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A B S T R A C T  
 

Background: This study presents an Explainable Artificial Intelligence (XAI)–based analysis of the 
three-dimensional magnetic flux density components (Bx, By, Bz) generated in magnetic actuators used 
in molded case circuit breakers (MCCBs). The analyses were conducted on a dataset obtained from 
electromagnetic simulations performed in CST Studio Suite, comprising a total of 1,186,066 samples 
across 27 different actuator configurations. The dataset includes 16 input features (Full Mode), cover-
ing design parameters, spatial coordinates, and physical field quantities. 
Methods: To investigate how the model benefits from different levels of information, three feature 
modes were compared: (i) Full Mode, which includes all variables; (ii) Design–Spatial Mode, which 
incorporates design parameters and spatial coordinates; and (iii) Design-Only Mode, which relies 
solely on design parameters. To prevent data leakage, the evaluation was carried out using a configu-
ration-based group splitting strategy, and model stability was assessed through repeated experiments. 
Results: The results show that the Full Mode, as the most physically informative representation, 
achieves the highest accuracy, particularly for the By and Bz components. The Design–Spatial Mode, 
despite its simpler feature structure, largely preserves this high performance. In contrast, the Design-
Only Mode exhibits a significant drop in performance. These findings highlight that spatial infor-
mation is critical for the point-wise prediction of local magnetic flux density components, whereas 
relying solely on design parameters is insufficient. Furthermore, feature importance analysis and 
SHapley Additive exPlanations (SHAP)-based explanations indicate that the model’s decisions are 
grounded in physically meaningful variables. Quantitatively, the Full Mode attains R² = 0.9152, 
0.9910, and 0.9941 for Bx, By, and Bz, respectively, while the more compact Design–Spatial Mode 
remains highly competitive (R² = 0.9846, 0.9916, and 0.9658), and the Design-Only Mode drops 
sharply (R² = 0.0194, 0.1015, and 0.0063 for Bx, By, and Bz respectively), confirming that spatial 
information — rather than design parameters alone — is the key driver of point-wise prediction accu-
racy. 
Conclusion: Overall, the findings demonstrate that, in data-driven modeling of electromagnetic sys-
tems, not only predictive accuracy but also the level of information and interpretability play a cru-
cial role. 
 
Keywords: Explainable Artificial Intelligence (XAI), Magnetic Flux Prediction, MCCB, Magnetic Ac-
tuator, Feature Importance, Spatial Features, Surrogate Modeling, Random Forest 

 
1. Introduction 

Molded case circuit breakers (MCCBs) are widely used low-voltage protec-
tion devices in industrial and commercial power distribution systems (Q. 
Wang et al., 2023). The reliable operation of these devices is directly gov-
erned by the behavior of their internal magnetic actuator mechanisms, which 
convert electromagnetic energy into controlled mechanical motion. The per-
formance of magnetic actuators is determined by complex interactions 
among excitation conditions, material properties, geometric structure, and 
the spatial distribution of the magnetic field. Therefore, variations in param-
eters such as coil winding turns, permanent magnet strength, and material 
selection can lead to significant changes in the magnetic flux density distri-
bution (Cho et al., 2022). 

In the analysis of such systems, high-fidelity electromagnetic simulation 
tools such as CST Studio Suite enable detailed investigation of field distri-
butions. In the literature, studies aimed at understanding the behavior of 
MCCB systems are largely based on physics-driven simulation approaches. 

