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Abstract: To improve the current density distribution and electromagnetic performance of air-core inductors, 

a structural optimization method combining BP neural network and genetic algorithm was proposed for the 

study of axial and radial spiral multi-winding inductors. The Monte Carlo method was used to extract the 

structural size samples of the inductors, and the training dataset was obtained through finite element 

calculation of electromagnetic fields. Based on BP neural networks, nonlinear mapping models between the 

inductance value, volumetric inductance density, current distribution non-uniformity coefficient, and inductor 

structural parameters were constructed. The sensitivity analysis of the inductor inductance value affected by 

structural parameters was conducted through the Sobol index calculation. Using the current distribution non-

uniformity coefficient as the fitness function and the volumetric inductance density as the constraint condition, 

the genetic algorithm was applied to optimize the structural parameters of the inductor globally. The 

optimization results were verified through finite element comparison. The results show that, under the 

requirement of satisfying the volumetric inductance density, the current distribution non-uniformity 

coefficient of AHI type inductor was reduced by 4.57% compared with the best sample in the sampling, while 

that of RHI type inductor was reduced by 5.33%, demonstrating the practicality of the BP-GA joint algorithm 

in the structural optimization design of inductors. 

Keywords: air-core inductor; finite element analysis; structural optimization; BP neural network; 

genetic algorithm 

 

1. Introduction 

Inductors are devices used in power systems for current limiting, voltage stabilization, and 

reactive power compensation. Common inductors include air-core inductors, iron-core inductors, 

dry-type inductors, and oil-immersed inductors [1]. Dry-type air-core inductors are widely used in 

power systems due to their simple structure, low loss, good inductance linearity, absence of magnetic 

saturation, and ease of installation and maintenance [2,3]. As the core parameter of an inductor, 

inductance has a decisive impact on its magnetic field distribution and performance. Meanwhile, the 

accuracy of magnetic field calculations is directly related to the inductor's performance evaluation 

and design precision. Therefore, accurately calculating the inductance and magnetic field of the 

inductor is crucial for ensuring stable operation of the power system [4,5]. 

Currently, there are two main methods for calculating the inductance and magnetic field of 

inductors: the analytical method and the finite element method [6]. In the calculation of single-

winding inductors, Hao et al. [7] used analytical methods to investigate the magnetic field and 

inductance characteristics of inductors in pulsed power supplies, revealing the influence of shape 

ratios on inductor performance. Liu et al. [8] proposed analytical expressions representing 

performance parameters with structural parameters, improving the efficiency and parameter range 

of inductance calculations. Jiang et al. [9] employed the finite volume method to establish a 

calculation model for electromagnetic field loss and temperature rise in dry-type air-core inductors. 
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For the calculation of magnetic fields and inductances in multi-winding inductors, it is necessary to 

calculate the self-inductance and mutual inductance of each winding [10]. The derivation process 

using analytical methods can be complex and requires a certain degree of simplification, resulting in 

lower accuracy. Especially for inductors with special-shaped structures or iron cores, the calculation 

difficulty using analytical methods increases significantly. 

Given the limitations of analytical methods in analyzing the magnetic field and inductance of 

inductors, the finite element method has gained attention due to its ability to flexibly handle various 

complex geometries and material properties, as well as its good adaptability to nonlinear problems 

and complex boundary conditions. Liu [11] and Gan [12] et al. used finite element software to 

establish field-circuit coupling models of air-core inductors. The former calculated the magnetic field 

and inductance of the inductor, while the latter analyzed the electromagnetic field and 

electromagnetic force distribution under steady-state conditions. Lin [13] utilized the finite element 

method to study the magnetic field and temperature field of dry-type air-core inductors, analyzing 

the loss distribution and temperature characteristics of the inductor. Ye et al. [14] proposed 

calculation methods for 2D and 3D winding inductances of air-core inductors and verified their 

accuracy using finite element analysis. 

