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ABSTRACT

Recent advancements in artificial intelligence (AI) and deep learning (DL) have shown great potential in accelerating computa-

tional tasks. Notably, image‐to‐image translation (I2I) has gained significant attention due to its broad applications in computer 

vision and image processing problems. This paper presents a data‐driven I2I model based on conditional generative adversarial 

networks (cGAN) to predict the performance of an interior permanent magnet synchronous machine (IPMSM). The generator of 

the cGAN can plot tangential and radial magnetic flux density maps from the input cross‐sectional images of an IPMSM with 

varying geometric features, dimensions, pole‐slot configurations and excitations. Additionally, a comparison is made between 

traditional cGAN networks and a modified multidomain version that incorporates a physics‐informed loss function. Model test 

shows that the proposed method significantly reduces computation time. For a single design, the improvement of evaluation speed 

is approximately 90.23% compared to the FEA simulation. Besides, the multidomain evaluative model can reduce training time 

consumption whilst improving the prediction accuracy. Experimental validation indicates that the predicted magnetic flux density 

maps have an average error of less than 0.13% compared to FEA results. Furthermore, post‐processing the generated images en-

ables the calculation of the torque, flux linkage and induced voltage of the IPMSM. The accuracy of performance calculation using 

the I2I model is also verified against data obtained from FEA software.

1 | Introduction

In modern society, electric machines are the core of driving in-

dustrial automation, transportation and household appliances, 

and they are one of the largest electricity consumers in the world 

[1]. The design and optimisation of electric machines aim to 

develop practical designs that meet specific performance re-

quirements whilst minimising cost and environmental impacts 

[2]. This work often involves multidisciplinary analysis consid-

ering dimensions, topologies, excitation methods, materials and 

operating conditions. Finite element analysis (FEA) is widely 

used in this work due to its exceptional accuracy and flexibility in 

handling complex geometries. FEA provides detailed insight into 

the electromagnetic and mechanical behaviours of electric ma-

chines and is essential for computing multiphysics field solutions 

[3]. However, the high computational cost associated with FEA 

presents a considerable challenge, particularly when simulating 

large numbers of individuals [4]. Therefore, researchers are 

exploring suitable data‐driven methods that have the potential to 

replace FEA in the machine design optimisation process [5].

Over recent years, deep learning (DL) models, a subset of ma-

chine learning (ML) that utilises multilayered neural networks, 

have shown considerable promise in this area due to their 
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ability to extract local features from high‐dimensional data and 

cover a broader range of design variables [6]. Notably, some 

studies employing convolutional neural networks (CNNs) 

[7–11] and generative adversarial networks (GANs) [12–14] 

have developed robust analytical models by extracting geometric 

features from machine images, enabling them to circumvent the 

limitations on the number of degrees of freedom (DoFs). Spe-

cifically, GAN‐based image‐to‐image translation (I2I) models for 

predicting magnetic field distributions have proven effective in 

accurately reflecting machine performance with a relatively 

small number of training samples.

This paper develops a novel data‐driven I2I model based on a 

conditional generative adversarial network (cGAN) with a 

modified physics‐informed loss function for predicting the per-

formance of an interior permanent magnet synchronous machine 

(IPMSM). This approach significantly reduces computation time 

compared to FEA simulation. Through I2I [15], the generator of 

the cGAN predicts the tangential and radial magnetic flux density 

from the input cross‐sectional image of IPMSMs, considering 

various geometric dimensions, pole‐slot configurations, and 

current densities. The predictions can be used to calculate the 

machine’s torque, flux linkage and induced voltage.

2 | Methodology

The overall procedure of the study is depicted in Figure 1. The 

workflow involved obtaining cross‐sectional images of an 

IPMSM under various conditions, data preprocessing, training a 

cGAN with images that contain the information of a series of 

variables and the corresponding magnetic flux density distri-

bution maps obtained through FEA simulation, saving the 

generator of the network to predict magnetic flux density 

distributions of new input design, and postprocessing to eval-

uate machines’ performance.

2.1 | Data Design

Given that the study aims to build a surrogate model that 

matches the accuracy and flexibility of FEA, the information 

constraints that the input data contain should be as adequate as 

possible. Existing studies applying DL models that use images as 

input data allow models to bypass the limitations on the degrees 

of freedom (DoFs) encountered in other ML models [16–22] that 

use variable vectors. However, most studies only use images to 

express machines’ geometric features, which is insufficient for a 

competent model. Therefore, the input data in this work is 

manually designed cross‐sectional images of IPMSMs that 

encapsulate information on topologies, geometric parameters, 

material distribution and excitation.

