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AI 기반 예측 모델을 이용한 이차전지 내면 연마 장치 개발

곽 지 현

부 경 대 학 교   대 학 원   기 계 공 학 과

요    약

 지속 가능한 발전의 중요성이 높아짐에 따라, 에너지 저장 및 운송, 엔지니어링 등 다양한 산업 분

야에서 온실가스 배출량을 줄이고 탄소 중립을 달성하기 위한 노력이 이어지고 있다. 특히 자동차

산업에서는 기존의 내연기관 사용을 줄이기 위해 이차전지의 수요가 급증하고 있다. 원통형 이차전

지의 경우, Case 역할을 하는 원통형 공작물 내부 표면에 잔여 가공물이 남아있거나 표면 정도가

고르지 못한 경우, 이차전지의 안정성과 성능에 부정적인 영향을 끼칠 수 있다. 이에 본 연구에서는

유연한 절삭 공구를 사용하는 자기 연마 가공을 통해 원통형 공작물의 내부 표면을 정밀 가공하고

자 한다.

현재 내부 자기 연마 가공 장치가 확립되어 있지 않기 때문에, 본 연구에서는 적합한 고정 장치

를 설계하기 위하여 동적 자기 역학 해석을 통해 자속밀도 데이터를 획득하고 이를 활용한 표면 가

공성 예측 모델을 개발하였다. 최소한의 실험 횟수로 예측 모델을 구축하고 공정 조건 간의 복잡한

관계를 효과적으로 분석할 수 있는 반응표면분석법을 활용하여 자기포화를 방지하는 공정 조건을

설계하였다. 이를 통해 도출된 내부 표면에서 최대 자속밀도를 유지하는 최적 조건은 원주 방향의

영구자석 개수가 7개, 반경 방향의 영구자석 개수가 5개, 공작물과 영구자석 간의 거리가 0.5 mm, 

공작물의 회전 속도가 2,500 rpm일 때로 나타났다. 

자기 연마 가공의 표면 가공성 예측 모델에는 반응표면분석법과 릿지 회귀 모델, 딥 러닝 모델을

활용하였다. 반응표면분석법의 경우, 중앙합성계획법을 적용하였으며, 결정 계수는 0.9428, 평균 제

곱 오차는 0.0016으로 나타났다. 또한, 최적 가공 조건에서의 시뮬레이션 자속밀도 값과 예측 자속

밀도 값의 상대오차는 0.74%임을 확인할 수 있었다. 릿지 회귀 모델에서는 정규화 강도를 최적화하

기 위하여 grid search, random search, automated optimization 세 가지 기법을 적용하였다. 학습 데이

터와 검증 데이터의 예측 정확도는 각각 grid search에서 98.06%, 86.07%, random search에서 98.82%, 

87.64%, automated optimization에서 98.87%, 87.63%로 나타났으며 평균 제곱 오차의 경우 grid search

에서 0.019, 0.137 나머지 방법에서 0.012, 0.124로 도출되어 반응표면분석법을 활용한 예측 모델 대
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비 낮은 성능을 가짐을 확인할 수 있었다. 최적 가공 조건에서의 시뮬레이션 값과 예측값 사이의

상대오차 또한 반응표면분석법 대비 증가함을 확인할 수 있었다. 딥 러닝 모델에서 학습 데이터의

예측 정확도는 97.72%, 검증 데이터의 예측 정확도는 98.50%임을 확인할 수 있었으며, 평균 제곱

오차는 5.29×10-4와 5.01×10-4로 나타났다. 또한, 최적 가공 조건에서 실제 값과 예측값의 상대오차는

0.21%로 도출되었다. 본 결과를 통해 딥 러닝을 활용한 표면 가공성 예측 모델이 가장 높은 예측

정확도와 낮은 예측 오차를 가져 자기 연마 가공의 표면 가공성 예측 모델로 적합함을 확인할 수

있었다. 

제안한 고정 장치와 시뮬레이션을 기반으로 한 예측 모델의 성능 및 신뢰성을 확인하기 위하여

실제 장치를 사용하여 검증실험을 수행하였다. 최적 가공 조건에서 가공 후 표면거칠기는 0.314 μm

로, 산업 표준인 0.350 μm 이하의 수준을 만족하였으며 이를 통해 자기 연마 가공의 표면 품질 향

상 효과를 실험적으로 입증하였다. 본 연구의 결과는 단순 원통형 공작물뿐만 아니라 복잡한 형상

의 공작물 표면 가공에도 자기 연마 가공이 적용될 수 있음을 보여주며, 실제 산업 활용 가능성 확

대에 기여할 것으로 기대된다.
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1. Introduction

1.1 Background of research

  With the increasing importance of sustainable development, numerous 

industries, such as energy storage and transport, engineering, and medical 

sectors, make efforts to achieve carbon neutrality.[1] In particular, the 

automotive industry has been actively tried to reduce the production of 

internal combustion engines powered by fossil fuel, which is able to achieve 

greenhouse gas reduction targets. As a result, the demand for the 

rechargeable batteries, know as secondary batteries, has increased 

significantly as an eco-friendly system.[2] This trend drives extensive studies 

in academia and industry to improve efficiency and lifespan of secondary 

batteries through the development of electrode materials, characteristic 

analysis, and recycling technologies. 

Despite these advancements, few investigations have focused on the 

structural stability of the batteries. Internal surface quality is a key factor in 

determining structural stability, which directly affects overall battery 

performance. To improve surface quality, especially in cylindrical-shaped 

batteries, traditional surface finishing processes, such as grinding, honing, 

and electrical discharge processing, has been examined and adopted.[3-5] 

These surface finishing technologies have demonstrated the effectiveness of 

the smoother surfaces; however, it remains challenges in terms of 
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geometrical constraints and material properties.[6] Additionally, real-world 

industrial applications are still heavily dependent upon manual expertise of 

skilled workers due to time and cost constraints. However, this dependence 

results in non-uniform surfaces and surface defects. 

Therefore, it is essential to develop the adequate surface finishing 

processes to achieve high quality and ultra-precision internal surfaces in 

cylindrical secondary batteries, meeting the industry standard surface 

roughness of 0.350 m or less, thereby enhancing the reliability and safety 

of eco-friendly transportation system. Among the advanced surface finishing 

technologies, particularly those utilizing abrasive particles, magnetic abrasive 

finishing (MAF) process, in which abrasive particles exert force against the 

workpiece surfaces within a magnetic field improve surface quality, has 

attracted attention due to its advantages in terms of material flexibility, 

adaptability to complex geometrical shape, and high surface precision.[7] Its 

flexibility relies on the magnetic flux density within the finishing region. 

Consequently, a number of researchers have intensively investigated the 

correlation between magnetic characteristics and surface roughness 

improvement of flat-shaped surfaces by experimental approaches. Thus, 

further studies are required to examine the effect of the MAF process on 

cylindrical-shaped workpieces.  

Additionally, it is also important to establish a predictive model for 

enhancing competitiveness and productivity in the surface finishing process. 

