

Table 9. The RMSE and MAPE values under different 

conditions in Figure 11(a), (b), (c), and (d). 

No. 
Simulation profile 1 Simulation profile 2 

RMSE MAPE RMSE MAPE 

Fig a 0. 0032 0. 0089 0. 0055 0. 0293 

Fig b 0. 0055 0. 0121 0. 0068 0. 0342 

Fig c 0. 0020 0. 0037 0. 0044 0. 0265 

Fig d 0. 0030 0. 0045 0. 0146 0. 0568 

5.2. Validation of the IBOA-RBFNN prediction model 

using experimental data 

The IBOA-RBFNN model proposed in Section 3.1 was trained 

using 240 surface roughness samples generated from the 

improved Z-Map simulation (Section 4.2). The 16 experimental 

parameter combinations were not included in the training 

process, ensuring an independent dataset for model evaluation. 

To assess the generalization capability under real machining 

conditions, the process parameters (fz, fp, R, and η) from the 16 

orthogonal experiments (Table 8) were input into the trained 

model, and the predicted surface roughness values were 

compared with experimental measurements obtained using  

a surface profilometer. 

Figure 12 shows a comparison between experimental and 

predicted values across all 16 test cases. The predicted results 

generally follow the variation trend of the experimental 

measurements across the investigated parameter space. 

Quantitatively, the model achieves an MAE of 0.16 μm, an 

RMSE of 0.19 μm, an R² of 0.989, and a MAPE of 6.8%. 

 

Figure 12. Comparison of experimental and IBOA-RBFNN 

predicted surface roughness for the 16 milling tests. 

Compared with the simulation-based results reported in 

Section 4.2, the experimental validation shows increased 

prediction errors. This difference reflects the influence of 

practical machining uncertainties, such as tool wear, machine 

vibration, thermal effects, and material heterogeneity, which are 

not explicitly represented in the deterministic Z-Map simulation 

model. 

The IBOA-RBFNN model still maintains reasonable 

agreement with experimental data, with a MAPE of 6.8%. This 

level of error is comparable to the deviation observed between 

the improved Z-Map simulation and experimental 

measurements reported in Section 4.1, indicating that the 

surrogate model preserves the predictive characteristics of the 

underlying simulation model. No significant overfitting 
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tendency is observed in the experimental validation results. 

Therefore, the proposed model can serve as an efficient 

surrogate for surface topography prediction and provides  

a practical basis for subsequent reliability analysis. 

5.3. Experimental verification of surface roughness 

reliability 

Before presenting the reliability results, it is necessary to 

consider the influence of practical uncertainties such as machine 

tool vibrations, tool wear, and material inhomogeneity, which 

are not explicitly represented in deterministic geometric 

simulations. A reliability analysis based solely on idealized 

simulation data may therefore have limited direct 

interpretability for industrial applications. 

As demonstrated in Section 5.2, the proposed IBOA-

RBFNN surrogate model, although trained on noise-free 

simulation data, has been evaluated against experimental 

measurements. The model achieves satisfactory agreement with 

experimental results (MAE = 0.16 μm, MAPE = 6.8%), 

indicating that it is able to approximate the mapping between 

process parameters and surface roughness within the 

investigated machining conditions. This provides a reasonable 

basis for using the surrogate model as the evaluation function in 

the subsequent MC simulation. 

Surface roughness reliability describes the probability that 

the surface quality remains within the specified tolerance limits 

during machining. Due to its direct influence on component 

performance, reliability evaluation is essential for quality 

control. 

To validate the proposed reliability framework, machined 

specimens under different parameter settings were measured 

using the profilometer shown in Figure 9(a). Representative 

cases (Groups 3, 6, 11, and 12) illustrating the reliability 

evaluation procedure are presented in Figure 13. The full 

experiment was conducted across all 16 specimen groups. Each 

surface was divided into 350 overlapping 2 mm × 2 mm 

subregions. For each subregion, five repeated measurements 

were taken, and the mean of the three middle values was used 

as the representative surface roughness to reduce measurement 

noise. A subregion was classified as conforming if its surface 

roughness was within the specified allowable range, and 

reliability was defined as the proportion of conforming 

subregions.  

 

Figure 13. Experimental procedure for roughness reliability evaluation: (a) Group 3, (b) Group 6, (c) Group 11, (d) Group 12. 

Table 10. Surface roughness reliability values under different methods. 