To further enhance the performance of inductors in power systems and meet the requirements 

for stable operation of inductors under complex conditions, the structural optimization design of 

inductors is particularly important. Tan et al. [15] conducted a structural optimization design on 

controllable inductors with taps, proposing an optimization scheme that divides a single winding 

into inner and outer windings to seek the structural parameters for optimal impedance. Li et al. [16] 

comprehensively considered the temperature rise and structural strength requirements during the 

continuous operation of inductors. They optimized the structure of pulse inductors for 

electromagnetic launch by comparing the effects of different fixing methods and cooling methods on 

the stress and temperature of the inductor. With the goal of maximizing energy density, Sun [17] and 

Li [18] et al. used genetic algorithms to optimize the design of toroidal air-core inductors and 

compiled an optimization program that can adjust the structural parameters of the inductor under 

given constraints to find samples with the maximum energy density, seeking the optimal structural 

parameters for inductors in induction pulse power supplies. Considering the geometric parameters 

and skin effect of inductors, Wang et al. [19]analyzed the quality factors of different types of air-core 

inductors, and provided a basis for optimizing the winding structure to reduce power loss in high-

frequency packaged power supplies. 

To improve the current density distribution and electromagnetic performance of air-core 

inductors, this paper takes the axial spiral and radial spiral multi-winding inductors as the research 

objects, and proposes a method for optimizing the inductor structure by combining BP neural 

network with genetic algorithm. The Monte Carlo method is used to extract samples of inductor 

structural dimensions, and the training dataset is obtained through finite element calculations of 

electromagnetic fields. Based on BP neural networks, nonlinear mapping models between the 

inductance value, volumetric inductance density, current distribution non-uniformity coefficient, 

and inductor structural parameters were constructed. Sobol index calculations are performed to 

analyze the parameter sensitivity of the inductor's inductance value. With the current distribution 

non-uniformity coefficient as the optimization objective and volumetric inductance density as a 

constraint, the genetic algorithm is used to perform global optimization of the inductor's structural 

parameters, and the optimization results are verified through finite element comparisons. 

2. Finite Element Calculation of Electromagnetic Field for Air-Core Inductors 

2.1. Two Types of Inductor Structures 

The primary components of dry-type air-core inductors are coils, star frames, and support strips 

[20]. Coils are made of multiple envelopes connected in parallel. Each coil envelope is solidified into 

a single unit using glass fiber impregnated with epoxy resin, and insulation support strips made of 

epoxy resin are placed between encapsulations to form heat dissipation channels. This paper 
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compares two basic configurations of air-core inductors: the Axial Helical Inductor (AHI) and the 

Radial Helical Inductor (RHI). Their 3D structural models are shown in Figure 1. Figure 2 illustrates 

the structural parameters of the two types of inductors. The main parameters of the AHI include 

inner winding radius r1, outer winding radius R1, conductor diameter d1, axial number of turns N1, 

radial number of layers M1, and inductor height H1. The main parameters of the RHI include inner 

winding radius r2, outer winding radius R2, conductor thickness d2, height of a single turn h2, radial 

number of turns N2, axial number of layers M2, and inductor height H2. 

 

 (a) (b) 

Figure 1. 3D models of two types of inductors: (a) AHI (b) RHI. 

 

  (a) (b) 

Figure 2. Structural parameters of two types of inductors: (a) AHI (b) RHI. 

2.2. Parameterized Finite Element Modeling 

Since the helical structures of both inductors have central symmetry, to improve the 

computational efficiency, the 2D axisymmetric models of the above two types of air-core inductors 

are established in the COMSOL finite element software. Due to the skin effect of the conductor, to 

improve the resolution of the electromagnetic field calculations for the conductor and the nearby air 

domain, the surface mesh of the conductor was stratified and refined. The mesh transitions from a 
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dense grid in the conductor domain to a sparse grid in the far-field air domain, as shown in Figure 3. 

The conductor material is copper with a conductivity of 5.998×107 S/m. 

 
(a) (b) 

Figure 3. Finite element mesh: (a) AHI (b) RHI. 