Research on arc interruption performance and current-carrying behavior in 
low-voltage circuit breakers demonstrates that the electromagnetic charac-
teristics of these systems can be modeled in detail (Cho et al., 2022; Q. Wang 
et al., 2023); comparably detailed electromagnetic-response simulation 
methodologies have also been applied to other safety-critical electrical sys-
tems, such as coupled cable and structural response analysis under lightning 
strikes (Chen et al., 2025). Similarly, studies examining the influence of ex-
ternal transverse magnetic fields on arc evolution and interruption behavior 
in circuit breakers have revealed the sensitivity of system behavior to phys-
ical parameters (S. Liu et al., 2024). Related work on transient protection and 
current-limiting behavior in modern power-electronic-dominated grids, in-
cluding grid-forming converter current-limiting algorithms and transient sta-
bility analysis (Qoria et al., 2020), further illustrates the continued relevance 
of protective-device modeling across evolving power system architectures. 
More recent studies continue to explore different physical aspects of MCCB 
systems through approaches such as comparative arc interruption analysis 
(Zhang et al., 2025) and circuit-based air arc modeling. 
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While these studies provide valuable insights into the physical behavior of 
electromagnetic systems, they are largely limited to deterministic modeling 
and accuracy-oriented analyses. Moreover, most existing work primarily fo-
cuses on prediction accuracy, without sufficiently addressing which input 
variables the model relies on and what physical relationships it actually 
learns. However, in engineering applications, achieving high accuracy alone 
is not sufficient; understanding the decision-making mechanism of the model 
is equally critical for ensuring reliability and interpretability. In this context, 
explainable artificial intelligence (XAI) approaches enable the analysis of 
complex model behavior, offering more transparent and trustworthy solu-
tions for engineering problems (Barredo Arrieta et al., 2020; Tjoa and  Guan, 
2021). Furthermore, it has been emphasized in the literature that the success 
of artificial intelligence models in electromagnetic systems depends not only 
on the choice of model but also strongly on data quality and the adequacy of 
feature representation (Ali et al., 2023; Zha et al., 2025). This highlights the 
need for a systematic investigation of how different feature groups contribute 
to model performance. 

In this study, the objective is not only to predict the three-dimensional mag-
netic flux density components in MCCB magnetic actuators, but also to de-
termine under which levels of information these components can be reliably 
estimated. To this end, the dataset is analyzed under three different feature 
modes: (i) Full Mode, which includes all variables; (ii) Design–Spatial 
Mode, which incorporates only design parameters and spatial information; 
and (iii) Design-Only Mode, which relies solely on design parameters. This 
framework allows for a systematic evaluation of the role of spatial infor-
mation in magnetic field prediction, while the dependency of the model on 
specific variables is assessed using explainable artificial intelligence tech-
niques. This study goes beyond conventional accuracy-driven approaches in 
data-driven modeling of electromagnetic systems by contributing to a more 
physically interpretable understanding of model behavior. 

To more clearly position this study relative to recent work, we note that ex-
plainable machine learning has increasingly been applied to 

electromagnetic-field-related prediction tasks outside the power-device do-
main: SHAP- and LIME-based explanations have been used to interpret en-
semble-model predictions of ambient electric-field strength in urban envi-
ronments across multiple European cities (Givisis et al., 2025; Kiouvrekis et 
al., 2025), with tree-based ensembles (Random Forest, XGBoost, 
LightGBM) consistently identified as strong predictors whose feature-im-
portance rankings differ from those of simpler models. In parallel, physics-
informed machine learning has emerged as a complementary paradigm for 
embedding governing electromagnetic equations directly into data-driven 
models, improving generalization and physical consistency in applications 
ranging from eddy-current couplers to artificial electromagnetic materials 
(Deng et al., 2025; Karniadakis et al., 2021; J. Wang et al., 2025; Wu et al., 
2024). Compared to this body of work, the present study differs in that it 
does not embed governing equations into the learning algorithm (a physics-
informed approach) or explain a black-box ensemble comparison (a multi-
model XAI approach); instead, it uses a single tree-ensemble model analyzed 
using post-hoc explanations to systematically isolate how much of the pre-
dictive signal is attributable to spatial information versus design parameters 
alone -a question that, to our knowledge, has not been directly addressed for 
MCCB magnetic actuators. 