In ref. [14], the authors divided the input into multiple RGB 

plots, using normalised definitions of colour warmth and cold-

ness to encode current densities and relative permeabilities of 

materials within the input images. However, using a nonlinear 

definition of colour warmth and coldness complicates image 

processing and network learning. In this study, given that input 

images are read in RGB format, specific colours are directly used 

to represent different materials as shown in Figure 2a and 

Table 1. The linear RGB encoding is adopted to ensure a clear 

and numerically interpretable representation of material distri-

butions and excitation, whilst more complex encoding schemes 

can be incorporated in future work if required. Specifically, the 

coil parts are represented by solid colours: red, green and blue 

for the three phases, respectively. The colour values and RMS 

current density are related as described in Equation (1).

FIGURE 1 | The workflow of performance prediction of an IPMSM using I2I.
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J = (colorI − colorzero) × K, (1)

where J (A/mm2) represents the RMS current density, colorI 

ranging from [0, 255] is the pixel colour value of the corre-

sponding phase, colorzero = 108 is the baseline colour value, 

corresponding to J = 0, and K is a scaling constant.

2.2 | Training Sample Acquisition

The present study is based on a two‐dimensional modelling 

framework, in which the influence of end windings is not 

explicitly considered. Although the cross‐sectional images are 

manually designed in this study, the image generation process 

follows deterministic encoding rules and can be readily auto-

mated using parametric modelling tools. The training samples 

were acquired from Ansys Maxwell 2D by simulating an IPMSM 

with various geometric dimensions, pole‐slot configurations and 

excitations. Each data set consists of four images: a cross‐ 

sectional image of the machine, an overall map of magnetic 

flux density distribution, a radial flux density map and a 

tangential flux density map.

The fixed geometrical parameters of the IPMSM are detailed in 

Table 2. The IPMSM features a fixed number of 18 slots, with 

the coil span designed according to the short‐pitch winding 

principle, which helps to reduce harmonics in the IPMSMs [23] 

as described in Equation (2).

y = ⌊ Ns

2p ⌋, (2)

where y is the number of slots the coil spans, Ns is the total 

number of slots and p is the number of pole pairs.

Four coil distributions were considered as depicted in Figure 2b. 

The training sample variables are outlined in Table 3. Each 

motor configuration was sampled at 15 different mechanical 

angles, representing a half cycle of magnetic field rotation. This 

sampling method prevents the same geometric configuration 

from corresponding to different magnetic flux density maps. 

Consequently, a total of 14,400 sample sets were obtained. The 

sampled current density range is intentionally selected to 

include high‐excitation conditions, under which magnetic 

saturation may occur, ensuring that the generated flux density 

distributions inherently reflect saturation effects.

For acquiring magnetic flux density maps, some studies [13, 24, 

25] have attempted to generate these maps using colour maps, 

such as the jet colour map, which is commonly used for visu-

alising density. Similar to the expression of input excitation, this 

visualisation method requires three matrices (channels) to 

represent each magnetic flux density map. The nonlinear rela-

tionship between each pixel’s red, green and blue values and the 

actual magnetic flux density values complicates postprocessing. 

Therefore, this study acquired magnetic flux density images in 

grayscale, establishing a linear relationship between the gray-

scale values and the corresponding magnetic flux density values.

2.3 | Data Pre‐Processing

Before the model training, all images were converted from 

Cartesian coordinates to polar coordinates to facilitate the 

training process by eliminating blank spaces and reducing the 

complexity of arcuate features. The geometric images were read 

as three‐channel RGB images, whereas the three magnetic flux 

density maps were read as single‐channel grayscale images. As 

shown in Figure 1, these grayscale images were then concate-

nated into a three‐channel image that can be read in RGB 

format. This pairing of a three‐channel geometric image and a 

three‐channel magnetic flux density image was used as 

input–output pairs for training. The relationship between the 

resultant magnetic flux density (Bresultant), the radial magnetic 

flux density (Br) and the tangential magnetic flux density (Bt) is 

given by:
FIGURE 2 | Input data format. (a) The cross‐sectional image design. 