2.3. Spatial Magnetic Field Distribution Characteristics of Inductors 

Figure 4 shows the distribution of magnetic flux density in space for the two types of inductors 

under the excitation of a current magnitude of 1000A and a frequency of 100Hz. The distribution 

patterns of the magnetic field in the space around the inductor coils are similar, with the magnetic 

flux density being more concentrated in the inner areas of the coils and gradually decreasing in the 

outer areas of the coils. The peak value of the magnetic flux density appears near the surface of the 

innermost conductor close to the center of the coil. 

 
(a) (b) 

Figure 4. Spatial distribution of magnetic flux density around inductors: (a) AHI (b) RHI. 

To quantitatively analyze the spatial distribution of magnetic flux density in two types of 

inductors, cross-sectional lines were taken along the central axial and radial directions of the inductor 

windings, and the variation curves of magnetic flux density along these paths were obtained, as 

shown in Figure 5. The magnetic flux density of the two types of inductors is symmetrically 

distributed along the axis of the coil and exhibits a periodic pattern of alternating peaks and valleys, 

that is, peak values appear at the corresponding positions of the conductors, and valley values appear 

between adjacent conductors. The variation law of magnetic flux density along the radial direction 

of the windings is as follows: a peak appears on the inner side of the windings, and then it gradually 

decreases from the inside to the outside of the windings until it approaches zero at the center of the 

magnetic flux contour lines. After that, a small peak appears on the outer side of the windings, 

followed by a gradual decrease towards the far-field air domain. 
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(a) (b) 

Figure 5. Radial and axial variation of the flux density of inductors: (a) AHI (b) RHI. 

3. Generation of Training Data and Modeling of BP Neural Network 

3.1. Monte Carlo Sampling 

The design variables for the AHI inductor include inner winding radius r1, outer winding radius 

R1, axial number of turns N1, radial number of layers M1, and inductor height H1. The design variables 

for the RHI inductor include inner winding radius r2, outer winding radius R2, radial number of turns 

N2, axial number of layers M2, and inductor height H2. The value ranges of each design variable are 

shown in Table 1. 

Table 1. Range of design variables for both types of inductors. 

Inductor Type 
Structural Design 

Variables 

Lower Design 

Limit 

Upper Design 

Limit 

AHI 

r1 (mm) 50 100 

R1 (mm) 150 250 

N1 5 14 

M1 3 7 

H1 (mm) 200 400 

RHI 

r2 (mm) 50 100 

R2 (mm) 150 250 

N2 5 14 

M2 5 9 

H2 (mm) 200 400 

To ensure the quality of automatic mesh generation during parametric finite element analysis, 

certain spatial constraints need to be satisfied between the design variables. Additionally, the number 

of coil turns and layers should be rounded to integers. In summary, the constraint conditions for the 

design variables are as follows: 

, (1)

In the formula, d1=10mm, d2=5mm and h2=30mm are all constants. 

For the relatively complex constraint conditions mentioned above, the conventional Latin 

Hypercube method is difficult to effectively perform sampling. In comparison, using the Monte Carlo 
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method for sampling is a more appropriate choice. Monte Carlo is a random sampling method that 

can randomly draw samples from a defined probability distribution to estimate overall parameters 

or characteristics [21]. As the number of trials increases, this estimated value approaches the true 

probability value. This method is not restricted by the specific form of the problem and has broad 

applicability. 

The optimization objective of this paper is to find the optimal structural parameters when the 

current distribution non-uniformity coefficient Wj is minimized, under the condition that the 

volumetric inductance density L/V meets certain criteria. The spatial volumes occupied by the AHI 

inductor and the RHI inductor are respectively: 

, (2)

, (3)

The current distribution non-uniformity coefficient of the winding is given by: 

, 
(4)

Where jmax is the maximum current density, jave is the average current density, A is the cross-sectional 

area of the winding. A smaller value of Wj indicates a more uniform current distribution in the cross-

section. 

Within the value ranges of each design variable, the Monte Carlo sampling method was used to 

draw 100 sets of sample points for both the AHI inductor and the RHI inductor. Then, through 

parameterized finite element analysis of the inductor's electromagnetic field, the training dataset was 

obtained. 