2. Materials and Methods 

 Dataset 

The dataset used in this study was generated through numerical simulations 
performed in CST Studio Suite, designed to represent the electromagnetic 
behavior of the magnetic actuator system in molded case circuit breakers 
(MCCBs) (Figure 1(a)). The dataset comprises a total of 27 different actuator 
configurations, created to analyze the impact of varying design parameters 
on system performance. Detailed descriptions of the parameters used in these 
configurations are provided in Table 1, while a subset of these parameters is 
visually illustrated in Figure 1(b). 

 

Fig. 1 - (a) Magnetic actuator assembly; (b) Cross-sectional view of the actuator design and its main components: (1) shaft, (2) magnet, (3) chassis, 
and (4) coil.

Table 1 - Parametric design space of the actuator configurations 

Parameter Values Description 

Magnet level 
(Gauss) 

800, 900, 1000 
Magnetic flux density level of the per-
manent magnet 

Coil turns 800, 900, 1000 Number of coil windings 

Top cover 
material 

Brass, Alpaca, St 
37 

Material of the top cover 

Total combi-
nations 

(3 × 3 × 3 = 27) All possible parameter combinations 

 
The 27 configurations correspond to a deterministic full-factorial design of 
experiments (3 × 3 × 3), rather than a random or Latin-hypercube sample; 
every combination of the three categorical/discrete design parameters in Ta-
ble 1 was simulated. This design ensures complete, systematic coverage of 
the discrete design space defined by these parameters, and each 

configuration was additionally sampled at a dense grid of spatial locations to 
characterize the local field distribution, yielding the 1,186,066-sample da-
taset described below. 

 CST Simulation Results Overview Across Configurations 

Figure 2 graphically summarizes the main characteristics of the CST-
generated dataset, including the complete factorial design space formed by 
three magnet flux-density levels, three coil-turn levels, and three top-cover 
materials, as well as the configuration-wise sample counts, spatial sampling 
domain, and distributions of the 𝐵௫, 𝐵௬, and 𝐵௭components. The component 
distributions exhibit pronounced concentrations near zero together with 
long-tailed field values, reflecting the spatially heterogeneous nature of the 
magnetic field. To complement this graphical overview, Table 2 reports the 
spatial mean and maximum absolute values of 𝐵௫, 𝐵௬, and 𝐵௭ separately for 
all 27 actuator configurations. The mean resultant flux magnitude was cal-
culated as 2 2 2

x y zB B B B   . Increasing the coil turns from 800 to 1000 

(a) (b) 
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consistently increased the mean resultant flux magnitude across all nine 
magnet-level/top-cover combinations. The increase ranged from 17.6% to 
18.7% in eight combinations, confirming that the number of coil turns is a 
major determinant of the spatially averaged magnetic field. A notably larger 
increase of 39.9% was observed for the 800-G magnet level and brass top-
cover combination because its 800-turn coil configuration exhibited an unu-
sually low mean resultant flux magnitude (3.115 mV·s/m²) compared with 
the corresponding Alpaca and St 37 steel configurations (3.674 and 3.675 
mV·s/m², respectively). This value was verified directly against the raw CST 
export and retained without modification. Nevertheless, a solver-side verifi-
cation, particularly a mesh-convergence analysis for this configuration, is 

recommended before the observed difference is interpreted as a confirmed 
physical effect. For nearly all other fixed magnet/coil combinations, chang-
ing the top-cover material altered the mean resultant flux magnitude by only 
approximately 0.1%–0.4%, indicating its limited influence on the spatially 
averaged field. The component-wise maxima reveal distinct parameter-de-
pendent effects: the maximum ∣Bx∣increases primarily with magnet level, 
whereas the maximum ∣By∣and ∣Bz∣increase predominantly with coil turns. 
In contrast, the top-cover material produces negligible differences in the re-
ported component-wise maxima. 

 
Table 2. CST-simulated flux-density component summary showing the spatial mean and maximum magnitudes of ∣ 𝑩𝒙 ∣, ∣ 𝑩𝒚 ∣, and ∣ 𝑩𝒛 ∣(mV·s/m²) for 

each of the 27 actuator configurations. 