(b) IPMSMs with different numbers of pole pairs.

TABLE 1 | Design of IPMSMs’ cross‐sectional imageS.

Material Part name Colour display RGB values

Vacuum • Rotating band White (255, 255, 255)

• Shaft

• Whole region

Pure copper coil • Winding phase A Red (colorI , 0, 0)

• Winding phase B Green (0, colorI , 0)

• Winding phase C Blue (0, 0, colorI)

Silicon steel 350‐50A • Rotor lamination Grey (128, 128, 128)

• Stator lamination

Neodymium magnets 30UH • Magnets Yellow (255, 255, 0)
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Bresultant
2 = Br

2 + Bt
2
. (3)

This way, an encoder–decoder model can be sufficiently utilised 

for I2I, functioning with a single input and producing outputs in 

three domains. Given the clear numerical relationship between 

the three magnetic flux density maps, a corresponding loss 

function can be incorporated during training to enhance the 

model’s performance. This approach leverages the structure of 

the GAN’s generator to handle the complexity of multiple out-

puts whilst ensuring that the interrelated nature of the magnetic 

flux density maps is effectively captured and utilised in the 

training process.

2.4 | Training and Performance Evaluation

During the training, the generator of the proposed cGAN learns 

to predict the magnetic flux density distribution from the cross‐ 

sectional images of the IPMSM. The training is evaluated and 

monitored by comparing the generated magnetic flux density 

images with authentic images obtained from FEA simulations 

using a modified physics‐informed loss function.

Once the loss function and real‐time average error converge, the 

generator is saved as the predictive model. The generator pre-

dicts the corresponding magnetic flux density distributions by 

inputting cross‐sectional images of IPMSMs with new design 

parameters. Since predicted magnetic flux density maps are 

initially grayscale images, they are converted to magnetic flux 

density values using a specific relationship between the pixel 

grayscale values and the corresponding magnetic flux density 

values. The conversion process is explained as follows:

B = Bmin + ( Bmax − Bmin

colortop − colorbot
) × ( colorpixel − colorbot), (4)

where B is the magnetic flux density value, Bmin is the minimum 

magnetic flux density, which is set to 0 T for overall flux density 

and set to −2.75 T for radial and tangential flux density, Bmax is 

the maximum magnetic flux density, set to 2.75 T for all maps, 

colorpixel is the pixel’s grayscale value, ranging from 3 to 252 and 

colortop and colorbot are the upper and lower bounds of the 

grayscale values used for scaling.

After converting the grayscale images to magnetic flux density 

maps, the IPMSMs’ performance is evaluated through some key 

metrics, including torque, magnetic flux linkage and induced 

voltage.

The torque of the IPMSM is calculated using the radial and 

tangential components of the magnetic flux density in the air 

gap. As mentioned previously, all images are first transformed 

from Cartesian to polar coordinates to facilitate this calculation. 

This conversion simplifies the extraction of magnetic flux den-

sity values in the air gap as the square images allow for easy 

retrieval of a circular line of magnetic flux densities corre-

sponding to the air gap radius. The steps to calculate the torque 

using the Maxwell stress tensor (MST) are as follows: (1) Extract 

the magnetic flux density values from the air gap by retrieving 

the grayscale values from the column corresponding to the 

radius r in the polar coordinate image; (2) convert these gray-

scale values to magnetic flux density values using the Equa-

tion (4); (3) apply filters to smooth the magnetic flux density 

curves to ensure better continuity; (4) multiply the filtered 

radial and tangential magnetic flux density components and (5) 

integrate the product over the range of 0 to 2π to calculate the 

torque using MST. The torque T is given by:

T =
Lr2

μ0

∫2π

0

Br(θ, r)Bt(θ, r)dθ, (5)

where L is the stack length of the IPMSM, r is the radius of the 

air gap and μ0 is the vacuum permeability.

It should be noted that the influence of magnetic saturation is 

implicitly considered in the proposed torque calculation. All 

training and validation data are generated using FEA with 

nonlinear magnetic material properties, which inherently cap-

tures magnetic saturation under different operating conditions. 

Consequently, the predicted radial and tangential magnetic flux 

density components already embed saturation effects.