3.2. Modeling of BP Neural Network 

BP neural network is a feed-forward neural network trained by a backpropagation algorithm. It 

consists of an input layer, hidden layers, and an output layer, capable of learning and storing a large 

number of input-output pattern mapping relationships [22]. In this paper, a single-hidden-layer BP 

neural network is used, and the training function utilizes the 'trainlm' function. The structural 

parameters of the AHI inductor and the RHI inductor are taken as the input parameters of the neural 

network, while the inductance value L, the volumetric inductance density L/V, and the current 

distribution non-uniformity coefficient Wj are used as the output parameters. The prediction accuracy 

of the neural network is influenced by the number of hidden layer units, which has a direct 

relationship with the number of input and output parameters. The calculation formula is shown 

below: 

, (5)

Where K is the number of hidden layer units, k is the number of input parameters, m is the number 

of output parameters, and c is a constant value between 1 and 10. 

After experimenting with different values for training parameters, it was found that when the 

number of hidden layer units in the AHI is set to 7, the neural network training results in the smallest 

error. For the RHI, the smallest training error is achieved when the number of hidden layer units is 

set to 8. From the aforementioned 100 sets of sample data for each, 70 sets were selected as the training 

set, with the remaining 30 sets serving as the test set. After training the neural network with the 

training set, the relationship between the output parameters and the input parameters of the neural 

network model was obtained, as shown in Figure 6. The errors between the predicted values and the 

real values of each output parameter are relatively small. 
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(a) (b) 

  

(c) (d) 

     

(e) (f) 

Figure 6. BP neural network model training results for two types of inductors: (a) Inductance L of 

AHI (b) Inductance L of RHI (c) Volumetric inductance density L/V of AHI (d) Volumetric inductance 

density L/V of RHI (e) Current distribution non-uniformity coefficient Wj of AHI (f) Current 

distribution non-uniformity coefficient Wj of RHI. 

To evaluate the accuracy of the BP neural network fitting model, the coefficient of determination 

R2 and the Relative Root Mean Square Error (RRMSE) are used as evaluation metrics. The calculation 

formulas for these two metrics are as follows: 

, (6)

, (7)

In the formulas, ŷ represents the predicted value, ȳ represents the average value, y represents the true 

value, and m1 represents the number of samples. A higher R2 value closer to 1 indicates better fitting 
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accuracy of the model. A lower RRMSE value closer to 0 suggests a smaller fitting deviation and more 

reliable accuracy of the model. 

The R2 and RRMSE values for both the AHI and RHI inductors, based on the fitting results of 

the BP neural network, are listed in Table 2. The data in the table show high fitting accuracy for both 

the training set and the testing set, indicating that the training effect of the BP neural network model 

is good. 

Table 2. R2 and RRMSE values for both types of inductors with different output parameters. 

Inductor Type Evaluation Index L L/V Wj 

AHI 

Training 

samples 

R2 0.9987 0.9985 0.9992 

RRMSE 0.0033 0.0027 0.0006 

Testing 

samples 

R2 0.9963 0.9965 0.9984 

RRMSE 0.0078 0.0063 0.0011 

RHI 

Training 

samples 

R2 0.9982 0.9984 0.9990 

RRMSE 0.0037 0.0026 0.0005 

Testing 

samples 

R2 0.9903 0.9938 0.9960 

RRMSE 0.0092 0.0055 0.0013 

4. Analysis of Factors Affecting the Inductance Value of Inductors 

4.1. Sensitivity Analysis of Structural Parameters 

Before proceeding with the optimization design, this paper first conducts a sensitivity analysis 

to investigate the degree of impact of changes in various structural parameters of the inductor on its 

inductance value. It is assumed that there exists a mathematical mapping relationship between the 

inductance value of the inductor and its structural parameters, which can be expressed as: 

, (8)

Where L represents the inductance value of the inductor, and X=(X1,X2,…,Xi) represents the vector 

composed of various structural parameters of the inductor.  

Variance analysis methods are employed to evaluate the sensitivity of structural parameters to 

the inductance value, thereby assessing their importance. Sobol's indices are commonly used 

variance analysis metrics, which are divided into the first-order effect index Si and the total effect 

index STi . The first-order effect index Si represents the contribution of the variance of each input 

variable to the variance of the dependent variable, quantifying the sensitivity of a single variable to 

the model. 