Configuration 
Magnet 
parameter 

Coil 
parameter 

Top-cover ma-
terial 

Top-cover μr Mean |Bx| Max |Bx| Mean |By| Max |By| Mean |Bz| Max |Bz| 

Model 1 800 800 Brass 1 1.003 73.897 2.186 87.513 0.599 60.187 

Model 2  900   1.471 73.898 2.723 99.769 0.709 67.710 

Model 3  1000   1.556 81.269 2.990 110.856 0.757 75.234 

Model 4 800 800 Alpaca 30 1.387 73.897 2.457 88.681 0.661 60.188 

Model 5  900   1.472 73.898 2.724 99.769 0.710 67.712 

Model 6  1000   1.558 81.268 2.991 110.856 0.758 75.235 

Model 7 800 800 St 37 1000 1.387 73.897 2.457 88.681 0.662 60.188 

Model 8  900   1.473 73.898 2.724 99.769 0.711 67.712 

Model 9  1000   1.559 81.268 2.992 110.856 0.760 75.235 

Model 10 900 800 Brass 1 1.474 83.133 2.497 88.681 0.693 60.187 

Model 11  900   1.560 83.134 2.763 99.769 0.742 67.710 

Model 12  1000   1.645 83.135 3.030 110.856 0.790 75.234 

Model 13 900 800 Alpaca 30 1.476 83.133 2.498 88.681 0.694 60.188 

Model 14  900   1.556 83.134 2.752 99.769 0.743 67.712 

Model 15  1000   1.647 83.135 3.032 110.856 0.791 75.235 

Model 16 900 800 St 37 1000 1.476 83.133 2.498 88.681 0.695 60.188 

Model 17  900   1.562 83.134 2.765 99.769 0.744 67.712 

Model 18  1000   1.647 83.135 3.032 110.856 0.793 75.235 

Model 19 1000 800 Brass 1 1.563 92.369 2.537 88.681 0.726 60.187 

Model 20  900   1.648 92.370 2.804 99.768 0.775 67.710 

Model 21  1000   1.734 92.371 3.071 110.856 0.823 75.234 

Model 22 1000 800 Alpaca 30 1.564 92.369 2.538 88.681 0.728 60.188 

Model 23  900   1.650 92.370 2.805 99.768 0.776 67.712 

Model 24  1000   1.736 92.371 3.072 110.856 0.825 75.235 

Model 25 1000 800 St 37 1000 1.565 92.369 2.539 88.681 0.729 60.188 

Model 26  900   1.650 92.370 2.805 99.768 0.777 67.712 

Model 27  1000   1.736 92.371 3.072 110.856 0.826 75.235 

Figure 3 and Figure 4 present representative CST-simulated magnetic flux 
density maps (side cross-section and top view, respectively) for the actuator. 

In the side cross-section shown in Figure 3, the magnetic flux density is dis-
tributed symmetrically along the coil axis. The highest flux density occurs in 
the air gap between the moving core and the stationary magnetic circuit, 
while the flux intensity decreases gradually with distance from this region. 
The flux lines are largely closed within the magnetic circuit, and leakage flux 
to the surrounding region remains limited. 

In the top view (Figure 4), the magnetic flux density is symmetrically dis-
tributed around the coil center, with flux vectors concentrating in the air gap 
and oriented regularly from the center toward the outer regions. The field 
intensity reaches its maximum in the central region and decreases with in-
creasing radial distance. Taken together, both views indicate that the 

magnetic field is effectively concentrated in the target region, the magnetic 
circuit operates in a balanced manner, and the resulting flux distribution is 
favorable for electromagnetic force generation. 