Over the past year, many scholars have conducted a wide range of research 

on surface roughness prediction. The majority of the previous studies have 
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relied on statistical methods, such as response surface methodology (RSM) 

and regression analysis.[8] However, in the MAF process, there are highly 

interact and complex with several factors, so it is difficult to develop the 

accurate predictive model, which effectively explains their non-linear 

characteristics. Thus, to facilitate real-world applications based on simulated 

results, a more precise predictive model should be proposed. Recently, rapid 

advancements in deep neural networks (DNNs), as a machine learning 

approach without human intervention, have significantly improved the 

accuracy of roughness prediction by considering high-dimensional data and 

non-linear factors.[9] This development has created new opportunities for 

improving and optimizing finishing efficiency.

This study aims to develop and manufacture a novel fixture to 

demonstrate the potential of the MAF process for cylindrical secondary 

battery applications, ensuring high quality surface finishing. To develop the 

adequate fixture and predictive model, it is important to identify the 

relationship between magnetic flux density and process parameters, including 

number of circumferential magnets, number of radial magnets, working gap 

between the tool and workpiece, and rotational speed of the tool. To 

achieve this while minimizing time and cost burdens, a simulation-based 

approach is adopted. Fig. 1.1 presents a schematic flowchart of this study. 

Based on the dynamic magnetic analysis, three different types of models, 

RSM, ridge regression model, and DNN, are developed and compared with 

the statistical indicators: coefficient of determination (R2) and mean squared 

error (MSE). Additionally, verification experiments are conducted to validate 
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the effectiveness of the developed fixture in improving surface roughness of 

the cylindrical tube and the accuracy of the predictive model.
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Fig. 1.1 The flow chart for this study
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1.2 Literature review

With the advancement of industrial technology, the importance and 

demand for miniaturized and precision machined components with various 

geometries have been increasing. To satisfy these demands, various precision 

machining techniques are actively being researched and developed, and the 

adoption of manufacturing technologies aimed at improving productivity and 

machining accuracy is accelerating. 

Kishore et al.[10] conducted a grinding process using the grinding wheel 

under dry conditions to evaluate the grinding performance of the Inconel 

625. However, direct friction and load between the workpiece led to an 

increase in surface temperature and deterioration in quality. To overcome 

these limitations, non-contact machining technologies, which do not involve 

direct contact between the tool and the workpiece and are not constrained 

by geometry, have gained significant attention. Singh et al.[11] employed 

MAF, one of the non-contact machining techniques, to optimize the 

parameters for the morphology of magnetic abrasive particles. As the result, 

the surface roughness of a curved capillary workpiece was improved from 

1.64 m to 0.51 m. Kaushik et al.[12] polished aluminum workpieces using 

MAF and analyzed the effects of non-bonded, bonded, and sintered SiC 

based magnetic abrasives. The results showed that sintered SiC based 

magnetic abrasives achieved the best surface roughness of 0.017 m, which 

demonstrated optimal finishing performance with an approximately 87% 

improvement in surface quality. These studies confirm that MAF, utilizing 



- 7 -

magnetic forces, allows for easy control of tool shape and strength by 

adjusting the magnetic field intensity and abrasive mixing ratio, making it 

and effective method for polishing complex shaped workpieces. Therefore, 

this study aims to polish the internal surface of cylindrical workpiece using 

MAF.

To evaluate the effect of magnetic flux density distribution and intensity 

during the design of an MAF equipment based on its operating principle, it 

is essential to analyze the system using simulation that incorporate the 

nonlinear magnetization curve of ferromagnetic materials. Thus, this study 

employ nonlinear finite element analysis (FEA) to analyze the distribution 

and intensity of magnetic flux density on the internal surface of the 

workpiece. Marczak et al.[13] performed nonlinear FEA to investigate the 

magnetic field distribution in relation to the gap between the workpiece and 

the tool, as well as the concentration of abrasive particles, in planar MAF 

of stainless steel (SS) workpieces. The simulation results indicated the 

optimal material removal rates and surface roughness were achieved when 

the magnetic flux density was maximized. Furthermore, a comparison with 

experimental results showed an accuracy of over 95%, which demonstrated 

the suitability of nonlinear FEA for magnetic field analysis. Gao et al.[14] 

conducted nonlinear FEA to examine material removal in SS304 MAF based 

in indentation depth. The study found that material removal rates increased 

as the gap and abrasive particle size decreased, that leaded to higher surface 

quality. Singh et al.[15] analyzed the correlation between temperature 

distribution and magnetic flux density on Al6060 surface during MAF using 
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FEA and evaluated the impact of temperature on surface quality. The 

discrepancy between the designed model and experimental results was 

approximately 10%, and this indicated high accuracy. Tian et al.[16] 

investigated the relationship between the magnetic flux density distribution 

and process parameters for machining Ti-6Al-4V workpiece surface through 

the simulations. The analysis revealed that surface roughness was 

predominately influenced by spindle rotational speed and gap distance. Xu et 

al.[17] studied the hybrid MAF mechanism through nonlinear FEA and 

theoretical analysis. By observing the effects of magnetic distribution on 

surface quality under various conditions, the optimal machining conditions 

were derived. Zou et al.[18] explored improvements in surface uniformity and 

flatness by adjusting the pole shape and abrasive particle trajectory to 

mitigate edge effects and surface degradation caused by the rotational motion 

of the MAF process. Magnetic field simulations and verification experiments 

confirmed that grooves at the bottom of magnetic poles contributed to the 

uneven distribution of magnetic particles in the machining region. Chen et 

al.[19] utilized simulation tools investigate the effect if curvature on magnetic 

filed distribution on the free surface to achieve precise finishing of metal 

implants with complex curvatures. Additionally, a theoretical model was 

developed to predict the material removal rate and surface quality based on 

the set process variables, and the effect was demonstrated through 

experimental validation.

Establishing a clear correlation between process parameters and machining 

outcomes while minimizing experimental trials is crucial for efficient design 
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of MAF processes. To this end, this study aims to develop a regression 

model for predicting surface finishing using magnetic flux density 

distribution and intensity data obtained through nonlinear FEA. Panwar et 

al.[20] employed the Box-Behnken method of RSM to analyze and predict the 

effects of machining parameters such as spindle speed, feed rate, and depth 

of cut on surface roughness in CNC machining. The developed prediction 

model achieved a R2 of 96.6%, which demonstrated high prediction accuracy 

with minimal experimentation. Gangwar et al.[21] conducted an experimental 

study on surface roughness and material removal rate in MAF of AISI 

52100 alloy steel. By using the RSM, the interaction between voltage, tool 

rotational speed, polishing time and output, which are process variables of 

MAF, was analyzed, and the optimal processing conditions were derived. 

The developed regression model exhibited an R2 value of 96.8%, confirming 

its high reliability. Wu et al.[22] applied machine learning algorithms, such as 

ridge regression models, to predict surface roughness in additive 

manufacturing. By distinguishing between the training and validation datasets 

and utilizing cross-validation techniques, prediction accuracy was improved, 

resulting in a highly precise prediction model. Antosz et al.[23] employed the 

Elastic Net method, which incorporates ridge models, to predict surface 

roughness in milling operations. This approach effectively addressed 

multicollinearity issue caused by high correlations among independent 

variables. It also facilitated data dimensionality reduction, achieving 

approximately 94% prediction accuracy. So et al.[24] developed a DNN 

model to predict the surface roughness of additively manufactured walls. The 
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model achieved a mean absolute percentage error (MAPE) of 1.93%. 

