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Abstract

The optimization of grinding is a multi-objective problem characterized by high dimen-
sionality, non-linearity, and complexity. Solving this multi-objective optimization (MOO)
problem is one of the most challenging tasks in the field of mechanical engineering. In-
depth research on multi-objective parameter optimization technology for grinding is of
great significance for improving processing efficiency, optimizing product quality, and
reducing energy consumption. This paper takes the multi-objective optimization problem
of grinding as its starting point. First, it introduces the basic theory of multi-objective
optimization and two primary methods for solving such problems: optimization target
dimension reduction and multi-objective optimization. Second, the key technologies of the
two methods are reviewed, including the modeling method of the optimization problem,
the multi-objective optimization algorithm for solving the optimization model, and the
prior and posterior trade-off methods used to obtain the compromised optimal solutions.
Finally, the existing problems of the multi-objective optimization methods in grinding
processing are summarized and the future development trends are predicted. This paper
aims to provide researchers with a comprehensive understanding of the multi-objective
optimization technology in grinding processing, enabling them to make more reasonable
decisions when dealing with actual multi-objective optimization problems.

Keywords: grinding process; multi-objective optimization; objective function modeling;
trade-offs; optimization algorithms

1. Introduction

Grinding achieves high precision and surface quality through the cutting action of
disordered abrasive grains. This makes it essential for high-precision manufacturing in
aerospace, automotive, and medical sectors [1-3]. Optimizing process parameters is crucial
to balance quality, costs, and production time. However, due to the inherent complexity
of grinding, its optimization problem is characterized by large scale, high nonlinearity,
and multiple objectives and constraints [4-6]. This challenge primarily arises from two
aspects: Firstly, the random size and distribution of abrasive grains hinder precise control
over wheel surface finish and dimensional accuracy. This randomness exacerbates the
nonlinearity between the inputs and outputs in the process. Secondly, multi-objective
optimization requires managing numerous interacting variables to achieve optimal process
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conditions [7,8]. Therefore, multi-objective optimization of grinding machining remains a
challenging problem in the field of mechanical engineering [9,10]. Recent studies, such as
the multi-objective optimization of surface grinding for heat-treated steel [11], highlight
the ongoing relevance and complexity of this domain.

Traditional single-objective optimization methods [12] struggle to balance and opti-
mize multiple conflicting objectives. To address a multi-objective optimization problem,
two primary steps are typically undertaken: First, the optimization problem is defined
and modeled, with the objective function abstracted as a formal expression. This includes
defining the decision variables, constraints, and the mapping between them, encompassing
both theoretical and empirical modeling. Second, the defined mathematical model is solved
using appropriate and effective methods to obtain one or more optimal solutions [13,14].
Between modeling and decision-making, two main trade-off approaches can address mul-
tiple conflicting objectives and thus obtain the best solution for different optimization
problems and applications. These are known as multi-objective optimization trade-off
methods, which primarily include the a priori weight analysis method [15,16] and the
Pareto-dominated a posteriori decision-making method [17]. A priori methods assign
weights before optimization, while a posteriori methods identify a Pareto set before final
selection. The detailed research framework of multi-objective optimization is illustrated in
Figure 1. Previous studies have proved the effectiveness of multi-objective optimization
in solving grinding target conflicts. Agarwal et al. [18] successfully balanced the material
removal rate (MRR) and surface integrity by combining the response surface method (RSM)
and genetic algorithm. Subsequently, Ming et al. [19] and Xiao et al. [20] used improved
NSGA-II and principal component analysis (PCA), respectively, to realize the nonlinear
mapping of machine tool processing parameters with grinding efficiency and surface qual-
ity. These studies have shown that the comprehensive performance of the grinding process
can be significantly improved by establishing accurate models and matching appropriate
trade-off strategies.
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Figure 1. General framework of multi-objective process parameter optimization for grinding machining.
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However, the application of multi-objective optimization theory in grinding processing

remains immature, facing several key issues and challenges:

1.

The modeling of complex objective functions is constrained by the process coupling
phenomenon in grinding, making it difficult to accurately capture the nonlinear
relationship between decision variables and processing objectives. For instance,
changes in grinding process parameters may slightly affect surface roughness but
significantly alter total energy consumption [21]. Both standard ANN models and
empirical formulas lack generalization and robustness in addressing such problems,
leading to poor prediction accuracy and, consequently, affecting optimization results.
Depending on the difficulty level of different problems and changes in the environ-
ment and constraints, the a priori approach often involves strong subjective bias when
assigning objectives in most scholarly research [22-24]. This results in low scientific
validity and credibility of optimization outcomes. In the a posteriori approach, even
though the Pareto frontier’s optimal solution set is obtained [25-27], the optimal com-
promise solution remains unknown. To identify the optimal compromise solution, it
is essential to employ more objective and quantitative methods for evaluating process
solutions within the solution set.

Classical metaheuristic algorithms often encounter local optima or exhibit slow con-
vergence when addressing multi-objective optimization problems [11,28], posing
challenges to achieving both optimization accuracy and efficiency. There is a lack
of further tests and evaluations on the distribution and convergence degree of the
Pareto front obtained by solving multi-objective optimization algorithms with Pareto-
dominant operators [29,30]. This area of research has not received sufficient attention
in existing literature.

Therefore, to address the aforementioned issues, the main contributions of this paper

are as follows:

1.

This paper summarizes the overall framework of multi-objective optimization tech-
niques in grinding processes, providing a solution flow for multi-objective optimiza-
tion problems that includes “objective function modeling—multi-objective optimiza-
tion trade-off methods—multi-objective optimization algorithms,” while systemati-
cally reviewing existing multi-objective optimization solution methods.

This paper conducts a classification study on objective function modeling methods,
multi-objective optimization compromise methods, and multi-objective optimization
solution algorithms. By combining different optimization objectives, it addresses
multi-objective optimization problems in grinding processes, compares various meth-
ods, and provides references for optimizing grinding process parameters.

This paper discusses the shortcomings of existing multi-objective solution methods,
analyzes future development trends, and offers insights for researchers in the field to
conduct more in-depth studies.

To ensure a systematic and transparent literature review, this study collected docu-

ments through structured searches of databases including CNKI, Web of Science, Scopus,

and IEEE Xplore. The search employed keywords such as “multi-objective optimization,”

“grinding process,” “Pareto optimality,” and “machine learning in machining,” covering

various grinding process types like surface grinding, cylindrical grinding, and belt grind-

ing, with the time frame limited to 2010-2025. Literature selection followed three criteria:

(i) focusing on at least two conflicting objectives; (ii) explicitly describing optimization

algorithms; and (iii) including experimental validation.
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2. Multi-Objective Optimization Problems in Grinding and
Solution Approaches

2.1. Definition and Fundamental Concepts of Multi-Objective Optimization in Grinding
2.1.1. Multi-Objective Optimization Problems

A multi-objective optimization problem involves solving for at least two objectives,
either minimizing or maximizing the objective function. For instance, in a minimization
problem, any multi-objective optimization problem can be represented by the following
generic mathematical model:

Minimize : F(x) = (f1(x), f2(x),..., fm(x)) x € Q
Subjectto: gi(x) <0i=1,2,...,9
hi(x) =0j=1,2,...,p
x=(x1,x2,...,%) € Q

(1)

where x = (x1,x3,...,X,) are n-dimensional decision variables, x € Q) is an n-dimensional
defining domain space, m is the number of objective functions, and F(x) is called a multi-
objective optimization problem when m > 2. Crucially, each decision variable must influ-
ence at least one objective. If a variable affects only a single objective without conflict, the
problem reduces to simpler single-objective optimization.

2.1.2. Pareto Optimality Concepts for Multi-Objective Optimization

(1) Pareto dominance

The individual 7 is said to dominate the individual j in a multi-objective optimization
problem if the individual 7 is better than the individual j in at least one objective and is not
inferior to the individual j in all objectives, denoted as:

Vie (1,2,...,m): fi(x) < fily) @)
AFje (1,2,...,m): fi(x) < fi(y)

(2) Pareto-optimal solution

A feasible solution (x) is considered Pareto-optimal or non-dominated if and only if
no other feasible solution dominates (x).