Table 3 compares CST-simulated (true) and Random Forest-predicted mean 
flux density, converted to physical units (Vs/m²), for all three feature modes 
(Full, Design–Spatial, Design-Only) and all three output components (𝐵௫, 
𝐵௬, 𝐵௭), restricted to the four configurations held out from training (genuine 
out-of-sample predictions). Prediction error generally increases as the fea-
ture set is reduced, consistent with the R² pattern in Table 5: median relative 
error across the 12 held-out cases is 0.11% for the Full Mode, 4.87% for the 
Design–Spatial Mode, and 19.70% for the Design-Only Mode. One held-out 
configuration (Magnet = 1000 G, Coil = 800, Top-cover = Brass) is a clear 
exception: for this configuration, all three modes show much larger relative 
errors, and for the Full and Design-Spatial Modes specifically the 𝐵௫ and 𝐵௭  
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Figure 2. Graphical characteristics of the simulation dataset. (a) Full-factorial design space comprising three magnet levels (800, 900, and 1000 G), three 
coil-turn levels (800, 900, and 1000 turns), and three top-cover materials. (b) Number of spatial observations in each configuration. (c–e) Distributions of 

the 𝑩𝒙, 𝑩𝒚, and 𝑩𝒛 components represented using a signed logarithmic transformation. (f) Spatial sampling domain in the 𝒙 − 𝒚 plane, with opacity 
indicating the  𝒛 −coordinate. 

components (whose true magnitude is very close to zero for this configura-
tion) show very large percentage errors despite small absolute deviations - a 
known limitation of percentage-based error metrics near zero. The Design-
Only Mode additionally shows one severe miss for this configuration (𝐵௬: 
98.1% relative error), which is consistent with its comparatively low R² in 
Table 5 and Table 7. We report this configuration’s results in full rather than 
removing it and identify it as a priority case for the uncertainty-quantification 
future work discussed in the Conclusion. 

 

Figure 3. Side cross-sectional view of the CST-simulated magnetic flux 
density distribution (Vs/m²), showing vector orientation around the 

moving core and air gap. 

 

Figure 4. Top view of the CST-simulated magnetic flux density distri-
bution (Vs/m²) around the coil and actuator assembly. 

The dataset obtained from the simulations consists of a total of 1,186,066 
samples. Each sample represents the behavior of the magnetic field at a spe-
cific point in space and is composed of input and output variables. The input 
features used in the Full Mode comprise a total of 16 variables, which are 
categorized into three main groups: 

a) Design parameters: magnet level, number of coil turns, and 
material properties   
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Table 3. Configuration-level comparison of CST-simulated vs. AI-predicted mean flux density (physical units), for all three feature modes and all three 
output components, restricted to the four held-out (genuine out-of-sample) test configurations. 