NO 
Total number of 

measuring areas 

Number of eligible 

areas 

Reliability value 

Experimental 

reliability value 
IBOA-RBFNN-MC method 

Response surface 

methodology 

Monte Carlo 

method 

1# 350 339 96. 9% 96. 41% 95. 13% 94. 56% 

2# 350 340 97. 1% 97. 33% 97. 10% 96. 66% 
3# 350 342 97. 7% 97. 54% 96. 82% 96. 96% 

4# 350 338 96. 6% 96. 72% 95. 63% 95. 25% 

5# 350 346 98. 9% 98. 46% 98. 12% 97. 35% 
6# 350 335 95. 7% 95. 82% 94. 18% 95. 35% 

7# 350 337 96. 3% 96. 54% 95. 77% 96. 21% 

8# 350 345 98. 6% 98. 40% 97. 76% 96. 79% 
9# 350 341 97. 4% 97. 32% 96. 14% 96. 27% 

10# 350 331 94. 6% 94. 24% 93. 55% 94. 11% 

11# 350 329 94. 0% 93. 74% 93. 16% 92. 78% 
12# 350 343 98. 0% 98. 12% 97. 52% 97. 41% 

13# 350 330 94. 3% 94. 15% 93. 88% 93. 57% 

14# 350 336 96. 0% 95. 76% 95. 21% 94. 98% 
15# 350 340 97. 1% 97. 23% 96. 67% 96. 56% 

16# 350 343 98. 0% 97. 88% 97. 51% 97. 34% 
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Table 10 compares the reliability results obtained using the 

proposed IBOA-RBFNN-MC framework with experimental 

measurements. The predicted results show good agreement with 

experimental data and outperform conventional response 

surface and standard MC methods in terms of accuracy 

consistency.  

A limitation of the current reliability analysis is the 

assumption that all input parameters follow independent normal 

distributions. Although this assumption is widely used in 

machining reliability studies due to its simplicity, it may not 

fully represent the statistical characteristics of real 

manufacturing processes [44].  

In particular, non-Gaussian or correlated variations may 

affect the tail behavior of the response distribution, which 

directly influences failure probability estimation. Heavy-tailed 

distributions may increase the probability of extreme surface 

roughness values, while bounded distributions may lead to 

conservative estimates. Nevertheless, under the assumed 

probabilistic framework, the proposed IBOA-RBFNN-MC 

method provides a consistent and computationally efficient 

reliability evaluation approach. Future work will focus on 

incorporating non-Gaussian and correlated uncertainty models 

to improve the realism of reliability predictions. 

6. Conclusion 

This study presents an improved Z-Map milling surface 

topography simulation model, an IBOA-RBFNN-based surface 

roughness prediction model, and an IBOA-RBFNN-MC 

framework for surface roughness reliability analysis.  

1) An improved Z-Map simulation framework was 

developed by embedding a PSO-based strategy into the 

nonlinear tool–surface intersection computation. 

Compared with conventional gradient-based solvers and 

existing Z-Map enhancement methods, the proposed 

derivative-free approach improves convergence stability 

in nonlinear tool–surface intersection computation, 

particularly in multi-solution regions. The model enables 

efficient simulation of milling surface topography under 

different combinations of fz, fp, R, and η, providing  

a computational basis for subsequent surface roughness 

prediction and reliability analysis.  

2) An IBOA-optimized RBFNN surrogate framework is 

developed for surface roughness prediction and 

reliability analysis. The framework integrates chaotic 

initialization and an adaptive inertia weight mechanism 

to enhance the performance of the IBOA optimizer in 

balancing exploration and exploitation. Comparative 

results demonstrate improved prediction accuracy and 

more stable optimization behavior under the investigated 

conditions. Trained using noise-free PSO-enhanced Z-

Map simulation data, the surrogate model provides an 

efficient mapping between machining parameters and 

surface roughness within the defined kinematic range, 

serving as the computational basis for subsequent 

reliability analysis. 

3) To address uncertainties caused by process-parameter 

fluctuations during machining, the IBOA-RBFNN 

model is employed as a surrogate function and combined 

with the MC method to construct an IBOA-RBFNN-MC 

framework for surface roughness reliability analysis. 

Experimental comparisons indicate that the proposed 

framework shows better agreement with measured 

results than response-surface-based and conventional 

MC methods. This approach enables estimation of the 

probability that surface roughness exceeds the specified 

limits under process-parameter variations, providing  

a basis for surface quality evaluation under the 

investigated milling conditions. 

4) The proposed framework is validated under a specific 

workpiece material, tool geometry, machining 

configuration, and parameter range. In addition, dynamic 

machining factors such as tool wear, cutting vibration, 

and thermal effects are not explicitly considered in the 

present model. The current analysis also assumes 

independent and normally distributed process 

parameters, which provides a practical approximation 

for reliability analysis but may not fully capture the 

actual statistical characteristics of manufacturing 

processes. Future work will extend the framework to 

broader machining conditions and incorporate dynamic 

effects as well as non-Gaussian and correlated 

uncertainty models to improve the robustness of surface-

quality evaluation.
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