(3) Pareto-optimal solution set

The ensemble of all solutions that are Pareto-optimal is referred to as the Pareto-
optimal set. Solutions within this set are superior to other solutions and are not directly
comparable to each other.

(4) Pareto frontier

A Pareto set mapped into the target space is referred to as a Pareto front.

To better illustrate the theory of multi-objective optimization, Figure 2 takes the dual-
objective optimization problem as an example to describe the relationship between the
decision space and the objective space, as well as the definition of Pareto-optimal solutions.
The infeasible region is determined by the constraints of the multi-objective optimization
problem, among solutions of the same layer, there is no dominance relationship. Each
solution in the first layer can dominate solutions in other layers to its upper right; this layer
is called the Pareto front.
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2.2. Multi-Objective Optimization Strategies for Grinding
2.2.1. Objective Function Dimension Reduction Methods in Grinding Optimization

Dimension reduction strategies simplify the process by merging multiple objectives
into a single comprehensive function. In the actual problem of multi-objective optimization
in grinding processing, the influence degrees of each influencing factor on the objective
function vary from one another. Meanwhile, each objective has different trends according
to the changes in the factors. At this point, to take into account multiple objectives simul-
taneously, it is necessary to establish a reasonable comprehensive evaluation system to
simplify the multi-objective optimization problem [31].
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Figure 2. The relationship between decision space and objective space and the definition of the
solution to the bi-objective problem.

The weighted sum method represents the most straightforward and direct approach
to simplifying multi-objective optimization problems. Its principle can be mathematically
expressed [32]:

min f(x) = minf[wy f1(x) + wafa(x) + ... Wufn(x)] 3)

where f; is the objective function, w; is the weight coefficients, and satisfies ) ' ; w;. The com-
bined objective function can be addressed using an optimization algorithm to determine
the optimal parameter combination. Li et al. [33] employed the weighted sum method to
establish a comprehensive mathematical model aimed at minimizing vibration and surface
roughness. They solved the model using a genetic algorithm, achieving an optimal combi-
nation of process parameters that reduced vibration by 35.81% and improved roughness
by 3.51% compared to pre-optimization. Yang et al. [31] examined how grinding process
parameters affect surface roughness, material removal rate, and fatigue life. They used
the entropy weighting method and expert scoring method to assign weights to the three
objective functions and optimized the solution using a genetic algorithm. This approach
resulted in better surface quality and a significant improvement in material removal rate.

Taguchi-grey correlation analysis employs grey correlation to quantify the strength of
relationships between factors. Its basic idea is to obtain the correlation between factors and
their corresponding relationships through mathematical analysis based on experimental
data [34,35]. Prabhu et al. [36] employed orthogonal array and grey correlation analysis for
optimizing multiple responses, specifically surface roughness and material removal rate,
in the grinding process of single-walled carbon nanotubes (CNTs) using hybrid grinding
fluids. The grinding process results, corresponding to the process parameter values, were
converted into individual grey relational levels. The optimal process parameters were then
determined based on these grey correlation levels.
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Since its introduction by Derringer and Suich, the response surface-expectation func-
tion method, known as Desirability Functions, has been extensively utilized to tackle
multi-response optimization problems in industry [37]. This approach converts multi-
ple response issues into a single, scale-free integrated objective function, often referred
to as the integrated expectation function [38]. The objective is to identify the optimal
input conditions that maximize this composite expectation function, thereby enhancing
overall satisfaction with all responses [39]. The composite expectation function can be
the geometric mean of the individual expectation functions [40], the weighted geometric
mean [41], or the minimum operator [38]. The detailed process is illustrated in Figure 3.
This flowchart outlines the systematic application of the Expectation Function Approach for
multi-objective optimization. The method proceeds by first developing regression models
for all outputs. Then, individual desirability functions are calculated for each output based
on specific criteria (target-the-better, smaller-the-better, or larger-the-better). These individ-
ual desirabilities are subsequently combined into an overall composite desirability using
the geometric mean. The optimal input parameters are then identified by maximizing this
overall desirability. The final step involves visualizing the influence of input parameters on
both individual outputs and overall desirability through surface and contour plots.

Developing fitted response models
for all outputs with regression
equation
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Figure 3. Flowchart of the Expectation Function Approach [39].

Wang et al. [42] employed the response surface methodology (RSM) to establish mul-
tiple regression models for various response indicators. They conducted multi-response
optimization of surface roughness (Ra) and material removal rate (MRR) using the desir-
ability function approach to balance grinding quality with machining efficiency. Unune
et al. [43] applied the desirability function method to optimize both material removal rate
and average surface roughness during diamond grinding using hybrid abrasive-mixed
electrical discharge machining (EDM), identifying the parameter combination with the
highest overall desirability as the optimal solution.

Dimension reduction simplifies MOO by transforming it into a single-objective prob-
lem. However, this method ignores the nature of the conflict between objectives and
relies heavily on the setting of the weight of the objective function. Moreover, only one
optimal solution can be obtained in each solution, and the process of repeatedly solving
the objective function is relatively complex, which makes it difficult to provide decision
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makers with more comprehensive choices. It is often applied to optimization problems
with clear weights.

2.2.2. Multi-Objective Optimization Approaches for Grinding

In MOO, conflicting objectives and disparate units often make weight calculation
complex and dimension reduction inefficient. At this point, it is necessary to coordinate
multiple conflicting objectives. Under the premise of ensuring the balance among various
objectives, multi-objective optimization algorithms are adopted to search for the global
optimal solution in the solution space. This is called multi-objective optimization.

Unlike dimensionality reduction methods, multi-objective optimization algorithms
can simultaneously optimize each objective function to obtain a Pareto-optimal solution
set, from which decision-makers can select the most suitable solution [44]. Jiang et al. [27]
proposed a multi-objective optimization model that comprehensively evaluates machining
time, energy efficiency, and cost in the grinding process. Using an improved fast non-
dominated sorting genetic algorithm (NSGA-II) for optimization, the optimized grinding
parameters achieved a 16.01% reduction in machining time, a 21.95% improvement in
energy efficiency, and a 15.71% cost reduction. Xiao et al. [20] focused on the titanium
alloy belt grinding process, as shown in Figure 4, considering dual indicators of machining
efficiency and surface quality. They developed an intelligent parameter optimization
method based on an improved NSGA-II algorithm and employed principal component
analysis to determine the optimal solution from the Pareto frontier.
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Figure 4. Schematic diagram of the intelligent process parameter optimization method [20] (Repro-
duced with permission from Springer Ltd.).

Table 1 summarizes the principles, advantages and disadvantages of the two opti-
mization methods. Compared with the objective function dimension reduction strategy,
the multi-objective optimization method can use the intelligent optimization algorithm to
solve the multi-objective optimization model without coupling the objectives, maintain
the individual characteristics of each optimization objective, avoid the complex trade-off
operation between multiple conflicting objective functions, and provide decision makers
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with a variety of solution sets. However, this method has high performance requirements
for the algorithm. In the face of different practical problems, the algorithm also needs to be
improved to varying degrees.

Table 1. Comparison of the principles of two multi-objective optimization schemes for grinding

machining and their advantages and disadvantages.

Optimization

Mode Methods Optimization Principle Vantage Disadvantage Studies
Weichted Dimensionality
gtec reduction by assignment
sum-optimization loorith [31-33]
aloorithms and algorithms
J for solution .
Optimization ; Ignoring the
objective Taguchi-Grey Compgrmg the Reduced problem nature of the
dimension Correlation Analysis magnitude of complexity conflict between [35,36]
reduction grey correlations the goals
Response .
surface-expectation Compare the size O.f the [42,43]
function method combined expectations
Pareto-dominated a Diverse solution High demands on
Multi-objective posteriori Decision making in the sefs improve the algorithm and [27,45]
optimization decision-making pareto solution set e's tmp high cost of !
decision accuracy A
methods optimization

3. Objective Function Modeling Techniques for Grinding Processes

Clarifying the optimization problem and abstracting it into a regular expression is
the first step to solving the multi-objective optimization problem. The accuracy of the
objective function model seriously affects the results of multi-objective optimization [46]. A
generalized mathematical model for multi-objective optimization includes three elements:
the objective function, decision variables, and constraints. Since the decision variables and
constraints are determined by actual environmental conditions and machining require-
ments, the modeling of multi-objective optimization can be attributed to two modeling
methods for the objective function of grinding optimization, namely theoretical modeling
and empirical modeling.