Additionally, Tsai et al.[25] applied a DNN model to predict surface 

roughness in the milling process of SUS 304 stainless steel, which 

demonstrated an error margin of approximately 10% when compared to 

actual surface roughness measurements. Pan et al.[26] utilized DNN to build 

the relationship between surface roughness and processing parameters in the 

chemical mechanical polishing process of LiNbO3. As the result, the MAPE 

was 6.42%, and the Mean squared root error (MSRE) was 0.403, which 

proves the accuracy and generalization ability of DNN model designed in 

study. Therefore, this study aims to develop a high accuracy surface 

finishing prediction model by utilizing RSM, ridge regression models, and 

DNN models.
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2. Theoretical background

2.1 Magnetic abrasive finishing and magnetic saturation

  MAF is a surface finishing process utilizing magnetic abrasive particles 

(MAPs), which consists of a combination of magnetic and abrasive particles, 

as shown in Fig. 2.1. When the magnetic field is induced by an 

electromagnetic inductor or external permanent magnets, MAPs become 

magnetized and align along the magnetic force line, forming a magnetic 

flexible brush. This flexible multiple-point cutting tool removes unnecessary 

material from the workpiece surfaces in the form of micro-chips through 

relative motion, exerting two main abrasive force. The force acts 

perpendicular to the magnetic force line, known as the equipotential force 

 , as represented by Eq. (2.1). The another force acts along the direction 

of the magnetic force lines  , as expressed by Eq. (2.2)[27].



 (2.1)




 (2.2)
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where  is the volume of MAPs,  denotes the magnetic susceptibility of 

MAPs,   is the permeability of vacuum about × ,  represents the 

strength of magnetic field.

Due to its advantages, the MAF process ensures uniform and high-quality 

surface roughness, particularly on both internal and external surfaces of 

complex geometries and small components. 

However, the size of MAPs is typically on micro-scale, so it faces a 

challenge in analyzing their behavior, which directly affect the finishing 

performance and efficiency. As given in Eqs. (2.1) and (2.2), the force 

exerted by the MAPs is proportional to the strength of magnetic field .  

could be increased with the magnetic flux density , based on the magnetic 

induction law in Maxwell’s equations, as shown in Eq. (2.3)[28]. 

  (2.3)

where  defines the magnetic flux density, which depends on the number 

of magnetic flux lines per unit area perpendicular to the direction of the 

magnetic flux,  is the magnetization of the material, which depends on 

the magnetic moment per unit volume.

Thus, when an additional magnetic field  is applied, internal magnetic 

moments  align more strongly, resulting in an increase in the magnetic 

flux density . However, once all magnetic moments in the workpiece are 

fully aligned, magnetic flux density  is no further increase. This condition 
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is known as magnetic saturation, as shown in Fig. 2.2. This phenomenon 

causes the abrasive force to no longer increase linearly within the finishing 

area, and MAPs fail to adhere closely to the workpiece surfaces. As a 

result, finishing efficiency and surface quality are reduced. 

Therefore, it is important to prevent magnetic saturation through 

appropriate analysis of finishing conditions and magnetic flux density, as 

these factors directly affects the dynamic motion of MAPs. Thus, this study 

aims to develop a novel fixture for improving surface roughness of 

cylindrical internal workpiece by indirectly analyzing the behavior of MAPs, 

with a focus on the intensity and distribution of magnetic flux density . 
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Fig. 2.1 Cylindrical internal surface finishing in MAF process
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Fig. 2.2 Schematic diagram of magnetic saturation in magnetized curve
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2.2 Dynamic magnetic field analysis using FEA

Finite element analysis (FEA) is a process that used to predict and 

analyze the behavior of complex and various physical systems based on the 

finite element method (FEM) as a methodology. The FEM is a 

computational approach that divides a complex system into smaller elements, 

applies differential equations to each individually, and combines them into 

entire system. Each element processes a simplified geometric structure and 

specific properties, interconnected through nodes. 

FEM is composed of pre-processing, solution and post-processing. In 

pre-processing step, the system is divided into finite number of elements and 

material properties and boundary condition are defined. During the solution 

step, a global equation representing the behavior of the entire system is 

generated, and simultaneous equations are solved to perform the analysis. In 

the post-processing step, results such as stress and deformation are visually 

examined to determine whether they align with expected values.

This study conducts dynamic magnetic analysis using the simulation-based 

approach to the time-dependent magnetic field that affects abrasive behavior 

on cylindrical internal surfaces during the MAF process, as shown in Fig. 

2.3.

The theoretical foundations for modeling magnetic field distributions are 

based on  Eqs. (2.3) - (2.6)[29]. Gauss’s law for magnetism state the 

magnetic fields form closed loops, as expressed in Eq. (2.4).
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∇∙ (2.4)

                        
When permanent magnets are used to induce the magnetic field in the 

finishing region, the magnetic field remains conserved, as shown in Eq. 

(2.5). The equation simplifies the complex calculation of magnetic fields by 

reducing the problem to a scalar function.

∇  (2.5)

                 
where  denotes the magnetic scalar potential, which is determined by 

magnetization distribution within the permanent magnet. Additionally, the 

magnetization behavior within magnetic materials is computed using the 

Landau-Lifshitz-Gilbert equation (LLG equation), as given in Eq. (2.6). 




×


×

    (2.6)

                
where  is effective magnetic field,  represents the gyro-magnetic ratio, 

 is damping factor, and   is saturation magnetization.

The first term represents the behavior of the magnetization vector as it 

rotates around the effective magnetic field, while the second term accounts 
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for the energy dissipation effect during the rotational motion.
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(a) Simulated vector plot in finishing region 

(b) Contour map in finishing region 

Fig. 2.3 Magnetic flux density distribution in cylindrical internal surface
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2.3 AI-based predictive model

2.3.1 Ridge regression model

The Quadratic regression model for prediction is one of the most popular 

statistical method for establishing a nonlinear relationship between 

independent and dependent variables, as mathematically represented in Eq. 

(2.7)[30].

  ∑∑∑   (2.7)

where  is the predicted value as the dependent variable,  is the 

intercept, ,  is independent variables,  represents linear regression 

coefficients,  is the regression coefficients indicating the influence of each 

independent variable, and  is the error term.

To improve predictive performance, the regression coefficients are optimized 

by minimizing the mean squared error (MSE) using observed data, as 

following Eq. (2.8)[31].

 



  





   (2.8)
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where  is the number of data samples,  is actual values, and  is the 

predicted value.

However, this basic approach faces challenges to poor predictive 

performance and generalization ability on unseen data, particularly when 

independent variables are highly correlated each other, referred to as 

multicollinearity. This correlation increases the instability of the regression 

coefficients. Additionally, higher-order regression models are prone to 

overfitting and increased parameter complexity. To address these issues, it its 

necessary to employ appropriate regularization techniques to enhance model 

stability and generalization performance. 

A ridge regression model is an effective solution, that incorporates an 

additional L2 regularization term into the loss function, as given in Eq. 

(2.9)[32].

 


  





 

  




  (2.9)

where the last term represents L2 regularization, and  is a hyperparameter 

that controls the regularization strength.

With the advancement of artificial intelligence (AI), the ridge regression 

model is increasingly recognized as an AI-based predictive model by using 

hyperparameter optimization techniques. Based on the AI learning algorithms, 

the regulation parameter  is tuned toward its optimal value to minimize 

MSE and adjust the R2 closer to 1. Thus, this data-driven approach is 
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capable of high-performance predictions in complex and high-dimensional 

engineering problems. Hyperparameter optimization techniques, such as Grid 

search, random search, and automated optimization, are utilized to achieve 

this objective[33]. 