The magnetic flux linkage through each phase is determined by 

integrating the flux densities in coil regions. The calculation of 

flux linkage involves summing the magnetic flux passing 

through each coil turn to obtain the total flux linkage. The flux 

linkage λ is given by:

λ =∑N
i=1

∬
A

Br · dS, (6)

TABLE 3 | Variables of training sampleS.

Variable Min. Max.

Number of pole pairs 4 10

Magnet thickness 2.5 mm 4.5 mm

V‐angle between poles 125° 145°

Magnet bridge thickness 1.5 mm 4 mm

Magnet post thickness 0 mm 2 mm

Magnet separation 0 mm 1.5 mm

Magnet width 6 mm 24 mm

RMS current density 0 A/mm2 25.8 A/mm2

TABLE 2 | Fixed geometrical parameters of the IPMSM.

Stator parameter Value Rotor parameter Value

Stator length 90 mm Stack length 90 mm

Slot number 18 Pole notch depth 0 mm

Outer diameter 130 mm Magnet bridge 2 mm

Bore diameter 80 mm Magnet layers 1

Tooth width 7 mm Magnet segments 1

Slot depth 18 mm Magnet gaps 0 mm

Tooth tip depth 1 mm Airgap length 1 mm

Tooth tip angle 30° Banding thickness 0 mm

Slot opening 3 mm Shaft diameter 25 mm
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where N is the number of turns per coil and A is the coil plane 

through which the magnetic flux passes.

The induced voltage in the coil phases can be calculated using 

the variation of the phase flux linkage over time according to 

Faraday’s Law of Induction.

3 | Network Architecture

To accurately predict magnetic flux density distributions from 

machine structural data, a tailored neural network architecture 

is essential. In this study, a conditional generative adversarial 

network is adopted. The cGAN framework is particularly well‐ 

suited for problems requiring precise spatial mappings be-

tween inputs and outputs, making it ideal for converting ma-

chine cross‐sectional representations into detailed flux density 

maps.

GANs operate on the principle of adversarial training between 

two neural networks: the generator and the discriminator. The 

generator aims to produce synthetic data samples that are 

indistinguishable from real data, whereas the discriminator’s 

role is to differentiate between real and generated data [26]. 

Based on this, cGANs extend the framework by conditioning the 

generator on additional input information, such as images, 

allowing cGANs to generate outputs that are more semantically 

meaningful and contextually accurate [27]. In this study, the 

network is trained with the generator aiming to create realistic 

magnetic flux density maps based on the input conditions of 

machine features, and the discriminator strives to evaluate the 

authenticity of the generated images.

3.1 | Generator

The generator employs a ResUnet architecture [28], as depicted 

in Figure 3, an encoder–decoder structure specifically designed 

to transform input cross‐sectional images into accurate mag-

netic flux density maps. To ensure consistency and improve 

training stability, all images are resized to a fixed size of 

512 × 512 pixels using antialiasing to maintain image quality. 

The pixel values are normalised to the range of [−1, 1], with a 

mean and standard deviation of 0.5. The encoder begins with an 

initial residual convolution module (stride = 1), which prepares 

the data by extracting features relevant to the subsequent pro-

cessing stages. Following the initial block, the architecture 

employs several layers of residual convolution.

As shown in Figure 4, each residual convolutional module 

consists of two consecutive convolutional layers with batch 

normalisation and Leaky ReLU activation, promoting feature 

extraction and learning hierarchical representations at pro-

gressively lower spatial resolutions. This modular architecture 

allows for flexibility in adjusting network depth and complexity 

according to the specific requirements of the image translation 

task [28].

In the decoder path, the architecture reverses the process using 

transposed convolutional layers combined with residual 

convolution modules. These decoding layers increase the spatial 

resolution of the feature maps whilst integrating information 

from the skip connections established during the encoding 

phase [29]. This process aims to recover spatial details lost 

during encoding and refine the generated output. Finally, the 

output layer produces the desired output image, where a hy-

perbolic tangent activation function ensures that the pixel 

values are scaled to the range [−1, 1].

3.2 | Discriminator

The discriminator is designed to evaluate the authenticity of the 

magnetic flux density maps generated by the generator, deter-

mining whether they are realistic or not. It utilises a convolu-

tional neural network for binary classification. Specifically, the 

input to the discriminator is a six‐channel image formed by 

concatenating the input cross‐sectional machine images with 

either the real or generated magnetic flux density map along the 

channel dimension.