3.1. Theoretical Modeling Approaches for Grinding Objective Functions

Theoretical modeling derives relationships between variables and machining targets
based on established grinding physics. Objectives like grinding force, roughness, and
MRR are governed by specific analytical formulas. The modeling process often involves
various assumptions based on the mechanisms of material removal and the thickness of
the undeformed chip, as seen in the derivation of basic grinding theory.

Theoretical modeling reveals the grinding mechanism through physical evolution. In
terms of environmental indicators modeling, Deng et al. [45] and Ding et al. [47] established
a physical model of processing time and carbon utilization efficiency by analyzing the
flow of carbon emissions and the mechanism of grinding energy consumption. In terms
of quality prediction, Zhu et al. [48] and Luo et al. [49] derived the analytical expressions
of surface roughness and grinding force based on single particle cutting theory and un-
deformed chip thickness model (such as Rayleigh distribution). Although these models
have strong physical interpretability, their prediction accuracy is still limited by idealized
assumptions under long-period conditions because they ignore process drift factors such
as grinding wheel passivation.

The theoretical model as the objective function for multi-objective optimization is
mainly restricted by two factors [49]. First, the prediction accuracy of a single theoretical
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model is low due to the introduction of various assumptions. Second, according to the
definition of a multi-objective optimization problem, each variable in the decision space
must have a mapping with the objective function, However, the formation mechanism
and derivation process of different processing objectives are not the same, and there
is not a simple linear relationship between the optimization objectives and the process
parameters. This leads to inconsistent process parameters in different theoretical model
expressions. Therefore, multiple theoretical models make it difficult to perform multi-
objective optimization as objective functions at the same time.

Ding [47] regards the cutting process of a single abrasive grain as the result of the
interaction between the abrasive grain and the workpiece material, and establishes the
grinding force model of different stages changing with time. The key parameters related
to energy consumption and processing time are obtained. The mechanism model of
energy consumption and the empirical model of processing time are established. The
parameters optimized by the improved bee evolutionary genetic algorithm (I-BEGA) are
used for grinding, which reduces the energy consumption by 12.3% and the processing
time by 15.4%.

The theoretical model is based on rigorous mathematical derivation, capable of reveal-
ing the variation patterns between different process parameters and optimization objectives,
which facilitates a deeper understanding of the grinding process mechanism and reflects
the key factors of practical issues. However, theoretical modeling requires multiple assump-
tions to simplify the derivation process, neglecting complex phenomena such as wheel
dulling and thermo-mechanical coupling in actual grinding. Most existing theoretical
models for grinding forces or surface roughness are based on the ideal assumption of
a ‘sharp wheel.” Yet, in practical machining, wheel wear causes the geometric shape of
cutting edges to evolve over time. This dynamic evolution not only significantly alters the
force-heat distribution ratio but also leads to a deviation in the initially optimized objective
function. Ignoring the cumulative thermal effects over time can result in severe prediction
distortions in long-step machining processes.

3.2. Empirical Modeling Techniques in Grinding

Empirical modeling relies on extensive experimental data to establish a functional
relationship between grinding conditions and outcomes, without the need to analyze the
actual grinding process mechanism. Depending on the form of modeling, it can be divided
into data analysis methods with specific formulas and machine learning methods without
specific formulas [50].

3.2.1. Empirical Modeling Method Based on Data Analysis

The data analysis method describes the relationship between variables by organiz-
ing and analyzing extensive experimental data through regression fitting with specific
mathematical formulas.

Orthogonal experimental design, combined with regression analysis, is frequently
used to construct empirical models that map relationships between process variables and
machining outcomes. Zhan et al. [51] and Li et al. [33] quantified the nonlinear effects of
grinding depth and rotational speed on surface roughness and vibration through orthogonal
experiments and quadratic regression analysis, with model correlation coefficients R? all
exceeding 0.95. The orthogonal experimental method is a kind of method that focuses on
conducting experiments on some influencing factors. The number of experimental groups
is relatively small. When there are many factors, the complex interaction among multiple
factors is difficult to express through the orthogonal experimental method [52]. RSM fits the
model coefficients based on the least squares method and presents the interaction between
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process parameters and optimization indicators through contour plots or response surface
plots, as shown in the formula:

k k k
Y:BOJFZ,Bixi+2ﬁiix%+2ﬁijxin+£ (4)
i—1 i—1

i<j

where B;x; is a linear term, ,Biixiz is a quadratic term, B;;x;x; is an interaction term, and ¢ is
an error term.

The regression analysis of Response Surface Methodology (RSM) needs to deal with
the quadratic term and the possible interaction term, and needs more experimental data
as support, but it can reveal the nonlinear relationship and help to find the optimal com-
bination of process parameters [53,54]. Puri et al. [55] used the response surface method
to design the experimental group with current density, material removal rate and surface
finish as the main optimization indices. Through multiple linear regression analysis, the
mathematical formulas of the three optimization indexes were obtained by fitting, and
the optimal combination of process parameters was obtained based on the expectation
function method.

Ren et al. [56] employed the response surface methodology to establish regression
models between grinding parameters and surface roughness, surface hardness, and resid-
ual stress. The errors between the model’s predicted values and measured values were
0.16% for hardness, 1.81% for roughness, 4.17% for normal residual stress, and 3.22% for
tangential residual stress. Studies by Dai [57] and Quan et al. [54] demonstrated that
optimal parameters meeting requirements could be obtained by defining constraints from
the contour maps of established response surface models. However, the selection of these
optimized parameters is susceptible to the influence of objective function weights, thus
lacking universality.

Based on the empirical model established by the data analysis method, the specific
formula is obtained by fitting to reflect the relationship between the process parameters and
the processing results, which has certain interpretability. However, the model is divorced
from the actual theory and has high quality requirements for the experimental data set.
Once the experimental conditions change, the fitted empirical coefficient also needs to
be re-measured.

3.2.2. Empirical Modeling Method Based on Machine Learning

Establishing highly nonlinear predictive models that capture the conflicting input-
output relationships in grinding processes has always been challenging, and the application
of artificial intelligence techniques has opened new avenues for solving such problems [58].
The data-driven empirical modeling approach based on machine learning treats the grind-
ing process as an end-to-end (input—output) black-box system, leveraging extensive experi-
mental data to capture complex nonlinear relationships.

Artificial Neural Networks (ANNs) are machine learning methods that mimic the
structure and function of biological neural systems. Through hierarchical nonlinear compu-
tational units (neurons) and learnable weight parameters, they achieve adaptive feature
extraction from data and model complex mapping [59]. Gopan et al. [60] employed ANN
and Response Surface Methodology (RSM) to establish predictive models for the relation-
ship between machining parameters and surface roughness/cutting force in the grinding
of AISI D2 steel. As shown in Figure 5a, the results demonstrated that ANN significantly
outperformed RSM in prediction accuracy. However, since ANN typically initializes
weights randomly, simple networks are prone to getting trapped in local optima, increasing
optimization difficulty [61]. Zhang et al. [62] leveraged the strong search capabilities of
bio-inspired intelligent algorithms by introducing Particle Swarm Optimization (PSO) and
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Genetic Algorithm (GA) to optimize the weights and thresholds of the Backpropagation (BP)
algorithm. Their results showed that the PSO-BP-based model achieved the highest predic-
tion accuracy for surface roughness in the abrasive belt grinding of GH4169 superalloy. Liu
et al. [63] introduced an Adaptive Genetic Algorithm (AGA), improving the computational
speed and precision of GA during evolution. By combining AGA with BP, they established
an optimization model for precision grinding parameters of ceramic spherical surfaces.
Experimental results confirmed that the prediction errors were below 5%. Wang et al. [64]
developed a nonlinear parameter optimization model based on an improved Adaptive
Artificial Neural Network (aANN)), as illustrated in Figure 5b. This model was applied to
predict surface roughness, machining efficiency, and energy consumption during grinding,
achieving prediction correlation coefficients (R2) of 0.9966, 0.9935, 0.9993, and 0.9466 for the
four optimization objectives, demonstrating superior predictive performance compared to
conventional ANN.