, (9)

In the formula, Vi represents the variance contribution of the main effect of variable Xi, and V(L) 

represents the total variance of the mathematical model. The total effect index STi reflects the 

combined influence of the variance of each input variable, along with its interactions with other input 

variables, on the variance of the dependent variable. It provides a more comprehensive 

understanding of the impact of complex relationships between various input variables on the model 

output. 

, (10)

Where Vij is the variance contribution of the interaction effect of variables Xi and Xj, and so on. 

Sobol analysis is a commonly used method for sensitivity analysis, which is based on using 

variance to characterize the uncertainty of the output. In this paper, based on the trained BP neural 

network fitting model mentioned earlier, Monte Carlo sampling was performed in the design space 
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with 4000 sampling points, and Sobol indices were calculated for them. The results are shown in 

Figure 7. Within the designed variable range, for the AHI inductor, the axial number of turns N1 has 

the greatest influence on its inductance value, followed by the radial number of layers M1, while other 

parameters have relatively smaller impacts. For the RHI inductor, the radial number of turns N2 has 

the greatest influence on its inductance value, followed by the axial number of layers M2. 

 
(a) (b) 

Figure 7. Sobol index of structural parameters for two types of inductors: (a) AHI (b) RHI. 

4.2. The Effect of Excitation Frequency 

To explore the impact of different excitation frequencies on the inductance value of inductors, 

both types of inductors were subjected to an incremental approach where the excitation frequency 

was increased by 100Hz at a time, gradually raising it up to 2000Hz. Figure 8 shows the variation 

curves of inductance values for the two types of inductors at different frequencies. As the excitation 

frequency increases, the inductance value of the inductors gradually decreases. 

Figure 9 is the magnetic flux density distribution cloud chart of the two types of inductors under 

500Hz and 2000Hz excitation. It can be seen that the overall spatial distribution pattern of magnetic 

flux density is basically consistent with the aforementioned, but what differs is that with the increase 

of excitation frequency, the peak value of the inductor's magnetic flux density gradually increases, 

and the distribution of magnetic field strength in space becomes more uneven. 

 
(a) (b) 

Figure 8. Variation of inductance of inductor with excitation frequency: (a) AHI (b) RHI. 
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(a) (b) 

 

(c) (d) 

Figure 9. Magnetic flux density distribution of inductors at 500 Hz and 2000 Hz frequencies: (a) AHI 

500Hz (b) AHI 2000Hz (c) RHI 500Hz (d) RHI 2000Hz. 

5. Optimization of Inductor Structural Parameters Based on BP-GA Algorithm 

5.1. Mathematical Model for the Structural Optimization of Inductors 

The mathematical model for the structural optimization of inductors encompasses three 

components: optimization objectives, design variables, and constraints. The optimization objective is 

the current distribution non-uniformity coefficient Wj in the inductor. The design variables are the 

structural parameters of the inductor. The constraints include the value range of the inductor's design 

variables and its volumetric inductance density L/V. Due to the mutual influence and constraints 

between factors such as inductance and current density, the structural design becomes complex. To 

enhance design efficiency, the volumetric inductance density L/V was introduced as an additional 

constraint [23]. A higher volumetric inductance density implies that a higher inductance value can 

be achieved within a limited space. In this paper, the volumetric inductance density constraints for 

the two types of inductors are referenced to the average volumetric inductance density of their 

respective 100 sets of sample data, which are 3500 μH/m³ and 4500 μH/m³, respectively. The 

established optimization models for the AHI and RHI inductors are as follows: 
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, (11)

, (12)

In the formula, Wj represents the current distribution non-uniformity coefficient, L/V represents the 

volumetric inductance density, Xmin and Xmax are the value ranges of the design variables. N1, M1, H1, 

r1, and R1 are the five design variables of the AHI inductor, while N2, M2, H2, r2, and R2 are the five 

design variables of the RHI inductor. d1 is the conductor diameter, d2 is the conductor thickness, and 

h2 is the height of a single turn, all of which are constants. 