As illustrated in Figure 5, this concatenated image is passed 

through a series of convolutional layers, enabling the network to 

learn correlations between the geometry and the corresponding 

FIGURE 3 | The ResUnet architecture applied for the generator.
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flux distribution. The output is a single scalar value representing 

the discriminator’s confidence in the authenticity of the input 

flux map. By learning to distinguish between real and synthetic 

flux maps, the discriminator forces the generator to improve its 

predictions to deceive the discriminator, ultimately enhancing 

the realism and physical accuracy of the generated outputs.

3.3 | Loss Function

The loss function in the model combines traditional adversarial 

loss with physics‐informed components to guide the generator’s 

predictions more effectively. The adversarial loss encourages the 

generator to produce images indistinguishable from the real 

ones, whereas the physics‐informed loss penalises deviations 

from known physical consistency and FEA results. This hybrid 

loss function ensures that the generated magnetic flux density 

maps are not only visually realistic but also physically accurate.

The adversarial loss ensures that the generator G produces im-

ages that the discriminator D cannot distinguish from real 

images. The loss can be written as Equations (7) and (8) for the 

discriminator, respectively.

ℒD = −Ex,y[log D(x, y)] − Ex,z[log(1 − D(x,G(x)))], (7)

ℒadv = −Ex,z[log D(x,G(x))], (8)

where x represents the input annotations, y represents the real 

images and z represents the generated images G(x).

Additionally, the generator incorporates an L1 loss to ensure the 

generated images are close to the real pixel values. It is defined 

as follows:

ℒL1 = Ex,y,z[ ∥ G(x) − y∥1]. (9)

In addition to the fundamental loss, the physics‐informed com-

ponents are gradient loss, channel relation loss and torque loss. 

These components are crucial in this application as they embed 

domain‐specific knowledge into the training process, improving 

the model’s effectiveness in predicting machines’ performance 

characteristics. Gradient loss enhances the similarity of gradients 

between the generated image and the real image. This is achieved 

by calculating the gradient along the x‐ and y‐axes using the Sobel 

operator. The average absolute error between the predicted and 

actual solutions then defines the function:

ℒgrad = Ex,y,z[ ∥ ∇G(x) − ∇y∥1]. (10)

The channel relation loss ensures that the generated magnetic 

flux densities adhere to the physical relationships between the 

channels as expressed in Equation (3). For the generated image’s 

red, green and blue channels, this loss is defined as follows:

ℒrelation = Ex,y,z[∥Gr(x)
2 + Gg(x)

2 − Gb(x)
2∥1]. (11)

The torque loss ensures that the torque computed from the 

generated images is close to the torque calculated from the real 

images. This is achieved by obtaining the flux density values 

from the images during the training process and then 

comparing the resulting torque values calculated through MST:

ℒtorque = Ex,y,z[∥Tgen − Treal ∥1]. (12)

The final generator loss function combines these components 

with appropriate weighting factors:

ℒG =ℒadv + λ1ℒL1 + λ2ℒgrad + λ3ℒrelation

+ λ4ℒtorque ,
(13)

where λ1, λ2, λ3, and λ4 are hyperparameters that balance the 

contributions of each loss component. The implementation de-

tails used in this study are summarised in Table 4.

The weighting coefficients of the loss terms were selected based 

on preliminary experiments. Their values were chosen to bal-

ance the relative contributions of the adversarial, pixel‐wise and 

physics‐informed loss components, ensuring stable training 

convergence and accurate prediction of both magnetic field 

distributions and derived performance quantities.

FIGURE 4 | Operation details of the generator. (a) Residual 

convolution module. (b) Output layer.

FIGURE 5 | Discriminator.
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4 | Results

4.1 | I2I Model Training and Testing

As shown in Figure 6, the training is monitored for loss 

convergence, indicating robust competition between the 

generator and the discriminator during the training process, 

which ensures the model is well‐tuned to the data. At the same 

time, the model’s effectiveness for each epoch was roughly 

estimated and monitored by calculating the average prediction 

error for a randomly selected batch of test data. The generated 

images are evaluated using the mean absolute error (MAE) and 

root mean squared error (RMSE) metrics in comparison to FEA‐ 

generated magnetic flux density maps. These metrics were 

measured with all images normalised to values in the range [−1, 

1] for each pixel. The network is trained on a dataset of 14,400 

image groups, each consisting of a machine cross‐sectional 

image and its corresponding magnetic density maps under 

different geometrical parameters, pole‐slot configurations and 

current densities. The network converges after about 260 

epochs. The training duration is approximately 282 h (63.3 min 

per epoch) on an NVIDIA RTX 4070 Ti GPU.