Hidden layers

© ®
Input layer e{ . Out layer
@ ‘VII', b, .

‘2
b @
¢ :
Ve, di:
® .V

Figure 5. Comparison of ANN and aANN model structures. (a) ANN [60]; (b) aAAN [64] (Repro-
duced with permission from Springer Ltd.).

Although integrating intelligent algorithms like PSO and GA for weight optimization
or adopting adaptive mechanisms can significantly enhance prediction accuracy, these meth-
ods still struggle to mitigate overfitting risks. In grinding research, experimental samples
are often limited due to high costs, and complex models may overfit noise in small datasets,
leading to reduced robustness when handling unseen conditions in real-world production.

Neural network models are trained based on input-output data and represent a
typical type of black-box model. Qazani et al. [65] employed an adaptive neuro-fuzzy infer-
ence system (ANFIS) to model the process parameters and machining outcomes in rotary
ultrasonic-assisted grinding, as illustrated in Figure 6. This method adaptively adjusts
fuzzy logic rules and parameters based on the training dataset, generating a model with
interpretable fuzzy rules that enhances the explainability of the neural network. Although
ANFIS attempts to improve model interpretability through fuzzy rules, most models still
operate as “black-box” mechanisms, failing to reveal the physical essence of energy distri-
bution, wear evolution, and thermomechanical coupling during grinding. Consequently,
while optimization results may be mathematically optimal, they lack physical interpretabil-
ity to guide process interventions, making it difficult for engineers to trust the black-box
predictions under extreme conditions.

Support vector machines (SVMs) offer advantages in handling small-scale datasets
and linearly separable problems. Zhang et al. [66] developed a surface roughness prediction
model using SVM, with grinding process parameters and abrasive belt wear quality as
inputs and surface roughness as the output. By employing a Gaussian kernel function, they
transformed nonlinear problems into linear ones in a high-dimensional space, achieving
over 95% prediction accuracy (as shown in Figure 7). Xie et al. [67] utilized the particle
swarm optimization (PSO) algorithm, renowned for its superior global search capability,
to optimize three hyperparameters of SVM. These optimized hyperparameters were then
applied to the SVM model to predict the flow coefficient and grinding efficiency in nee-
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dle valve body extrusion grinding. Test results demonstrated that the PSO-SVM model
achieved a fitting accuracy of 97.8%.
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Figure 6. Adaptive fuzzy inference system model structures [65] (Reproduced with permission from
Elsevier Ltd.).
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Figure 7. SVM model structures [66].

However, due to variations in dynamic stiffness characteristics among different ma-
chine tools and fluctuations in the physical properties of workpiece batches, a high-accuracy
model trained for a specific experimental setup often suffers from rapid performance degra-
dation when applied across different machines or materials. Therefore, enhancing both
the generalization capability and physical interpretability of models while maintaining
accuracy remains a critical challenge in intelligent grinding modeling.

Table 2 summarizes the common objective function modeling methods in grinding
processing. Although theoretical models generally exhibit lower absolute predictive accu-
racy than data-driven models due to simplified assumptions (such as ideal abrasive grain
geometry), they demonstrate exceptional robustness. Rooted in energy conservation and
material removal physics, these models never produce predictions that violate physical
principles, even under extreme operating conditions. Moreover, they possess strong gener-
alization capabilities, with physical parameters (e.g., specific grinding energy, single-grit
cutting depth) maintaining reasonable universality across different machine tools.

Regression models offer a balanced compromise between theory and data, delivering
good predictive accuracy within specific experimental ranges. However, their general-
ization capability is extremely poor—predictions are strictly confined by the parameter
boundaries of the experimental design (DoE). Once material properties or cooling condi-
tions exceed the tested range, model accuracy deteriorates rapidly.
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Table 2. Comprehensive performance comparison of different modeling methods for grinding

objective functions.

Prediction Generalization Physical Data .
Category Accuracy Robustness Ability Interpretability Requirement Typical Defects
Low to Medium  Extremely High  High (physical Extremely Ignores
. . Strong Extremely Low .
. (limited by (based on mechanisms are . dynamic
Theoretical . . . (parameters (derived from
physical physical laws, generalizable . complex factors
model P have clear prior
simplification stable across . such as wheel
. . . physical knowledge)
assumptions) predictions) scenarios) . wear
meanings)
Verv low Explosive
Moderate yery oW Moderate growth in term
(strictly limited Moderate
. (accurate only Moderate (capable of count when
Regression - I, by . (dependent on .
within the (sensitive to . analyzing . calculating
model . . experimental . . experimental
experimental outliers) . interaction : complex
. condition design scheme) . )
window) . effects) interaction
boundaries)
terms
Low . .
High (excels at (susceptible to LOW. (heavily IYery Poor . Very High Data scarcity
. . . reliant on (“black box : leads to
Machine capturing data noise, e . . (requires large o
. . specific training mechanism, . generalization
learning complex leading to e . sample sizes to -
. . sets, difficult to hard to guide failure and lack
models nonlinear physically A prevent
. : transfer across physical -~ of
mappings) incorrect . . . overfitting) s
. materials) interventions) transferability
predictions)

Models like ANN and SVM achieve exceptional predictive accuracy by capturing
high-dimensional nonlinear features. Yet this high precision often comes with the risk
of low robustness, manifesting as overfitting. As “black-box” systems lacking physical
interpretability, ML models cannot distinguish between signal noise and genuine physical
drift. In grinding processes with time-varying characteristics (e.g., wheel wear), data
scarcity or outliers lead to severely compromised generalization when transferring models
across equipment.

4. Multi-Objective Optimization Trade-Off Strategies in Grinding

Between modeling and decision making, there are several approaches to address
multi-objective optimization problems to satisfy the decision maker’s preferences and
needs. These approaches, known as multi-objective optimization trade-offs, include a
priori [68], a posteriori [29], and interactive [69] methods. Corresponding, respectively,
to the situation where the decision-makers participate in the decision-making before the
optimization starts, after the optimization ends, or during the optimization process, the
way to find the solution largely depends on when the decision-makers take action [70]. The
first two methods are the most commonly applied in grinding machining and are discussed
in detail below.

4.1. A Priori Weight Analysis for Objective Dimension Reduction in Grinding

Prior weight analysis uses expert knowledge to aggregate multiple objectives into
a single-objective problem before optimization. The prior weights of the optimization
targets can be calculated by using methods such as weighted sum, goal programming
or constraints [13]. At present, the prevalent methods for assigning weights in grinding
processes are predominantly based on the weighted sum approach. These methods can be
classified into three categories: subjective assignment, objective assignment, and a hybrid
of both subjective and objective assignments.
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Subjective assignment is the simplest method, relying on the decision-maker’s ex-
pertise and preferences. Li et al. [71] established a comprehensive evaluation model for
the radial wear of grinding wheels and workpiece surface roughness during ELID form
grinding of ball bearing outer ring raceways. By adjusting the relative weights of surface
roughness and wheel wear, the priority optimization objectives were determined. Liu
et al. [72] employed a linear weighting method for dual-objective optimization of grinding
temperature and surface roughness, with weights determined based on actual require-
ments at different processing stages. Although subjective weighting methods are simple
and intuitive, they rely entirely on expert experience and overlook the interrelationships
between objectives.