A grid search method generates a grid by discretizing the regularization 

strength  at uniform intervals. It systematically repeats the training, 

prediction, and evaluation cycle for all hyperparameter combinations within 

the grid to identify the optimal value. This method has the advantage of 

being simple to implement and understand, as it explores all candidate 

values to select the optimal one. However, as the number of candidate 

values increases, it becomes computationally inefficient. Additionally, it lacks 

flexibility since it does not explore values outside the predefined candidates. 

A random search method defines a range for hyperparameters, samples 

values randomly within this range, and performs training, prediction, and 

evaluation repeatedly for a predefined number of iterations. This approach is 

computationally efficient since it explores only a subset of candidate values, 

and its flexibility is high due to the randomness in value selection. 

However, due to the random sampling, insufficient iterations may fail to 

identify the optimal value, potentially resulting in degraded performance.

An automated optimization method, on the other hand, uses probabilistic 

models to search for the optimal  value. Initially, similar to random 

search, a few  values are tried randomly, which serve as the basis for 

building a probabilistic models to predict performance. This model is then 

iteratively updated to select subsequent candidate value and eventually find 
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the optimal solution. By leveraging prior results, this method efficiently 

optimizes  with few iterations, achieving superior results. However, it has 

the drawback of being more complex to implement. 

Though these hyperparameter optimization techniques, more stable and 

reliable results of prediction can be derived. 
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2.3.2 Deep neural network

The ridge regression model effectively prevents overfitting of a higher 

dimension regression structure by incorporating L2 regularization. However, 

it still has limitation in capturing complex nonlinear relationships in 

real-world data. In addition, the feature engineering process that transforms 

data and extracts features is essential for improving performance of the 

predictive model. This process varies depending on the characteristics and 

size of the data set, and requires recalibration whenever new data is 

provided. These requirements not only increase computational cost and 

processing time but also restrict expandability and automation. To overcome 

these challenges, DNN was adopted as an advanced AI-based predictive 

model.

DNN is designed to effectively learn complex data patterns which are 

difficult to model with linear approaches[34]. As shown in Fig. 2.4, DNN 

consist of an input layer, a number of hidden layers, and an output layer. 

Each layer comprises multiple neurons, and adjacent layers are fully 

connected. Each neuron processes the input data, performs computation, and 

ultimately transmits information to the output layer.

The input layer serves as the data reception point, and the number of 

neurons is determined by the number of independent variables in the input 

data. The hidden layers are the core computational regions of the DNN 

model, where weighted sum operation are performed, as shown by Eq. 

(2.10)[35].
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
 

  






   (2.10)

                     

where 
 represents the weighted sum at the th neuron in the th layer,  


is the weight from the th neuron to the th neuron  in the th layer, 


 is the activation value from the previous layer, and  denotes the 

bias term.

The hidden layers apply activation functions, such as sigmoid or rectified 

linear unit (ReLU), to introduce non-linearilty, as shown in Fig. 2.5[36]. It 

allows the predictive model to learn complex data patterns that are unable 

to be extracted by simple linear transformation. In particular, the ReLU 

function retains positive values unchanged while setting value less than or 

equal to zero to zero, as shown in Eq. (2.11).

    ≤
  (2.11)

 This property helps accelerate learning and mitigate the vanishing gradient 

problem. Moreover, the activation functions automatically extract meaningful 

features from the data, minimizing the need for additional feature 

engineering and enhancing both flexibility and efficiency during the model 

training. As the result, DNN models maintain high performance even with 

large-scale data and can be applied directly to new data without the need 
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for further feature transformations.

The output layer generated the model’s predictions, and the error between 

the predicted and actual values is computed using the MSE loss function as 

shown in Eq. (2.8). After the feedforward learning process, which 

sequentially progresses from the input to the output layer, the 

back-propagation algorithm computes the gradients of the loss function. The 

optimizer then updates the weights, thereby enhancing the model’s learning 

and performance.

Model training and test are generally performed based on the randomized 

split of the dataset, which partitions it into training and test sets to ensure 

that independent data is available for evaluation. However, when the dataset 

is small, the prediction model becomes specialized to the training data and 

fails to generalize well to new data, known as overfitting of underfitting. To 

prevent this problem, various regularization techniques such as dropout, and 

K-fold cross validation, are employed in DNN models.

Dropout randomly deactivates a subset of neurons during training to 

reduce dependency on specific neurons or weights. It is applied only in the 

training phase, while all neuron remain activated during the test phase for 

prediction. This approach prevents the model from learning biased features 

and reflects diverse data patterns, thus improving generalization performance. 

K-fold Cross-validation, as shown in Fig. 2.6, divides the dataset into K 

folds. In each iteration, one fold is used as the validation set, while the 

remaining folds serve as training data. This technique ensures that every 

data point in the training set is used for both training and validation, 
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addressing problems associated with limited datasets and providing a more 

reliable assessment of model performance. By reducing bias from data 

sampling, the predictive model based on K-fold cross-validation performs 

consistently across diverse data environments. Once cross validation is 

complete, the finial model is evaluated on separate test dataset to measure 

its true generalization performance.
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Fig. 2.4 Structure of the DNN model
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 Fig. 2.5 Sigmoid function and ReLU function
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Fig. 2.6 Data split and cross validation
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3. Evaluation of basic characteristic of internal 

surface MAF

3.1 Dynamic magnetic filed simulations

This study aims to develop an internal surface finishing device for MAF 

process to improve the structural stability and durability of the cylindrical 

secondary batteries. In the MAF process, surface finishing efficiency and 

performance are primary influenced by the intensity and distribution of 

magnetic flux density. Therefore, the optimization process using simulation is 

required to evaluate the effects of these factor on surface smoothness and 

derive an advanced device. In this study, Ansys Workbench was employed 

for dynamic magnetic filed simulations under different process conditions. 

Adjustable process parameter, including the number of magnets in the 

circumferential and radial directions, the working gap between the workpiece 

and the permanent magnets, and the rotational speed of the workpiece, were 

selected as the directly affect magnetic flux density. 

Fig. 3.1 represents a schematic drawing of the developed device for 

internal surface finishing of the cylindrical workpiece. To achieve a uniform 

distribution of magnetic flux density on the internal surface finishing of the 

cylindrical workpiece. To achieve a uniform distribution of magnetic flux 

density on the internal surface of the workpiece, the structure was designed 
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with externally positioned Nd-Fe-B permanent magnets. These magnets were 

arranged in an alternating pattern to generate the magnetic field, which 

aligns the magnetized abrasive particles along the lines of magnetic force for 

effective surface finishing. The cylindrical workpiece used in this study is 

aluminum (Al) 6063, with a diameter of 46mm and a height of 80mm 

based on the widely used 4680 cylindrical batteries for electric vehicles. 

Table 3.1 shows the mechanical properties of the Al6063 material.

The following assumptions for simulation were applied to ensure efficient 

analysis and minimize unnecessary computation time.

Ÿ The MAF process conducted in an ideal air environment. 

Ÿ The MAPs had a constant size and composition.

Ÿ The magnetic field was uniformly distributed within the workpiece.

Ÿ Temperature variations within the workpiece can be neglected.