Mode Magnet Coil Material Comp. True (Vs/m²) Pred (Vs/m²) Err % 

Full 900 1000 Brass 

Bx 0.000011 0.000011 0.70 

By 0.001243 0.001243 0.00 

Bz 0.000003 0.000003 0.11 

Full 1000 800 Alpaca 

Bx 0.000012 0.000012 0.26 

By 0.000990 0.000990 0.00 

Bz 0.000001 0.000001 1.37 

Full 1000 800 Brass 

Bx 0.000011 0.000052 388.97 

By 0.000991 0.001100 10.94 

Bz 0.000001 0.000050 3563.83 

Full 1000 900 Brass 

Bx 0.000011 0.000011 0.01 

By 0.001116 0.001116 0.01 

Bz 0.000002 0.000002 0.40 

Design-Spatial 900 1000 Brass 

Bx 0.000011 0.000011 2.17 

By 0.001243 0.001230 1.01 

Bz 0.000003 0.000002 7.66 

Design-Spatial 1000 800 Alpaca 

Bx 0.000012 0.000015 26.03 

By 0.000990 0.001008 1.81 

Bz 0.000001 0.000001 11.20 

Design-Spatial 1000 800 Brass 

Bx 0.000011 0.000013 23.59 

By 0.000991 0.001258 26.95 

Bz 0.000001 0.000001 27.81 

Design-Spatial 1000 900 Brass 

Bx 0.000011 0.000014 25.80 

By 0.001116 0.001120 0.33 

Bz 0.000002 0.000002 4.87 

Design-Only 900 1000 Brass 

Bx 0.000011 0.000008 28.21 

By 0.001243 0.001218 2.02 

Bz 0.000003 0.000003 19.70 

Design-Only 1000 800 Alpaca 

Bx 0.000012 0.000016 40.68 

By 0.000990 0.000992 0.20 

Bz 0.000001 0.000002 38.79 

Design-Only 1000 800 Brass 

Bx 0.000011 0.000012 15.49 

By 0.000991 0.000019 98.07 

Bz 0.000001 0.000001 5.21 

Design-Only 1000 900 Brass 

Bx 0.000011 0.000013 12.02 

By 0.001116 0.001181 5.80 

Bz 0.000002 0.000002 23.43 

 

b) Spatial information: 𝑥, 𝑦, 𝑧 coordinates of the sampled points in 
the magnetic field  

c) Physical quantities: magnetic field intensity components 
(𝐻௫ , 𝐻௬ , 𝐻௭), energy density, and derived field-related quantities  

The target output variables to be predicted by the model are the three-dimen-
sional magnetic flux density components, namely 𝐵௫, 𝐵௬, and 𝐵௭. Standard 
preprocessing steps were applied to the dataset prior to model training. Con-
tinuous variables were normalized to reduce the impact of scale differences 
on the model, while categorical design parameters were transformed into nu-
merical representations using one-hot encoding to enable direct processing 
by the learning algorithms. These steps helped mitigate potential biases aris-
ing from feature scale disparities during training. 

A column-wise data-quality check confirmed no missing values across the 
full dataset (0 missing entries in every input and output column, verified pro-
grammatically). For completeness, the exact input feature sets used in each 
mode are as follows. Full Mode (16 features): magnet level (Gauss), coil 
turns, housing/top-cover/shaft relative permeability, spatial coordinates 
(𝑥, 𝑦, 𝑧), magnetic field intensity components (𝐻௫, 𝐻௬ , 𝐻௭), effective field 
cross-sectional area, energy density, real (measured) permeability, and one-

hot encoded top-cover material indicators. Design–Spatial Mode (11 fea-
tures) excludes the field-intensity components, area, and energy density, re-
taining design parameters and spatial coordinates. Design-Only Mode (8 fea-
tures) further excludes the spatial coordinates, retaining only component-
level design parameters and material indicators. 

This data structure provides a comprehensive representation for data-driven 
modeling of electromagnetic systems by jointly incorporating design param-
eters and spatial information. However, the multi-configuration nature of the 
dataset requires a specialized data splitting strategy to ensure a reliable as-
sessment of the model’s generalization capability. In particular, random sam-
ple-based splitting may lead to data leakage, as samples originating from the 
same actuator configuration could appear in both training and test sets. To 
address this issue, a configuration-based group splitting strategy was adopted 
instead of a conventional random train/test split. 

 Data Splitting Strategy 

In this study, a dedicated data splitting strategy was employed to ensure that 
the model performance reflects true generalization capability. Since the da-
taset contains a large number of spatial samples derived from the same phys-
ical actuator configurations, conventional random sample-based train/test 
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splitting can lead to data leakage. In such cases, the model may encounter 
samples in the test phase that are highly similar to those seen during training, 
resulting in overly optimistic performance estimates. To address this issue, a 
configuration-based group splitting strategy was adopted. The dataset was 
grouped based on 27 distinct actuator configurations, each representing a 
unique combination of design parameters. Samples belonging to the same 
configuration were strictly assigned to a single subset, ensuring that no spa-
tial samples from the same physical configuration were shared between the 
training and test sets. In each experiment, 4 out of the 27 configurations were 
reserved for the test set, while the remaining 23 configurations were used for 
training. This setup ensures that the model is evaluated on entirely unseen 
actuator configurations during testing. To assess model stability, the splitting 
procedure was not limited to a single partition. Instead, five repeated exper-
iments were conducted using different combinations of configurations. This 
allowed for analyzing the consistency of model performance across previ-
ously unseen configurations. Overall, this approach enables the evaluation 
of whether the model learns physically meaningful relationships rather than 
merely exploiting data-specific similarities. 