Objective weighting methods quantify experimental data in decision-making prob-
lems to avoid reliance on expert knowledge [73]. These include the entropy weight method
and principal component analysis (PCA). The entropy weight method, as a multi-objective
comprehensive evaluation technique, assigns weight coefficients based on the degree of
variation in target values [74], with its calculation process illustrated in Figure 8a. To opti-
mize the ultrasonic vibration-assisted spiral grinding hole-making process, Lin et al. [75]
employed the entropy weight method to determine the relative weights of grinding force,
hole wall surface roughness, and hole bottom surface roughness. PCA objectively deter-
mines the relative importance of indicators through data dimensionality reduction based
on variance contribution rates, with its calculation process shown in Figure 8b. Arshad
et al. [76] used PCA to evaluate the weighted values of various performance characteristics,
effectively obtaining the optimal process combination for centerless cylindrical grinding
parameters. Liu et al. [77] constructed a PCA covariance matrix to derive the weights
of profile deviation and surface roughness based on the variance contribution rates of
principal components, significantly reducing the profile deviation and surface roughness
of bearing rings.
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(a)The calculation process of the entropy weight method

(b)The calculation process of PCA method

Figure 8. Calculation process of entropy weight method and PCA method: (a) Entropy weight
method [74]; (b) PCA [75].

Relying solely on subjective weighting methods makes it difficult to reflect the corre-
lation between indicators and data, while an exclusive focus on objectivity fails to meet
decision-makers’ preferences and actual product processing requirements. Combined
weighting effectively addresses this issue. Zhang et al. [78], in their application of ELID
grinding for outer ring grooves in actual production, determined the subjective weights
for surface roughness and profile, and then obtained objective weights using the entropy
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weight method. Lv et al. [79] integrated the Analytic Hierarchy Process (AHP) with the
CRITIC method to determine combined indicator weights, resulting in optimized outcomes
that reduced energy consumption by 4.69% and decreased machining time by 26.94%.

To address the issue of insufficient objectivity in combined weights, Dai et al. [80]
employed an improved CRITIC method, constructing a weight matrix to calculate the
relative information content of each weight. They used the relative proportion of weights
as coefficients to achieve combined weights, with the resulting optimal process signifi-
cantly improving machining efficiency and surface quality. Deng et al. [81] utilized the
coefficient of variation method to assess the variability of each indicator, assigning higher
weight proportions to indicators with greater variability. This approach determined the
combined weights and overcame the imbalance problem inherent in traditional combined
weighting methods.

However, the a priori weighting method faces significant challenges in industrial prac-
tice due to preference uncertainty. In actual production, decision-makers’ preferences are
not static. For example, in the precision grinding of aero-engine blades, when the produc-
tion cycle is in its early stages and equipment conditions are optimal, decision-makers may
prioritize high surface quality (assigning higher weights). Since the a priori method locks in
weights before optimization, it struggles to adapt to such dynamic production constraints.

4.2. A Posteriori Pareto-Dominated Decision-Making Mechanisms in Grinding

Unlike the computationally rigid a priori method, the a posteriori approach uses a
“generation-then-selection” mechanism based on Pareto dominance to solve the multi-
objective optimization model first, obtaining the Pareto-optimal solution set. Then, from
the solution set, the optimal solution that satisfies the decision-maker’s preferences is
selected. This provides a new approach for balancing the conflicting optimization problems
of objective functions in grinding processing [82].

The a posteriori approach comprises two essential components. Firstly, it employs
sophisticated multi-objective optimization algorithms to attain a uniformly distributed
and extensive Pareto frontier, which cannot be achieved by repeatedly solving a weighted
composite objective function using conventional heuristic algorithms [83]. Secondly, it
adopts a rational decision-making methodology to pinpoint the optimal compromise from
the Pareto frontier.

Metaheuristic algorithms using Pareto dominance operators effectively balance so-
lution accuracy and distribution. For example, in MOPSO, the Pareto-optimal solution
in the less populated part of the solution space is more likely to be selected as the leader
of the other particles [84]. In NSGA-II, the Pareto-optimal solutions are ranked and as-
signed numbers based on the concept of non-dominated sorting. The crowding distance
is used to maintain the diversity of the population solutions, ensuring their uniform dis-
tribution on the Pareto front [85]. These two mechanisms provide better Pareto-optimal
solutions with higher chances of participating in the creation of the next generation, thereby
improving coverage.

The Pareto-optimal solution set obtained through multi-objective optimization algo-
rithms must be presented to decision-makers in graphical or tabular form, as shown in
Figure 9. However, although the solutions in the set are non-dominated with respect to each
other, from a practical application perspective, typically only one final solution is needed.
Therefore, various methods can be employed to make decisions from the Pareto solution set:
Liu et al. [86], after obtaining the Pareto-optimal solutions via a particle swarm algorithm,
used the Analytic Hierarchy Process (AHP) to construct a judgment matrix for evaluating
the importance of different indicators in the solution set, applied grey relational coefficients
to eliminate dimensional differences among solutions, and ranked the solutions based on
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relational degree values to determine the best compromise solution; Li et al. [87] proposed
a fuzzy multi-objective decision-making model based on fuzzy sets, which calculates the
comprehensive fuzzy value of each alternative and selects the highest-scoring solution as
the optimal one; Wang et al. [88] and Xiang et al. [89] employed the Technique for Order
of Preference by Similarity to Ideal Solution (TOPSIS) for decision-making, identifying
positive and negative ideal solution sets and calculating the closeness of each solution to
the ideal solution, and then ranking them by closeness to obtain the optimal solution.
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Figure 9. Visualization of Pareto-optimal solution set chart.

While the posterior method offers a diverse set of candidate solutions, it encounters
the issue of “decision fatigue” in industrial settings. Faced with complex Pareto frontiers,
technicians often lack fast, quantitative tools to identify the optimal solution. Particularly
under dynamic conditions, such as the degradation of grinding fluid performance, the
distribution of optimal solution sets may shift. Existing posterior decision-making methods
predominantly rely on static techniques like TOPSIS or grey relational analysis, lacking
robustness against random fluctuations during processing. Therefore, integrating real-time
machine tool state data with decision-makers’ vague preferences is key to enabling the
industrial application of posterior decision-making. Table 3 provides further details.

Table 3. Summary of characteristics and applications of different trade-off methods.

Trade-Off Method Name Characteristics Applicable Scope Preference Uncertainty
subjective Easy to operate, relying The ambiguity of
empowerment on expert experience Grinding scenarios human experience
Weights are calculated with fewer objective
objective through formulas, functions and simpler The limitations of
empowerment ensuring rigorous weight calculations data samples
weighting
Priori welghtmg Extreme vulnerability
analysis Dependent on engineers’ to preference
prior knowledge. Clear priority of uncertainty; once the
Portfolio Adaptive weight objectives, such as production
adjustment can partially surface integrity in environment changes,
empowerment . . . .
address dynamic aerospace material static weights can lead

constraints during the
grinding process

grinding

to significant
deviations from
optimal processes
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Table 3. Cont.

Trade-Off Method

Name

Characteristics

Applicable Scope

Preference Uncertainty

Posterior
decision-making
mechanism

Pareto front +
decision-making
algorithms (TOPSIS,
GRA)

A solution set is
provided upon

optimization completion.

In industrial settings,

“decision fatigue” is

common—operators
must make secondary

trade-offs among
multiple non-dominated
solutions while

struggling to integrate

Intense conflicts
between objectives
with unclear evolution
patterns, such as in
composite material
grinding

Slow response when
dealing with highly
dynamic constraints
(such as real-time
vibration fluctuations
in machine tools), and
an excessively large
solution set increases
decision-making risks

sudden production
constraints

W Hierarchical analysis
Fuzzy theory
ETopsis

BEmpirical analysis

@ No decision-making

To better analyze the characteristics of these two weight analysis methods, the authors
summarize the frequency of occurrence of these two methods over the last 15 years, as
shown in Figure 10. Compared to pure Pareto-based decision-making, combined weighting
can integrate expert experience with objective data differences. In grinding scenarios,
when certain objectives have “hard constraint” tendencies, the weighting method—by
assigning extremely high weights—proves more practical to implement than Pareto-based
approaches. Future research should focus more on adaptive weighting strategies, which
automatically adjust weights based on factors like wheel wear status or processing stages,
balancing computational efficiency with the scientific rigor of decision-making.

expression

36% @ Subjective

empowerment

@ Objective
empowerment

OPortfolio
empowerment

@ Prior weighting analysis @ Posteriori preference expression
Figure 10. Pie chart of frequency of occurrence of the two trade-offs in the last 15 years.