The mesh size of the workpiece and the working gap between the 

workpiece and the magnets where magnetic flux is transmitted, were set 

more densely than other components and regions to obtain an accurate 

magnetic flux density distribution.

During the finishing process, a high magnetic flux density on the internal 

surface is required for the abrasive particles to effectively achieve fine 

surfaces by being compressed against the workpiece surface. Therefore, the 

finishing efficiency is evaluated based on the maximum magnetic flux 

density on the internal surface of the workpiece. To analyze the effect of 

each process parameter on the intensity and distribution of the magnetic flux 

density on the internal surface of the cylindrical workpiece, four selected 
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process parameters and their corresponding five levels were listed in Table 

3.2. The number of magnets varied from 1 to 9 along the circumferential 

direction, with increments of two magnets, based on a total cross-section 

area of 1800 mm2. The variation in magnetic flux density was adjusted by 

adding the magnets, ranging from 1 to 5, along the radial direction. The 

rotational speed of the workpiece was set from 500 to 2,500 rpm in 

increments of 500 rpm, considering the equipment specification. The working 

gap varied from 0.5 to 2.5 mm with 0.5 mm intervals.
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Fig. 3.1 Schematic drawing of developed device for internal surface 
finishing in MAF process
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Properties Value

Density (kg/m3) 2,700

Young’s modulus (Gpa) 69

Poisson’s ratio 0.33

Relative permeability 1

Conductivity (S/m) 3.030×107

Relative permittivity (1/K) 1

Table 3.1 Mechanical properties of Al 6063

Process parameter
Level

1 2 3 4 5

No. of circumferential 
direction magnets, A

(ea)
1 3 5 7 9

No. of radial direction 
magnets, B

(ea)
1 2 3 4 5

Working gap, C 
(mm)

0.5 1.0 1.5 2.0 2.5

Rotational speed, D
(rpm)

500 1,000 1,500 2,000 2,500

Table 3.2 Simulated process parameters and levels
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3.2 Simulation results and discussion

3.2.1 Correlation between the number of permanent magnets and

      magnetic flux density

To analyze the effect of varying the number of magnets along the 

circumferential direction on the magnetic flux density distribution and 

intensity within the cylindrical workpiece, other process parameters, such as 

the number of magnets in radial direction, the working gap, and the 

rotational speed, were fixed at 4, 0.5 mm, and 1,500 rpm, respectively.

Fig. 3.2 and Fig. 3.3 present the dynamic simulation results over 1 second. 

As shown in Fig. 3.2, the magnetic flux distribution on the internal surface 

periodically repeats a sine wave under all conditions. Additionally, maximum 

magnetic flux density was proportional to the number of magnets arranged 

along the circumferential direction. The highest magnetic flux density 

reached 499.9 mT when the number of circumferential direction magnets 

was 7. However, when the number of magnets exceeded 7, magnetic flux 

density began to decrease.

To analyze the intensity and distribution of magnetic flux density according 

to the change in the number of magnets along the radial direction, the 

number of magnets in the circumferential direction, working gap, and 

rotational speed were fixed at 7, 0.5 mm, 1,500 rpm, respectively.

The results of analyzing the maximum magnetic flux density are presented 

in Fig. 3.4. As the number of magnets in radial direction increased, the 
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magnetic flux density of the workpiece tended to increase. However, when 

the number of magnets exceeded 4, a decreased in magnetic flux density 

was observed.

Based on above results, it can be concluded that these phenomena were 

attributed to the magnetic saturation, as described in Section 2.1.2. 

Moreover, as the flux paths, which control energy flow withing the 

magnetic field, became more complex and interference occurs, further 

increase in magnetic flux were restricted. Based on these results, it was 

crucial to determine the optimal quantities of magnets for finishing 

efficiency improvement.
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Fig. 3.2 Magnetic flux density distribution of internal surface
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Fig. 3.3 Correlation between number of circumferential direction magnets 
and magnetic flux density
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Fig. 3.4 Correlation between number of radial direction magnets and 
magnetic flux density
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3.2.2 Correlation between the working gap and magnetic flux density

The working gap between the workpiece and the permanent magnets 

determines the bonded condition of abrasives, which is directly related to 

the force and behavior of the MAPs acting against the workpiece. This 

Section is aimed to investigate the effects of working gap on change in 

magnetic flux density. To analyze the effects of different levels, the number 

of magnets in the circumferential and radial directions were kept to constant 

at 7 and 4, respectively, which showed the highest magnetic flux density in 

the previous experiment, while the rotational speed is fixed to 1,500 rpm.

According to Fig. 3.5, the maximum magnetic flux density was  499.9 

mT at the working gap of 0.5 mm. It was approximately 1.5 times higher 

than the magnetic flux density of 327.0 mT at the wider working gap of 

2.5 mm. From these result, it was observed that magnetic flux density and 

working gap have an inversely proportional relationship, which was 

consistent with Ampere’s law, as given in Eq. (3.1).




   (3.1)

                            

where  is gap between the workpiece and the permanent magnet.

Thus, it is expected that a narrower distance enhances the finishing 

efficiency as stronger and more concentrated MAPs take deeper indentations 

on the workpiece surface.
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Fig. 3.5 Correlation between working gap and magnetic flux density
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3.2.3 Correlation between the rotational speed and magnetic flux 

      density

To analyze the relationship between the rotational speed and magnetic flux 

density, the process parameter were fixed based on the conditions that 

resulted in the maximum magnetic flux density as derived in Section 3.2.1 

and 3.2.2. The simulation result, the magnetic flux density on the internal 

surface was consistently determined to be 499 mT for all process parameter 

settings. This indicate that the magnetic flux density on the internal surface 

was not significantly affected by the changes in rotational speed. According 

to Eq. (2.3), rotational speed does not directly affect the intensity and 

direction of the magnetic flux density.

However, rotational speed is closely related to the relative speed of the 

MAPs, which influences surface quality and finishing efficiency in the MAF 

process. Therefore, further studies are needed to clarify the correlation 

between rotational speed and surface finishing efficiency through through 

experiments after designing and manufacturing the MAF equipment for the 

successful implementation of this process in real-world industries.



- 44 -

4. Evaluation of factor characteristics of 

internal surface MAF

4.1 Experiments design and configuration

This study established and compared three different types of predictive 

models for magnetic flux density, including multiple regression, ridge 

regression, DNN models to evaluate effects of various process parameters on 

fine surface finish and determine optimal conditions. Since all the possible 

conditions for magnetic flux density simulations for modeling could be not 

possible, RSM as a statistical technique was employed to reduce cost, time 

and the number of simulation.

The most popular design of RSM is Box-Behnken Design (BBD) and  

central composite design (CCD). BBD includes the center point and 

combination of factor levels at the midpoints of edges except for the axial 

points. This design avoids extreme conditions within the experimental range 

and allows the evaluation of interactions between independent and dependent 

variables with the small number of experiments. However, the model 

accuracy is not superior to CCD due to the no axial points, making it 

difficult to expand the scope of the experiment. On the other hand, CCD 

could efficiently estimate the square terms of the quadratic model, consisting 

of center, axis, and the factorial points.
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Therefore, this study adopted the CCD method to assess the nonlinear 

interaction between process parameters and magnetic flux density more 

precisely. Based on the basic characteristics analysis stated in the previous 

Chapter 3, process parameters and levels influencing the magnetic flux 

density distribution in the MAF were determined, which considered the 

number of circumferential direction magnets, the number of radial direction 

magnets, the gap between the workpiece and magnet, and rotational speed. 