5.2. Optimization by BP-GA Joint Algorithm 

Genetic Algorithm (GA) is a search algorithm that simulates the mechanisms of natural selection 

and genetics in biological evolution. By encoding, it represents the possible solutions to a problem as 

chromosomes and gradually seeks the optimal solution through select, cross, and mutation 

operations, simulating the biological evolution process. 

The optimization objective of the inductor in this paper is to reduce the current distribution non-

uniformity coefficient Wj. This is achieved by setting the fitness function value as Wj and then 

selecting the chromosome with the minimum fitness value to obtain the optimal result. Leveraging 

the previously trained BP neural network prediction model, the current distribution non-uniformity 

coefficient Wj is established as the individual fitness evaluation criterion in the genetic algorithm. 

Under this criterion, a lower fitness value indicates a better individual. Given that both input and 

output parameters are subject to strict constraints, after creating the initial population according to 

the constraints of the structural parameters in the genetic algorithm process, it is essential to ensure 

that the volumetric inductance density L/V of all individuals meets the constraints during fitness 

value calculation. However, after selection, crossover, and mutation operations, new individuals that 

do not satisfy the constraints may be generated. Therefore, it is necessary to re-examine the newly 

generated individuals to ensure they meet all constraints. The optimization process of the BP-GA 

joint algorithm is shown in Figure 10. 
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Figure 10. The optimization process of the BP-GA joint algorithm. 

After optimization using the BP-GA joint algorithm, the optimal structural parameters of the 

air-core inductor were determined. As shown in Figure 11, for the AHI, after 60 iterations, the 

fitness value of the individuals tends to stabilize, with the best fitness value being 1.7013. For the 

RHI, its fitness value gradually converges after approximately 63 iterations, with the best fitness 

value being 2.9749. 

 
(a) (b) 

Figure 11. Fitness evolution curve: (a) AHI (b) RHI. 

The optimized structural dimensions of the two types of inductors after the optimization 

solution are shown in Table 3. The optimal dimensions for the AHI are: coil inner diameter 

95.15mm, coil outer diameter 186.70mm, axial turns 8, radial layers 4, inductance height 272.89mm, 

and the inductor inductance value is 114.66μH. The optimal dimensions for the RHI are: coil inner 

diameter 50.34mm, coil outer diameter 158.72mm, radial turns 8, axial layers 6, inductance height 

315.03mm, and the inductor inductance value is 127.88μH. 
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Table 3. The structure parameters of two kinds of inductors after the BP-GA joint algorithm. 

Inductor Type Structural Design Variables Optimal parameter 

AHI 

r1 (mm) 95.15 

R1 (mm) 186.70 

N1 8 

M1 4 

H1 (mm) 272.89 

RHI 

r2 (mm) 50.34 

R2 (mm) 158.72 

N2 8 

M2 6 

H2 (mm) 315.03 

5.3. Finite Element Validation 

To verify the rationality of the inductor structural parameters obtained through optimization 

using the BP-GA joint algorithm, a finite element analysis model of the inductor's electromagnetic 

field was re-established based on the optimized dimensions. Figure 12 shows the magnetic flux 

density and current density distributions of the two optimized inductors under the excitation of a 

current magnitude of 1000A and a frequency of 100Hz. 

After data processing, the finite element calculation results after optimization were compared in 

detail with the training sample data, as shown in the relevant statistical data in Table 4. 

When the AHI is at its optimal dimensions, the current distribution non-uniformity coefficient 

Wj is 1.7115, which is a reduction of 40.28% compared to the sample with the best volumetric 

inductance density L/V in the sampling, and a reduction of 4.57% compared to the optimal sample 

that also meets the constraint of a volumetric inductance density L/V greater than 3500μH/m³ in the 

sampling. The error between the finite element verified calculation results and the prediction results 

of the BP neural network model is only 0.60%. 