5. Multi-Objective Optimization Algorithms for Grinding and
Performance Evaluation

5.1. Multi-Objective Optimization Algorithms in Grinding Applications

Algorithms for addressing multi-objective optimization problems encompass a range
of heuristic methods and those utilizing Pareto dominance operators. These algorithms
can be classified based on their underlying principles into evolutionary algorithms, swarm
intelligence algorithms, physically inspired algorithms, and hybrid algorithms.

5.1.1. Evolutionary Algorithms
Non-Dominated Sorting Genetic Algorithm II

As a typical evolutionary algorithm, the genetic algorithm (GA) possesses excellent
global search capabilities [90,91]. The process of solving optimization problems is illustrated
in Figure 11. First, a machining performance prediction model is constructed through
theoretical analysis, experimental data, and numerical methods to define the objective
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function. Subsequently, guided by hyperparameters and machinability constraints, the
genetic algorithm ultimately determines the optimal process parameters.

Theoretical Experimental Numerical
analysis database method

I

Machining performance
prediction model

Genetic algorithm —— Constraints on
GA optimization -
hyperparameters and [— ] machinability
e =+~ . method -
objective functions indicators

Optimal process
parameters

Figure 11. Flowchart of GA for solving optimization problems.

Considering the characteristics of multi-objective optimization problems, researchers
have developed various genetic algorithm variants, among which the Non-dominated
Sorting Genetic Algorithm II (NSGA-II) has become one of the most widely applied and
efficient variants in the field of grinding [92]. Mitra and Gopinath [93] validated the
effectiveness of NSGA-II through a case study on multi-objective optimization of industrial
grinding operations. Figure 12 visually illustrates the elite selection process of NSGA-II.
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Figure 12. Schematic of NSGA-II's Elite Selection Operation.

Yadav et al. [94] developed an artificial neural network model for electrical discharge
face grinding of diamond and employed an ANN-NSGA-II hybrid approach to obtain
Pareto-optimal solutions balancing surface roughness and MRR. Wang et al. [64] utilized
NSGA-II to address the multi-objective optimization problem of energy consumption-time
efficiency versus product quality, with experiments demonstrating that the optimal solution
reduced processing time by 174.36% while maintaining stable product quality.

For nonlinear constraints in grinding processes, NSGA-II integrated with constraint-
handling mechanisms demonstrated superior performance [95]. Wang et al. [96] introduced
a penalty-based constraint-handling mechanism into NSGA-II, with the final optimized
solution achieving a 200% improvement in comprehensive environmental benefits while
maintaining acceptable surface quality.

To address the uneven distribution of solution sets and insufficient population di-
versity caused by individual crowding distance calculations in NSGA-II, Yang et al. [97]
proposed a novel fitness-sharing strategy based on NSGA-II to optimize the titanium alloy
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abrasive belt grinding model. Comparative results showed that this algorithm outper-
formed both NSGA-II and multi-objective particle swarm optimization (MOPSO) in terms
of diversity and global search capability.

Differential Evolutionary Algorithm

Differential Evolution (DE) typically offers faster convergence and higher accuracy
in continuous spaces than classical GAs while maintaining robust global search [98].
Krishna et al. [99] employed the DE algorithm to solve a weighted composite objective
function, evaluating production cost, efficiency, and surface finish to obtain optimal grind-
ing conditions. By comparing the optimization results of DE and GA in fine and rough
grinding processes, DE was found to demonstrate superior convergence performance.
Zhu et al. [100] proposed an enhanced DE algorithm with a dual-population mechanism to
address the optimization challenges in rough and fine cylindrical grinding. This method en-
sures thorough optimization of the solution space but increases computational complexity.

To enhance the convergence performance of DE, Xue et al. [101] extended the DE
algorithm from single-objective to multi-objective optimization, proposing the Multi-
Objective Differential Evolution Algorithm (MODEA). Liu et al. [102] developed a hybrid
SM-MODEA algorithm incorporating the Simplex Method (SM) to solve classification
optimization problems in grinding processes, which achieves faster convergence.

5.1.2. Swarm Intelligence Algorithms

Swarm intelligence algorithms leverage the collective behavior of simple individuals
to solve complex optimization problems.

Particle Swarm Optimization Algorithm

The Particle Swarm Optimization (PSO) algorithm, inspired by bird foraging behavior,
aims to find optimal solutions through collaborative sharing and information exchange
among particles during iterations [103]. Unlike GAs, PSO is simpler and faster as it lacks
crossover and mutation operators [104].

The standard particle swarm optimization (PSO) algorithm performs poorly in solving
high-dimensional nonlinear problems in grinding processes [105,106]. Its failure stems
from the fact that particle updates rely solely on current or historical optimal positions
to determine motion trajectories, which often traps the entire population in local optima.
To address this issue, Zhang et al. [107] proposed a hybrid particle swarm optimization
(HPSO) algorithm, which replaces inferior particles that violate constraints with new
feasible particles generated by a mutation strategy during iterations, thereby expanding the
search space and avoiding local optima traps. Chen et al. [108] optimized roller grinding
parameters by integrating an adaptive density grid algorithm with mutation operations,
achieving a balance between grinding efficiency and cylindricity error.

The multi-objective particle swarm optimization (MOPSQO) algorithm introduced by
Coello et al. [109] enhances PSO'’s ability to handle multi-objective optimization problems,
known for its computational simplicity, easy parameter setting, and fast convergence.
Huang et al. [103] applied MOPSO to optimize a model considering both grinding force
and surface roughness. As shown in Figure 13, the optimized parameters reduced tan-
gential grinding force by 20.51%, normal grinding force by 18.91%, and surface roughness
by 9.47%. Liu et al. [86] used MOPSO to obtain the Pareto-optimal solution set for a
multi-objective optimization model. Compared to empirical parameters, the optimized
parameters improved machining efficiency by 17.3%, reduced specific energy consumption
(SEC) by 13.2%, and lowered costs by 17.0%.
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Figure 13. Flowchart of the MOPSO model [103] (Reproduced with permission from Elsevier Ltd.).

Other Swarm Intelligence Algorithms

In addition to the widespread application of particle swarm optimization in grind-
ing, researchers are actively exploring the use of other swarm intelligence algorithms for
multi-objective optimization problems. Inspired by the social behaviors of dragonflies in
navigation, foraging, and predator avoidance, Mirjalili et al. [110] proposed the Dragonfly
Algorithm (DA). For multi-objective optimization, they developed the Multi-Objective
Dragonfly Algorithm (MODA). Soheyl et al. [111] employed MODA to optimize grinding
processes, establishing a mathematical model aimed at improving surface quality, reducing
grinding costs, and minimizing total processing time, while introducing a static penalty
mechanism to handle complex constraints. Experiments demonstrated that, compared
to the NSGA-II algorithm, MODA generates higher-quality and more efficient Pareto
solution sets.

Mirjalili et al. [112] proposed the Multi-Objective Grey Wolf Optimizer (MOGWO)
based on the Grey Wolf Optimization (GWO) algorithm, solving multi-objective problems
by simulating the hierarchical structure and cooperative hunting mechanism of wolf packs.
Compared to methods like DE and PSO, this algorithm exhibits faster convergence, stronger
exploitation capability, and a simpler search mechanism. Ren et al. [113] applied the
MOGWO algorithm to optimize the grinding process of Rotary Enveloping Worm Reducers
(REWRs), obtaining the Pareto front shown in Figure 14. The results indicate that MOGWO,
with its robust feedback mechanism, achieves a balance between local optimization and
global search, providing more high-quality solutions across the entire feasible domain.