These factors and levels are outlined in Table 3.2. The total number of 

simulation for predictive models was calculated as in Eqs. (4.1) and (4.2).

  (4.1)

  (4.2)

                            
where  is total number of perform of the experiments,  is independent 

variables,  is the number of center points.

Table 4.1 shows the maximum magnetic flux density measured on the 

internal surface of the workpiece obtained after performing a total of 31 

simulations.
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No.

Factor

A B C D
Magnetic flux density

(mT)

1 5 3 1.5 1,500 365.07

2 7 4 1.0 1,000 451.19

3 5 3 1.5 1,500 363.90

4 5 3 1.5 2,500 363.90

5 5 3 1.5 1,500 369.53

6 3 2 2.0 2,000 264.15

7 5 3 0.5 1,500 457.30

8 7 4 2.0 2,000 361.71

9 3 2 1.0 2,000 331.59

10 7 2 2.0 2,000 306.90

11 3 4 1.0 2,000 396.08

12 3 2 2.0 1,000 212.45

13 7 2 2.0 1,000 306.26

14 3 2 1.0 1,000 331.00

15 3 4 1.0 1,000 396.26

16 7 2 1.0 1,000 391.45

17 7 4 1.0 2,000 451.18

18 3 4 2.0 1,000 321.89

Table 4.1 Design of experiment for RSM
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No.

Factor

A B C D
Magnetic flux density

(mT)

19 5 3 1.5 1,500 365.07

20 5 5 1.5 1,500 398.31

21 1 3 1.5 1,500 250.75

22 7 4 2.0 1,000 361.68

23 5 1 1.5 1,500 233.80

24 5 3 1.5 1,500 365.07

25 5 3 1.5 500 361.01

26 7 2 1.0 2,000 392.33

27 9 3 1.5 1,500 396.66

28 3 4 2.0 2,000 321.90

29 5 3 1.5 1,500 363.90

30 5 3 2.5 1,500 307.44

31 5 3 1.5 1,500 363.90
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4.2 Comparative analysis of predictive models

4.2.1 RSM-based multiple regression model

In this study, normalization was performed to effectively analyze the 

relative influence of independent variables and to prevent distortion due to 

differences in unit. Normalization is a data pre-processing technique that 

transforms or scales each variable to a specific range, thereby mitigating the 

impact of unit differences between the variables. This ensures that the 

importance of variables is accurately reflected during experimental design. 

Thus, his study employed Min-Max normalization, as shown in Eq. (4.3), to 

enhance the reliability of the  nonlinear models.

 maxmin

min   (4.3)

                  
where  is the normalized data value,  is the original data value, 

min is the minimum value of the corresponding variables, max is 

maximum value of the corresponding variables.

The RSM-based multiple regression model in terms of magnetic flux 

density as a function of four process parameters is given below.

  
    



  (4.4)
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where  is magnetic flux density, which is a dependent variable,  is 

number of circumferential direction permanent magnets,  represents number 

of radial direction permanent magnets,  is working gap between the 

workpiece and permanent magnet, and  is rotational speed of workpiece.

The multiple regression model could be represented by surface response 

plots, which effectively visualize the response behavior at different levels of 

the involved variables. Fig. 4.1(a) to Fig. 4.1(f) illustrate different profiles of 

the interaction effect of independent variables on the magnetic flux density. 

Fig. 4.1(a) shows the interaction effect of the number of circumferential 

direction magnets and  number of radial direction magnets on the magnetic 

flux density at working gap of 1.5 mm and rotational speed of 1,500 rpm. 

The response surface exhibited a convex upward shape, confirming that the 

magnetic flux density increased uniformly with the number of circumferential 

direction magnets and the radial direction magnets. As shown in Fig. 4.1(b), 

magnetic flux density was directly proportional to the number of 

circumferential direction permanent magnets and inversely proportional to the 

working gap at 3 magnets in the radial direction and 1,500 rpm. Fig. 4.1(c) 

indicates that the effect of the rotational speed of the workpiece on the 

magnetic flux density was negligible, and the magnetic flux density reaches 

its maximum when the permanent magnets were 7. From Fig. 4.1(d), as the 

radial direction magnets increased and the working gap decreased, the 

intensity of magnetic flux density intensified at constant 1,500 rpm and 5 

magnets in the circumferential direction. This trend was consistent with the 

patterns observed in the previous 3D response surface plots. As shown in 
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Fig. 4.1(e), the relationship between the number of radial direction magnets 

and magnetic flux density was nonlinear. As the number of radial direction 

magnets exceeded a certain threshold, the rate of increase in magnetic flux 

density declines, which indicates saturation. Fig. 4.1(f) illustrates that the 

physical gap between the workpiece and the permanent magnet had a 

significant effect on the magnetic flux density.

ANOVA was conducted to evaluate the statistical significance of each 

process parameter and their interactions in predicting magnetic flux density. 

Table 4.2 shows the ANOVA results for the quadratic model. Adj SS is 

sum of square, Df is degrees of freedom, Adj MS is modified mean square, 

F-value is mean square ratio, and p-value is probability of significance. As 

can be seen, the linear parameter A, B, and C, as well as quadratic 

parameters A2, B2, and C2 had a statistically significant influence, with a 

p-value below 0.05 where the model terms is significant at the 95% 

confidence level. In contrast, D, D2, and all interaction effect including  

AB, AC, AD, BC, BD, and CD were found to be significant. To prevent 

over-fitting and simplify the regression model, insignificant model terms 

were pooled.

  
   

 (4.5)

Fig. 4.2 shows a Pareto chart, which identifies the effect of the revised  

model on the intensity of magnetic flux density and represents the order of 
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importance of each parameter. It indicated that the working gap between the 

workpiece and permanent magnet had the greatest influence on the magnetic 

flux density, followed by the number of radial direction magnets, the 

number of magnets in circumferential direction, and quadratic terms.

 Fig. 4.3 presents a normal probability plot, which evaluates whether the 

error of regression model follows a normal distribution. The regression 

model in this study showed that the data points were of linearly distributed, 

satisfying the normal distribution assumption. Fig. 4.4 is residual versus fits 

plot, which assesses whether the regression model error maintains constant 

variance. Since the data points do not exhibit a specific pattern and are 

randomly distributed, the model satisfies the assumption of equal variance. 

Fig. 4.5 illustrates a  residual versus order plot. As no discernible pattern is 

observed, it confirms that the data in this study satisfies the assumption of 

independence. Fig. 4.6 presents that the residuals exhibit a symmetric 

distribution centered 0, which indicates that the assumption of normality is 

maintained. The histogram showed the residuals forming a symmetrical bell 

shape, supporting the assumption of a normal distribution. 

To quantitatively evaluate the performance of the predictive model 

designed using RSM, R2 and MSE were utilized. The R2 value was 0.9428, 

indicating that the model explained approximately 94.28 % of the variance. 