When the RHI is at its optimal dimensions, the current distribution non-uniformity coefficient 

Wj is 2.8768, which is a reduction of 27.43% compared to the sample with the best volumetric 

inductance density L/V in the sampling. It is also a reduction of 5.33% compared to the optimal sample 

that meets the constraint of a volumetric inductance density L/V greater than 4500μH/m³ in the 

sampling. The error between the finite element verified calculation results and the prediction results 

of the BP neural network model is 2.46%. 

From the above, it can be seen that the inductor design parameters obtained after optimization 

using the BP-GA joint algorithm, when compared with the optimal data in the training samples, have 

all reduced the current distribution non-uniformity coefficient Wj, meaning that the uniformity of the 

inductor's current distribution has been improved. In addition, the optimized inductor parameters 

have been further validated by finite element simulation, which confirmed the high predictive 

accuracy of the constructed BP neural network model, with the prediction error of the current 

distribution non-uniformity coefficient Wj for both types of reactors being within 3%. 
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Figure 12. The optimized inductor finite element simulation results: (a) Magnetic flux density 

distribution of AHI (b) Magnetic flux density distribution of RHI (c) Current density distribution of 

AHI (d) Current density distribution of RHI. 

Table 4. Finite element analysis data comparison before and after the optimization of the two 

inductors. 

Inductor Type L (μH) L/V (μH/m3) Wj 

AHI 

Sample of optimal L/V 486.0346 8459.9692 2.8657 

Sample of optimal Wj 116.7442 3531.5769 1.7934 

post-optimization 114.6565 3510.6846 1.7115 

RHI 

Sample of optimal L/V 803.1687 13330.8319 3.9640 

Sample of optimal Wj 114.9423 4591.9504 3.0388 

post-optimization 127.8841 4539.2142 2.8768 

6. Conclusions 

In this paper, the combination of the powerful nonlinear mapping capability of the BP neural 

network and the search capability of the genetic algorithm is used for the structural optimization of 

axial helical and radial helical multi-winding inductors, achieving good results. The main work and 

conclusions are as follows: 

(1) Parametric finite element simulations of AHI and RHI inductors indicate that the distribution 

of the magnetic fields in the space surrounding the windings of both inductors are similar. The 

magnetic flux density is concentrated in the inner region of the windings and gradually decreases in 

the outer region. The peak magnetic flux density appears near the surface of the innermost conductor 
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closest to the center of the windings. As the excitation frequency increases, the inductance value of 

the inductor gradually decreases, the peak magnetic flux density gradually increases, and the 

distribution of magnetic field intensity in the winding space of the inductor becomes more uneven. 

(2) Based on Monte Carlo sampling and finite element simulation, training and testing datasets 

were generated. Nonlinear mapping models between the inductor's volumetric inductance density 

L/V, current distribution non-uniformity coefficient Wj, and inductor structural parameters were 

established through BP neural networks. On this basis, the current distribution non-uniformity 

coefficient was used as the fitness function of the genetic algorithm, and the volumetric inductance 

density was used as a constraint. The optimal combination of inductor structural parameters was 

obtained through rapid optimization processes such as selection, crossover, and mutation. 

(3) The Sobol index was calculated to analyze the sensitivity of the inductor's inductance value 

to changes in structural parameters. For the AHI, the axial turns N1 has the greatest impact on the 

inductance value, followed by the radial layers M1. For the RHI, the inductance value is most 

significantly affected by the radial turns N2, followed by the axial layers M2. At the same inductance 

value, the RHI has a higher volumetric inductance density and a more compact structure than the 

AHI. 

(4) After joint optimization using the BP-GA algorithm, the current distribution non-uniformity 

coefficient Wj of the AHI was reduced by 40.28% compared to the sample with the optimal volumetric 

inductance density L/V in the sampling and reduced by 4.57% compared to the sample with the best 

Wj in the sampling. The current distribution non-uniformity coefficient Wj of the RHI was reduced 

by 27.43% compared to the sample with the optimal volumetric inductance density L/V in the 

sampling and reduced by 5.33% compared to the sample with the best Wj in the sampling. Further 

verification using finite element analysis showed an error within 3%, demonstrating the practicality 

of the BP-GA joint algorithm in inductor structural optimization. 
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