Xiang et al. [87] proposed an improved multi-objective grey wolf optimizer MOGWO),
which demonstrates superior convergence and a more diverse Pareto front solution set
compared to the original MOGWO and NSGA-II algorithms. Liu et al. [4] introduced a
hybrid non-dominated sorting firefly algorithm (NSFA). NSFA exhibits faster convergence
speed and fewer iterations than NSGA-II and the non-dominated sorting particle swarm
optimization (NSPSO). Figure 15 shows a schematic diagram of the mechanism of less
commonly used metaheuristic optimization algorithms.
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Figure 15. Schematic diagram of the mechanism of commonly used metaheuristic optimization
algorithms. (a) The position update process of PSO [108]; (b) The location update mechanism of the
search subject and the influence of random value A on it; (c) Behavior of the dragonflies in the swarm;
(d) Schematic of firefly algorithm.

5.1.3. Physically Inspired Algorithms

Physics-based optimization algorithms are typically inspired by physical behavior,
properties, and laws. The simulated annealing (SA) algorithm is a typical physically
inspired algorithm that transforms the solution of an optimization problem into a search
for an energy minimum state by simulating the behavior of a substance during heating,
holding, and cooling [114]. Kirkpatrick et al. [115] presented the first complete SA algorithm
and proposed its use as an optimization tool for combinatorial problems.
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The algorithm’s primary function is its ability to accept suboptimal solutions with a
certain probability, allowing it to escape local optima and find the best solution among all
possible options [116]. According to the Metropolis criterion, it is judged whether the new
solution is the optimal solution. The criterion is shown as follows:

1 E, <E, (5)
p= _
exp(57t) Ey > Eq

In the formula: p is the probability that the initial solution is replaced by a new
solution; E, is the new solution energy quantity; E, is the initial solution energy; and T}, is
the temperature at time k.

Huang et al. [117] established a regression model between robotic grinding process
parameters and specific grinding energy through nonlinear fitting, employing the SA algo-
rithm to determine optimal process parameters. The energy-optimized parameters targeting
minimized specific grinding energy achieved a 38.4% reduction in energy consumption
compared to empirical parameters. The Base team [118] constructed a feedforward neural
network model based on experimental data and applied the SA algorithm to solve the
objective function targeting minimized grinding force and surface roughness. Experimental
results confirmed that the obtained optimal input conditions could minimize grinding force
while satisfying surface roughness constraints.

Although the SA algorithm possesses the capability to escape local optima, it cannot
guarantee finding the global optimum solution. Therefore, multiple runs are sometimes
required to improve the probability of obtaining better solutions. Its practical application
is significantly constrained by inherent drawbacks such as prolonged iteration time and
low efficiency.

5.1.4. Hybrid Algorithms

Although the limitations of a single algorithm can be partially overcome, the “No
Free Lunch Theorem” [119] for optimization algorithms indicates that there is no universal
algorithm suitable for all optimization problems. Therefore, hybrid algorithms provide a
new approach to optimization problems.

Ren et al. [120] proposed a Genetic Simulated Annealing Algorithm (GASA) opti-
mization strategy for the multi-objective optimization problem of precision grinding of
high-speed aircraft rotating body parts, and experiments verified the effectiveness and
practicality of the method. Yang et al. [121] and You et al. [10] combined local search
techniques and genetic algorithms with the basic PSO algorithm to propose a Genetic
and Local Search-based Particle Swarm Optimization (GLS-PSO) algorithm, addressing
the slow convergence issue of the basic PSO. This approach significantly improved PSO
performance in experiments involving robotic belt grinding and high-speed gear grinding.

Hybrid algorithms can solve multi-objective optimization problems through black-box
operations without explicit expressions, avoiding reliance on traditional complex explicit
formulations. This makes them more suitable for solving complex nonlinear optimization
problems in real-world applications, such as grinding processes. Table 4 compares different
optimization algorithms.
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Table 4. Summary of principles and advantages and disadvantages of common intelligent optimiza-

tion algorithms.

Performance . Applicable Grinding
Typology Name Trend/Convergence Behavior Computational Cost Scenarios
The solution distribution Conventional
exhibits good uniformity, but surface/cylindrical grinding
it is prone to falling into local . (2-3 objectives), static
NSGA-II optima under highly Medium optimization where
nonlinear constraints, leading convergence speed is not a
to convergence stagnation critical requirement
Evolutionary -
Algorithms Strong robustness, with
higher convergence accuracy Cylindrical grinding
than GA in continuous spaces, optimization under complex
DE but sensitive to parameters, Moderately high constraints, especially
which can easily lead to a involving deep grinding or
decrease in solution high-feed conditions.
set diversity
The logic is simple, and the
initial convergence speed is Online fine-tuning of
extremely fast; however, it is grinding parameters with
PSO prone to “premature” Low high real-time requirements,
phenomena in such as online compensation
high-dimensional grinding for machining deviations
parameter spaces
Simulating predatory
Group Int.elligence di:ti ?;Zif()rnegizrcllc’;sot?fhe Comprehensive balanced
Algorithm MODA . Medium decision-making involving
Pareto front, outperforming multi-dimensional objectives
NSGA-II when dealing with )
discontinuous solution sets
I.t demonstrates extremely . . MOO of multi-step, strongly
high convergence speed for ~ High (computational .. S
NSFA LT . . coupled precision grinding
the process coupling issue in complexity) .
: .2 process parameter chains
multi-pass grinding
It has the probabilistic ability
to escape local optima,
ensuring reliable global Grinding decision-makin,
Physics-inspired optimization, but its Extremely high rIneng ¢ g
; SA . : . : with discontinuous or discrete
algorithms single-point search (slow iteration) .. .
- objective functions
characteristic leads to
inefficiency and long
computation time
Combining th.e global Ultra-precision grinding of
coverage of GA with the local hi
. . igh-value components such
GASA acceleration of SA in later High as aero-engine blades
stages effectively addresses & Iy & S
. requiring extremely high
the slow convergence issue of solution qualit
GA in the final phase 9 y
Hybrid Algorithm By introducing a local search
mechanism, the instability in Co-optimization of contact
GLS-PSO convergence of the basic PSO Medium force and feed speed

was overcome, significantly
improving the efficiency of
the search trajectory

trajectories in robotic
belt grinding
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5.2. Performance Evaluation of Multi-Objective Optimization Algorithms in Grinding
5.2.1. Test Functions

Benchmark test functions are crucial for assessing and validating the performance
of optimization algorithms. Since theoretical evaluation is often insufficient, benchmark
test functions are used to validate and compare algorithm performance across various
application scenarios. By comparing the performance of different algorithms on standard
test functions, the performance of the algorithms can be evaluated at different application
levels [122].

The dimensionality of multi-objective optimization problems can be categorized into
two-dimensional and three-dimensional types. Selecting appropriate test functions to vali-
date algorithms is particularly critical. Scholars such as Zitzler et al. [123] developed a set
of test functions called ZDT in their research, with typical functions including ZDT1-ZDT4
and ZDT6. Among these, ZDT1 and ZDT4 are convex functions, ZDT2 and ZDT6 are
concave functions, ZDT3 is a discontinuous function, and ZDT4 is a multimodal func-
tion. These test functions, in terms of their expressions and properties, can be regarded as
bi-objective optimization problems with known Pareto fronts, making them widely used
for convergence and diversity testing. Zhang et al. [124] employed five ZDT benchmark
functions to validate an improved NSGA-II algorithm, comparing and analyzing the con-
vergence characteristics and distribution of the Pareto fronts obtained by the algorithm
across different application scenarios. The results demonstrated that the improved NSGA-II
provided superior Pareto fronts compared to traditional NSGA-II, NSGA-III, and MOEA/D.
Deb et al. [125] selected four test functions—ZDT12, ZDT3, ZDT4, and ZDT6—to compare
the performance of their improved Simplex Method-Multi-Objective Differential Evolution
Algorithm (SM-DEMO) with NSGA-II and DEMO. The results showed that for the ZDT2
function, all three algorithms performed well, with SM-DEMO slightly outperforming the
other two. In terms of convergence, SM-DEMO significantly surpassed DEMO and NSGA-
II when solving the more complex ZDT3, ZDT4, and ZDT6 functions, demonstrating its
robust performance in handling various complex optimization problems. The expressions
of commonly used test function sets are shown in Table 5:

Table 5. Expressions of commonly used test functions.