The MSE was 0.0016, suggesting a low level of error between the predicted 

and actual values. Based on these results, it can be concluded that the 

RSM-based predictive model demonstrated high reliability in effectively 

explaining and predicting variable changes. To validate generalization 
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capability of the prediction model, an additional verification simulation was 

conducted at derived optimal condition, which were considered unseen. It 

corresponded to 7 magnets in circumferential direction, 5 magnets in the 

radial direction, the working gap of 0.5 mm, and the spindle speed of 1,500 

rpm. The comparison between the simulation results of 515.059 mT and the 

predicted value of 518.857 mT showed that the RSM-based predictive model 

achieved 99.26% accuracy.
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(a) Interaction between the number of circumferential direction magnet 
and the number of radial direction magnets

(b) Interaction between the number of circumferential direction magnets 
and working gap 
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(c) Interaction between the number of circumferential direction magnets 
and rotational speed

(d) Interaction between the number of radial direction magnets and 
working gap
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(e) Interaction between the number of radial direction magnets and 
rotational speed

(f) Interaction between the working gap and rotational speed
Fig. 4.1 SD profiles of surface response plots from regression model
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Adj SS Df Adj MS F-value p-value

Model 100,439 14 7,174.2 69.27 0.000

Linear 90,427 4 22,606.8 218.27 0.000

A 19,597 1 19,597.1 189.21 0.000

B 30,402 1 30,402.3 293.53 0.000

C 40,284 1 40,283.5 388.93 0.000

D 144 1 144.2 1.39 0.255

A2 4,511 1 4,510.8 43.55 0.000

B2 3,521 1 3,520.9 33.99 0.000

C2 860 1 859.5 8.30 0.011

D2 7 1 7.2 0.07 0.795

AB 295 1 295.2 2.85 0.111

AC 13 1 13.1 0.13 0.727

AD 164 1 163.7 1.58 0.227

BC 51 1 50.7 0.49 0.494

BD 178 1 177.9 1.72 0.208

CD 159 1 159.5 1.54 0.233

Residual 1,657 16 103.6

Lack of fit 1,633 10 163.3 41.07 0.000

Pure error 24 6 4.0

Total 102,096 30

Table 4.2 ANOVA analysis of CCD methods
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Fig. 4.2 Pareto chart for standardized effects of process variables 
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Fig. 4.3 Normal probability plot of regression model
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Fig. 4.4 Residual versus fits plot of regression model
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Fig. 4.5 Residual versus order plot of regression model
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Fig. 4.6 Residual histogram of regression model
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4.2.2 AI-based ridge regression model 

This study developed two AI-based predictive models: a ridge regression 

model and a DNN model for the surface finishing of the cylindrical 

workpieces in the MAF process. Based on the simulated results presented in 

Table 4.1, the output variable was magnetic flux density, which was directly 

related to finishing efficiency, while the input variables were process 

parameters, including the number of permanent magnets in the 

circumferential and radial directions, working gap, and rotational speed. 

Consequently, prediction accuracy was compared between the RSM-based 

model and AI-based model using R2 and MSE as statistical indicators to 

determine the optimal model for predicting surface finishing in the MAF 

process. 

The design of AI-based models can be implemented using various 

programming languages. Python is widely used in various industries due to 

its simple and intuitive syntax, as well extensive library support, which 

enhances accessibility. It offers frameworks, which significantly simplify the 

model design and training process. Among them Tensorflow provides 

high-performance computation and automatic differentiation capabilities. 

which makes it particularly advantageous for improving data processing and 

training speed. Accordingly, this study utilized the Tensorflow framework to 

establish the predictive models for surface finishing and optimize the model.

The ridge regression model for magnetic flux density prediction is 

particularly effective solution for multicollinearity and overfitting by 
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introducing an L2 regularization term. To improve its capacity to extract 

nonlinear features, second-order polynomial features were generated during 

the data preoprocessing stage. Thus, the data was standardized using a 

StandardScaler, which normalized the data by adjusting the mean to 0 and 

the variance to 1. 

 A key hyperparameter in ridge regression is the regularization strength . 

To determine the optimal , three tuning strategies were explored: grid 

search, random search, and automated optimization. The grid search initially 

sampled discrete  of 0.1, 1, 10, 100, and 1,000, while both random search 

and automated optimization selected  within the range of 0.001 to 1,000 

on a logarithmic scale. Based in the optimal , the final ridge regression 

model was trained and validated using 4-fold cross-validation. In each fold, 

the dataset was divided into four subsets: three subsets were used for 

training and the remaining one was used for validation. This approach 

enabled performance assessment and improved the reliability of the 

predictive model.

Fig. 4.7 shows the prediction accuracy achieved by each strategy. In the 

grid search, the training and validation accuracies were 98.06% and 86.07%, 

respectively. The random search resulted in training accuracy of  98.82% 

and validation accuracy of 87.64%, while for the automated optimization 

method reached 98.87% and 87.63%. In terms of MSE on the validation 

dataset, the grid search yielded 0.137, whereas other method achieved lower 

MSE value of approximately 0.124. Moreover, relative error between the 

predicted value and actual value which is not included in the training 
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dataset was 2.68% for grid search, 0.75% for random search, and for 1.33% 

automated optimization. Based on the comparative analysis of three tuning 

strategies, the performance in terms of both accuracy and MSE exhibited 

similar levels, These findings indicated that the initial hyperparameter search 

space was well-defined and the number of search iterations for identifying 

adequate hyperparameter was sufficient for each method.

However, it is difficult to conclude that the ridge regression model is the 

most suitable predictive model for magnetic flux density. This is primarily 

because that the prediction accuracy on the validation dataset did not show 

a significant improvement beyond a certain level due to the limited size of 

the dataset and the relatively low variation in the simulation results 

compared to the experimental data. 
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Fig. 4.7 Predictive performance of three hyperparameter tuning strategies
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4.2.3 DNN model

The DNN algorithm was designed to accurately predict the magnetic flux 

density, which is strongly associated with the finishing efficiency and 

surface quality in the MAF process. This was archived by modeling the 

nonlinear relationship between input and output variables. The network 

architecture used in this study consisted of an input layer, three hidden 

layers and an output layer. The input layer contained 4 neurons, 

corresponding to the process parameters designed on the simulations. Since 

DNN models are highly sensitive to data with large magnitudes, the input 

data were normalized to ensure stable and efficient learning. StandardScaler 

was applied for normalization, consistent with the preprocessing approach 

employed in the ridge regression model in Section 4.2.3. The number of 

neurons in the hidden layers was set to 64, 32, and 16, respectively. The 

output layer contained a single neuron representing the predicted magnetic 

flux density.

The total dataset of 31 were randomly divided into training and test sets 

in an 8:2 ratio. Th detailed conditions for the learning algorithm is listed in 

Table 4.3. Ton enhance learning efficiency with the limited datasets and 

improve predictive accuracy, 6-fold cross-validation was applied to the 

training sets. The ReLU activation function sere selected, while the Adam 

optimizer and dropout technique were employed to avoid overfitting. The 

learning rate and the number of training epochs affecting training 

performance were scheduled to start at 0.01 and 100, respectively. In 
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addition, an early stopping strategy was adopted to terminate learning 

process of no improvement in performance was observed over 20 

consecutive epochs. After learning algorithm, model performance was 

evaluated using the R2 and MSE to access the prediction accuracy.

As the result of applying the learned DNN model, the highest prediction 

accuracy was 97.72% for the training dataset and 98.5% for the test dataset 

at the 56th epoch as shown in Fig. 4.8. The corresponding MSE values 

were 5.29×10-4 for the training dataset and 5.01×10-4 for the test dataset. 