The trained model took around 2.71 s to produce 15 prediction 

images for one new machine design, whereas Ansys Maxwell 

took 27.73 s (including 5.72 s for configuration initialisation), 

indicating a speed improvement of 90.23%. Following this, 95 

new randomly selected machine designs were used for further 

validation. With the same rules for acquiring training data, each 

design has 15 images with different mechanical angles, resulting 

in 1425 sets of images used for testing. Prediction results of an 

example test input are shown in Figure 7. Although the training 

phase is computationally demanding, it is performed offline and 

enables ultrafast inference, making the proposed approach 

particularly suitable for applications involving repeated perfor-

mance evaluations.

4.2 | Comparative Study of Models

To validate the necessity of the proposed multidomain model, 

the accuracy of using two separate networks to predict the radial 

magnetic flux density (Br) maps and the tangential magnetic 

flux density (Bt) maps independently is also evaluated. In this 

alternative approach, the network structure remains un-

changed. Still, each grayscale magnetic flux density map is 

replicated three times and then combined into a single three‐ 

channel image for training. The loss function associated with 

torque calculation and numerical relationships between the 

magnetic flux density maps is removed.

The kernel density estimation plots of MAE and RMSE results 

for all 1425 test image sets are shown in Figure 8. The average 

and maximum values of the networks’ prediction errors are 

summarised in Table 5. It can be observed that the proposed 

physics‐informed multidomain model has better accuracy 

compared to separate networks.

Figure 9 illustrates the distribution of test sample features and 

the prediction’s MAE for each test sample. Statistically, 99.7% of 

all test results have an MAE of less than 2.60 e−3 (0.13%) for the 

proposed multidomain model.

4.3 | Flux Density Validation

To further assess the model’s accuracy in predicting magnetic 

flux density, attention is paid to values from the centre of the air 

FIGURE 6 | Loss and error record during model training.

FIGURE 7 | Predicted flux densities of a tested IPMSM compared to 

FEA resolutions.

TABLE 4 | Key training hyperparameters of the modeL.

Hyperparameter Value

Optimiser Adam

Generator learning rate 0.0003

Discriminator learning rate 0.000001

Batch size 10

Weight of L1 loss (λ1) 1

Weight of gradient loss (λ2) 0.3

Weight of relation loss (λ3) 0.3

Weight of torque loss (λ4) 0.3
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gap. The proposed model particularly emphasises the flux 

density in the centre of the air gap in the loss function, which is 

designed to track torque calculation accuracy. The generated 

magnetic flux density maps are validated by selecting specific 

columns corresponding to the air gap and comparing the gray-

scale values converted to flux density values using Equation (3). 

The magnetic flux density values at the centre of the air gap are 

extracted and compared with those obtained from the FEA 

counterparts. This comparison ensures the model’s accuracy in 

replicating the physical characteristics of the IPMSM’s magnetic 

field distribution. For instance, the predicted flux densities for 

the new machine design, as shown in Figure 7, match the FEA 

results as depicted in Figure 10.

4.4 | Electromagnetic Torque Validation

The torque is calculated using the radial and tangential com-

ponents of the magnetic flux density in the air gap. The previ-

ously converted magnetic density maps facilitate this 

calculation. By integrating the product of Br and Bt over the 

circumference of the air gap, the torque is obtained using 

Equation (5).

For the design in Figure 7, the proposed multidomain network 

and separate networks for Br and Bt are tested. Figure 11

compares the predicted torque values and the FEA results for 

the new motor design. It can be observed that the proposed 

method has better accuracy on torque prediction compared to 

separate models, and the predicted values of the proposed model 

closely match those obtained from FEA simulations.

4.5 | Flux Linkage Validation

The flux linkage (λ) is obtained by sampling the radial flux 

density at multiple points in the coil regions in the image and 

then calculating it using Equation (6). The predicted results 

from the generated magnetic flux density maps are compared 

with values exported from FEA, showing a high degree of 

agreement. This demonstrates the model’s effectiveness in pre-

dicting the flux linkage. Figure 12a shows the flux linkage 

comparison for the example design in Figure 7.