Test Function Expression Test Function Expression
f(X)=x fi(X) = x1 :
o Ll () -0 ()
Xi n .
§(X) =1+9% ~=5 g(X):HgEZn’gl
fi(X) =x AX)=n
S (OB O R BN Rl ()
g(X)=1+9y g(X)=1+10(n-1) + i (x2 — 10 cos(47x;))
imn—1 i=2
f1(X) =1 — exp(—4x;) sin®(671x1)
ZDT6

() —g(l - (f;)Z)

SOOIk s

5.2.2. Assessment Indicators for the Pareto Frontier

After solving the test function problem using a multi-objective optimization algorithm,
the true Pareto front can be determined. When applying the algorithm to practical problems,
the Pareto front represents a set of approximate optimal solutions. Two metrics can be used
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to evaluate the solution set: (1) Convergence degree: the solution closest to the true Pareto
front of the test function is considered optimal; (2) Distribution degree: effective solutions
should be evenly distributed along the Pareto front.

To verify that the proposed CNSGA-II algorithm has better convergence and diversity
of Pareto frontiers compared to NSGA-II and BNSGA-II, Xiao et al. [20] used 7y to measure
the degree of convergence of the Pareto frontiers. A smaller vy indicates a Pareto solution
closer to the optimal solution. A was used to evaluate the diversity or spread of the Pareto
solution; a smaller A indicates better diversity. The specific formula is as follows:

(1) Convergence degree calculation:

19
v = é(zmin\lp*—PpTH) (6)
i=1

where <y represents the degree of convergence to the true Pareto-optimal set, p* is the
nondominated Pareto boundary obtained by the algorithm'’s solution, prr is the true
nondominated Pareto boundary of the test function, and || p* — pgr || is the Euclidean
distance between p* and prr-Q is the number of solutions obtained.

(2) Degree of distribution: the inhomogeneity in the distribution is calculated by the
spacing measure (A):

1
(Q_l)i

where d; represents the Euclidean distance between consecutive solutions in the set of

Q _ 2
N = (d—d;) )
=1

obtained nondominated solutions, and d is the average distance.

Lu et al. [126] proposed an improved multi-objective dung beetle optimization al-
gorithm (INSDBO) to solve the grinding multi-objective optimization model, aiming to
reduce carbon emissions, costs and time. The above two indicators were used to evaluate
the convergence and distribution degree of the pareto front obtained by INSDBO, NSGA-II,
the adaptive weighted evolutionary algorithm (AdaW) and the multi-stage multi-objective
evolutionary algorithm (MSEA). The convergence coefficient and distribution coefficient
of the INSDBO algorithm were the lowest. In Yang et al. [97] as well as Wang et al. [102]
similarly used the above two methods of Pareto front assessment. In addition, in the study
of Xiang et al. [89] besides the spacing metric formula to assess the degree of distribution
of the Pareto front, an assessment metric known as hypervolume (HV) is also mentioned,
which can assess both the convergence as well as the diversity of Pareto fronts, and the
formula is as follows:

HV(X,P) = 5(x§Xv(x, P)) ®)

where x is a point on the Pareto front X and v is used to calculate the volume formed by X
and the reference point P.

Although HYV, Spacing, and convergence metrics are widely cited in multi-objective
optimization research for grinding, they still present significant issues in practical applica-
tions. In grinding research, the calculation of HV values heavily depends on the selection
of the reference point. Currently, there is no unified standard for choosing reference points
in studies. This leads to a lack of longitudinal comparability in HV values across different
algorithms. If the reference point is set too far from the Pareto front, the HV value will fail
to sensitively capture subtle differences in the front’s distribution, thereby undermining its
authority as a criterion for evaluating algorithm performance.
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The spacing metric only reflects the local distribution characteristics of solutions and
cannot represent the spread of the Pareto front. In grinding parameter optimization, if the
solution set generated by an algorithm is highly concentrated in a narrow region, even if its
Spacing exhibits good uniformity, it remains unusable in engineering practice due to the
lack of diverse selection options. In grinding, a highly nonlinear black-box problem, the
true Pareto front is often unknown. Simply using the union of algorithm results as the true
Pareto front to calculate convergence makes it difficult to prove genuine convergence to the
global optimal solution.

Moreover, in the dynamic optimization of grinding, merely evaluating the Spacing
and HV of the Pareto front is insufficient. From a reviewer’s perspective, it is recommended
to introduce the concept of ‘Pareto Stability,” which assesses whether the original optimal
solution set can still maintain a quasi-optimal level when the grinding wheel experiences a
certain degree of wear or environmental temperature fluctuations. The lack of robustness
evaluation under dynamic disturbances represents a significant gap in current performance
testing of multi-objective algorithms for grinding.

Testing the algorithms and evaluating the Pareto frontier can assess the performance
of the algorithms at different levels. This helps researchers improve the algorithms and
enhance their comprehensive performance before solving actual problems. However,
in this paper’s survey of the multi-objective optimization algorithms used in grinding
machining, there is little involvement in testing and evaluating the algorithms, indicating
that multi-objective optimization for grinding machining can be further investigated.

6. Summary and Outlook

This paper synthesizes research findings from domestic and international scholars,
and through a systematic review of multi-objective optimization techniques in grinding, it
identifies a shift in current research from “static optimization” to “dynamic optimization.”
Various modeling approaches, trade-off methods, and optimization algorithms combined
with machine learning can achieve “dynamic optimization” to some extent. However, the
lack of physical interpretability, data scarcity, and the neglect of wheel wear remain core
obstacles limiting industrial applications. To address the limitations of existing research,
further investigations are needed in the following areas:

(1) Physics-Informed Machine Learning Models. To tackle the high cost and scarcity
of grinding data, research should explore embedding prior physical knowledge—
such as grinding force analytical models, Taylor wheel life formulas, and heat
source distributions—as constraints into neural networks. Physics-Informed Ma-
chine Learning (PIML) models can reduce reliance on large datasets, mitigate predic-
tion distortions of black-box models under extreme conditions, and enhance cross-
material/cross-equipment transferability.

(2) Dynamic Optimization Accounting for Process Drift. Current optimizations often
treat grinding as a static process. Future work should establish time-varying objective
functions that consider wheel passivation cycles and thermal accumulation effects.
Research should focus on incorporating time-series features into optimization frame-
works, using real-time monitoring signals (e.g., acoustic emissions, power signals) to
adjust optimization boundaries dynamically, ensuring consistent machining quality
throughout the tool’s lifecycle. For example, in precision grinding of aero-engine
turbine blades, integrating acoustic emission and force sensors to monitor vibrations
and grinding forces in real time allows dynamic data—alongside process parameters
like feed rate and wheel speed—to predict surface roughness, residual stress, and
microcrack risks. If the model detects prediction accuracy degradation due to wheel
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wear or material hard spots, it can adjust parameters or issue warnings in real time,
balancing reliability with scrap avoidance.

(3) Development and Application of Novel Multi-Objective Optimization Algorithms. Ex-
isting solution algorithms proposed by scholars lack validation for generalizability and
robustness, failing to guarantee effectiveness in real-world applications. Algorithm
complexity also escalates with higher-dimensional nonlinear problems, increasing
development costs. Exploring novel optimization algorithms or hybrid approaches
that combine heuristic strengths could address these challenges. For instance, ultra-
precision silicon wafer grinding involves optimizing material removal rate, surface
quality, flatness, and other objectives, often governed by over a dozen parameters
(e.g., coolant, wheel speed, grinding pressure), forming high-dimensional nonlinear
problems. Traditional single heuristic algorithms risk local optima or instability across
material batches and equipment.

(4) Interactive Trade-Off Methods. Given time-varying factors in grinding, optimization
results from a priori or a posteriori methods may become obsolete during processing.
Interactive trade-off methods integrate decision-maker preferences into the solving
process, allowing real-time adjustments based on feedback to overcome the limitations
of static approaches. For example, in long-cycle, high-value mold grinding, preset
weights or one-time optimal solutions may fail due to dynamic factors like wheel
wear or machine thermal drift. An interactive system could monitor grinding states
(e.g., forces, vibrations) and periodically update the Pareto frontier for engineers to
refine decisions dynamically.
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