Moreover, the DNN-based predictive model was test on unseen data, which 

contributed 20% of the test dataset, and archived a prediction accuracy of 

99.72%.

Therefore, these results indicate that the DNN-based predictive model 

developed in this study outperformed both the RSM and ridge regression 

models in terms of predictive accuracy, highlighting its superior suitability 

for modeling the surface finishing process.
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Condition Value

Validation split 0.20

Cross validation fold 6

Batch size 16

Epoch 100

Early_stopping patience 20

Dropout ratio 0.3, 0.2

Activation function ReLU

Optimizer function Adam

Table 4.3 Fixed condition of the DNN model
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Fig. 4.8 Learning graph of the DNN model 
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4.3 Design fixture and verification experiment 

In this study, a novel MAF fixture was proposed for finishing the internal 

surface of cylindrical workpieces, and its surface finishing was indirectly 

evaluated through dynamic magnetic field analysis. Subsequently, verification 

experiments were performed to validate both the effectiveness of the 

developed fixture and the reliability of the simulation results. 

Photo 4.1 illustrates the proposed MAF equipment, which consists of a  

control system for controlling the rotation of the workpiece, a three-jaw 

chuck for securing the workpiece, and permanent magnets for generating the 

magnetic filed. To ensure the uniform distribution of magnetic flux density 

on the internal surface of the workpiece, the poles of Nd-Fe-B permanent 

magnets were arranged in the alternating pattern on the external surface of 

the workpiece using a teslameter (TM-701, KANETEC), as shown in Photo 

4.2. In addition, a fixture was designed, as shown in Fig 4.9, to allow 

effective adjustment of the size and the number of magnets in both the 

circumferential and radial directions using screws. This design enables 

flexible control of the magnetic field according to machining conditions. 

MAPs were placed inside the cylindrical workpiece, and a cap was used to 

seal the system to prevent leakage during the process.

To evaluate the surface condition before and after processing, a surface 

roughness tester (SJ-410, MITUTOYO), shown in Photo 4.3, was employed. 

Six points perpendicular to the machining direction were measured to ensure 

measurement reliability and reduce deviation.

Based on the simulation, the optimal conditions for generating the  
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maximum magnetic flux density on the internal surface of workpiece were 

determined as follows: 7 circumferential permanent magnets, 5 radial 

permanent magnets, a 0.5 mm working gap between the workpiece and 

magnet, and rotational speed of 2,500 rpm. However, due to the mechanical 

limitations of the lathe used in the experiments, which has a maximum 

spindle speed of 1,800 rpm, the verification experiments were performed at 

a reduced rotational speed of 1,800 rpm. As a result, the average surface 

roughness  after processing was measured to be 0.314 m, satisfying the 

required industry standard approximately 0.350 m. These results 

demonstrate the reliability of both the proposed internal surface finishing 

device for cylindrical workpieces and the simulation-based predictive model.  
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Photo 4.1 Experimental apparatus of MAF process 



- 73 -

Photo 4.2 Tesla meter of TM-701
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(a) Fixture for the number of magnets 5 and 7
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(b) Fixture for the number of magnets 1, 3 and 9

Fig. 4.9 Novel fixture for internal surface MAF
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Photo 4.3 Surface roughness tester
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5. Conclusions

In this study, a novel fixture and equipment were proposed to enhance 

the internal surface quality of cylindrical workpiece used case in secondary 

battery through MAF. To validate to surface finishing performance of the 

proposed process and to reduce time and cost, dynamic magnetic field 

analysis simulation were conducted. Key process parameters were defined as 

the number of permanent magnets in both circumferential and radial 

directions, the working gap between the workpiece and permanent magnet, 

and the rotational speed of the workpiece-all of which significantly influence 

the magnetic flux density distribution and intensity, which are closely 

associated with the efficiency of the MAF process. Optimal finishing 

conditions were identified based on these parameters. Furthermore, surface 

finishing prediction models were developed and compared using RSM, ridge 

regression model, and DNN to identify the model with the highest 

prediction accuracy. The main results of this study are summarized as 

follows:

(1) To individually analyze the influence of each process variable on the 

magnetic flux density at the internal surface of the workpiece, simulations 

were conducted while keeping certain parameter fixed. It was observed that 

excessive numbers of permanent magnets in both the circumferential and 

radial directions led to magnetic saturation, resulting in decrease in flux 



- 78 -

intensity. An increase in the working gap between the workpiece and 

permanent magnet reduced the effective transmission of magnetic force to 

the internal surface, thereby lowering the magnetic flux density. Additionally, 

the rotational speed of the workpiece did not significantly influence the 

intensity or direction of the magnetic flux density.

(2) Using the CCD of the RSM, optimal finishing parameters were 

identified as follows: 7 circumferential permanent magnets, 5 radial 

permanent magnets, 0.5 mm working gap between the magnets and 

workpiece, and the rotational speed of 2,500 rpm. Under these conditions, 

the maximum magnetic flux density on the internal surface was achieved. 

The R2 and MSE values of the RSM-based finishing prediction model were 

0.9428 and 0.0016, respectively, and the relative error between the simulated 

and predicted magnetic flux density under optimal conditions was only 

0.74%.

(3) Hyperparameter optimization for ridge regression model was performed 

using grid search, random search, and automated optimization. In the grid 

search, the training and validation accuracies were 98.06% and 86.07%, 

respectively. The random search resulted in training accuracy of  98.82% 

and validation accuracy of 87.64%, while for the automated optimization 

method reached 98.87% and 87.63%. In terms of MSE on the validation 

dataset, the grid search yielded 0.137, whereas other method achieved lower 

MSE value of approximately 0.124. Moreover, relative error between the 
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predicted value and simulation value under the optimal condition was 2.68% 

for grid search, 0.75% for random search, and for 1.33% automated 

optimization. 

(4) The DNN-based prediction model achieved accuracies of 97.72% for 

the training dataset and 98.5% for the validation dataset. The MSE values 

were 5.29×10-4 and 5.01×10-4 for the training and validation sets,  

respectively. The relative error between the simulated and predicted magnetic 

flux density under the optimal condition was 0.21%, demonstrating that the 

DNN model offered the highest prediction accuracy and the lowest error, 

making it the most suitable model for predicting surface finishing.

The proposed MAF process is suitable not only for cylindrical components 

but also for parts with complex geometries. In MAF, surface finishing is 

influenced by combined effects of various external forces, including abrasive 

force, pressure, gravity, and centrifugal force. Due to the limitations of the 

physical parameters that can be implemented in the simulation environment, 

this study focused on the intensity and distribution of magnetic flux 

density-closely associated with abrasive force and pressure-as key variables 

for evaluating surface finishing and developing a predictive model, Future 

study will incorporate experimental methods to examine the effects of 

addition factors beyond magnetic flux density, such as gravity, centrifugal 

force, and the actual dynamic behavior of MAPs. These investigations aim 

to enhance the reliability and predictive accuracy of the proposed model. 



- 80 -

Additionally, finishing performance under varying rotational speeds of 

workpiece will be experimentally validated, To further improve finishing 

efficiency, the integration of an eccentric motion mechanism into the fixture 

design is planned. 

Theses improvements are anticipated to enhance the reliability of the 

proposed MAF process and broaden its applicability to real-world industrial 

environments. 
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