4.6 | Induced Voltage Validation

The induced voltage (V) in the coils is calculated using the 

variation of the flux linkage over time as the number of turns 

per coil is a predesigned constant. To validate the results 

throughout the periodicity, the predictions for each machine 

design can be expanded to 30 time points (mechanical angles), 

utilising the periodic symmetry of the predicted images. 

Figure 12b illustrates the comparison of the induced voltage 

between the model predictions and the FEA results for the 

example design in Figure 7.

4.7 | Generalisation to Unseen Topologies

To further evaluate the generalisation capability of the proposed 

model, prediction results for motor topologies not included in 

the training dataset are presented. As shown in Figure 13, the 

model is able to reproduce the main magnetic field distribution 

features of unseen topologies. However, when the structural 

difference from the training set increases, a degradation in 

prediction accuracy can be observed. This is mainly attributed to 

the domain shift between the training and testing samples, 

which is a common limitation of data‐driven approaches. This 

limitation highlights the need for future research on training 

strategies that incorporate more diverse motor topologies to 

enhance the generalisation performance.

5 | Conclusion

This study presents a cGAN‐based I2I model for predicting the 

magnetic performance of an IPMSM. The model predicts the 

magnetic flux density distributions from cross‐sectional images 

of IPMSMs, incorporating varying geometric parameters, pole‐ 

slot number combinations and current densities, offering a FIGURE 8 | Prediction errors’ probability density distribution.

TABLE 5 | Prediction errors of different models (tesla).

Prediction MAEavg RMSEavg MAEmax RMSEmax

Multidomain model B 2.53 e‐3 4.94 e‐3 3.36 e‐3 1.89 e‐2

Br 2.31 e‐3 4.55 e‐3 2.78 e‐3 2.02 e‐2

Bt 2.19 e‐3 4.10 e‐3 9.92 e‐3 1.39 e‐2

Separate Br model Br 4.54 e‐3 1.45 e‐2 9.8 e‐2 9.9 e‐2

Separate Bt model Bt 3.32 e‐3 8.15 e‐3 4.04 e‐2 1.41 e‐2
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viable alternative to FEA methods. The key conclusions from 

this work are summarised as follows: (i) Effective prediction 

model: The proposed model effectively predicts magnetic flux 

density distributions with high accuracy. The error metrics 

indicate that the model’s predictions are closely aligned with 

FEA results, demonstrating its reliability in replicating the 

physical characteristics of the IPMSM’s magnetic field distri-

bution. (ii) Reduced computation time: The computational 

FIGURE 9 | The distribution of test sample features and MAE values.

FIGURE 10 | Predicted flux densities at the centre of the air gap of the tested IPMSM compared to FEA results.

FIGURE 11 | Torque calculated through predicted flux densities compared to FEA results.
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speed of the proposed model is increased by approximately 

90.23% compared to FEA simulations, making it particularly 

beneficial in situations involving multiple individuals or real‐ 

time performance evaluations. (iii) Accurate performance eval-

uation: Postprocessing the predicted generated images allows 

for accurate calculation of crucial performance values, including 

torque, flux linkage and induced voltage. The comparisons with 

FEA results validate the model’s effectiveness and applicability. 

(iv) Utility of multidomain network: The multidomain approach 

of the proposed model predicts flux density components inde-

pendently, whilst maintaining physical relationships. This 

approach enhances the versatility and robustness of the model 

while improving the training efficiency compared to the sepa-

rated network.

The proposed model has good potential for industrial deployment, 

particularly in applications that require repeated and rapid 

performance evaluations. By providing accurate electromagnetic 

field predictions and derived performance quantities within mil-

liseconds, the proposed method can significantly accelerate the 

design workflow.

Despite its effectiveness, the proposed method has several lim-

itations. The current framework is based on two‐dimensional 

electromagnetic modelling and does not explicitly capture 

three‐dimensional effects. The prediction accuracy also depends 

on the representativeness of the training dataset, and additional 

training or fine‐tuning may be required when applying the 

model to new motor topologies, pole‐slot configurations or 

material properties. Addressing these limitations will be the 

focus of future work.
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