 Feature Modes 

To investigate how the model utilizes different types of information and to 
assess the impact of varying information levels on prediction performance, 
the dataset was evaluated under three distinct feature modes. 

a) Full Mode: In this mode, all input variables were utilized. This in-
cludes design parameters, spatial coordinates, and physical field 
quantities, providing the richest possible representation of infor-
mation accessible to the model. Therefore, the Full Mode is consid-
ered the reference scenario, where local magnetic behavior can be 
modeled with the highest level of physical information. It should be 
noted that the Full Mode's field-intensity inputs (𝐻௫ , 𝐻௬ , 𝐻௭, in A/m) 
are themselves outputs of the same CST simulation used to generate 
the target flux-density values. The Full Mode therefore functions as 
an upper-bound reference and ablation baseline for quantifying how 
much predictive power is attributable to field-derived information, 
rather than as a standalone deployable surrogate that would allow 
users to bypass CST simulation entirely. In contrast, the Design–Spa-
tial and Design-Only Modes rely only on design parameters and/or 
spatial coordinates known prior to simulation and therefore represent 
the practically deployable configurations. The real permeability re-
tained in the Design–Spatial Mode represents a material property 
specified prior to simulation and was therefore treated as a design 
input rather than a field-derived feature. 

b) Design–Spatial Mode: In this mode, only design parameters and 
spatial coordinates were used, while simulation-derived physical 
quantities were excluded from the input set. These excluded varia-
bles include magnetic field intensity components (𝐻௫ , 𝐻௬ , 𝐻௭), en-
ergy density, and other derived field-related features. This setup al-
lows for evaluating the extent to which the model can predict mag-
netic flux density components using only design and positional in-
formation, without relying on field-derived physical proxy variables. 

c) Design-Only Mode: In this mode, only component-level design pa-
rameters were used, with both spatial coordinates and physical field 
quantities completely excluded. As such, this mode does not aim to 
provide a complete solution for point-wise prediction of local fields; 
rather, it serves as an ablation scenario to examine how model per-
formance changes when spatial and physical context is removed.  

Through these three feature modes, the study systematically analyzes which 
level of information is critical for predicting magnetic flux density compo-
nents. In particular, the contribution of spatial information and the additional 
benefit provided by physical field quantities are explicitly compared. 

 Random Forest 

In this study, a Random Forest regression model was employed to analyze 
the magnetic flux density components (𝐵௫ , 𝐵௬, 𝐵௭). Random Forest is an en-
semble-based method that combines multiple decision trees and is widely 
preferred due to its ability to model nonlinear relationships and its robustness 
against overfitting (Breiman, 2001). The final prediction is obtained by av-
eraging the outputs of 𝑇individual decision trees: 

 
^

1

1 T

t
t

y f x
T 

                      (1) 

where 𝑓௧(𝑥)denotes the output of the t-th decision tree. 

The model was trained separately for each output component (Bx, By, Bz), and 
identical hyperparameters were used across all feature modes. To ensure re-
producibility, the number of trees was fixed at n estimators = 250, the maxi-
mum tree depth at max depth = 18, and the random seed at random state = 
42. This setup allows performance differences to be attributed to the level of 
information provided by the feature modes, rather than variations in model 
complexity. It is important to note that the Random Forest model was not 
employed to propose a novel prediction architecture, but rather to provide a 
reliable and stable learning framework for interpretability-driven analysis. 
Moreover, its inherent structure is well-suited for feature effect interpreta-
tion, making it an appropriate choice for explainability studies. In this con-
text, model outputs were further analyzed using SHAP and permutation im-
portance methods. The objective of this study is not to identify the best-per-
forming predictive algorithm, but to investigate model explainability and the 
role of information level (feature modes) on prediction behavior. Random 
Forest was selected as a nonlinear tree-ensemble backbone because it pro-
vides stable, well-established performance on large tabular datasets 
(Breiman, 2001) and supports efficient TreeSHAP-based post-hoc interpre-
tation (Lundberg et al., 2020; Lundberg and  Lee, 2017), not because it is 
intrinsically transparent; the explainability in this study is obtained through 
post-hoc analysis (SHAP and permutation importance) applied to the trained 
ensemble, rather than from the model architecture itself. A dedicated multi-
model benchmarking study comparing Random Forest against alternative 
ensemble learners (e.g., XGBoost, LightGBM) on predictive accuracy is left 
for future work, as it is outside the explainability-focused scope of the pre-
sent manuscript. We note that this approach differs from the position that 
intrinsically interpretable models should be preferred over post-hoc explana-
tion of black-box models entirely (Rudin, 2019); post-hoc SHAP-based ex-
planation of a high-performing tree ensemble remains a widely used and 
practical engineering approach for extracting physical insight, even where a 
fully transparent model is not adopted. 

 Evaluation Metrics 

In this study, model performance was evaluated using the coefficient of de-
termination (𝑅ଶ), mean absolute error (MAE), and root mean squared error 
(RMSE) as the primary metrics. These measures provide complementary 
perspectives by assessing both prediction accuracy and error magnitude. The 
coefficient of determination (𝑅ଶ) indicates the proportion of variance in the 
target variable that is explained by the model. Values of 𝑅ଶcloser to 1 indi-
cate a higher level of agreement between predicted and actual values. It is 
defined as: 
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where yi denotes the true value, yො
i
 the predicted value, and ȳ the mean of 

the target variable. 

The mean absolute error (MAE) represents the average of the absolute dif-
ferences between predicted and actual values, providing a direct and easily 
interpretable measure of error magnitude: 
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The root mean squared error (RMSE), on the other hand, penalizes larger 
errors more heavily and is defined as: 
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Together, these three metrics enable a comprehensive evaluation of both the 
overall model fit and the error characteristics. 
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In addition, symmetric mean absolute percentage error (SMAPE) and rela-
tive absolute error (RAE) were computed as supplementary metrics. How-
ever, it is important to note that SMAPE can become unstable in regions 
where the target values approach zero. Therefore, the primary interpretation 
of the results is based on 𝑅ଶ, MAE, and RMSE. The MAE and RMSE values 
in Table 5 are computed on the standardized (z-scored) target variables used 
directly for model training and evaluation, consistent with common practice 
for multi-output regression with targets of very different physical scales. 
Converting to physical units (using the population mean and standard devi-
ation of each raw target: 𝐵௫: mean=1.21×10⁻⁵, std=6.252×10⁻³; 𝐵௬: 
mean=1.126×10⁻³, std=1.287×10⁻²; 𝐵௭: mean=2.06×10⁻⁶, std=3.601×10⁻³ 
Vs/m²), the Full Mode MAE corresponds to approximately 1.14×10⁻⁴ Vs/m² 
(𝐵௫), 1.17×10⁻⁴ Vs/m² (𝐵௬), and 3.72×10⁻⁵ Vs/m² (𝐵௭) — all small relative 
to the physical range of each component. R² and RAE are invariant to this 
affine (mean-centering plus scaling) transformation and are therefore unaf-
fected by this clarification. SMAPE is not invariant to mean-centering, since 
it depends on the absolute distance of each value from zero rather than on 
relative differences alone; the SMAPE values in Table 5 should accordingly 
be read as computed on the standardized target scale, where zero corresponds 
to the population mean of each component rather than to a physically zero 
flux density. 

 Computational Cost and Data Quality Checks 

To address computational-cost reporting, wall-clock training and prediction 
times were measured for each feature mode on a workstation with a 20-log-
ical-core Intel processor (scikit-learn 1.7.2, Python 3.10.16). Results are 
summarized in Table 4: training time decreases substantially as the feature 
set is reduced (from 139.5 s per target in the Full Mode to 70.8 s in the De-
sign–Spatial Mode and 19.0 s in the Design-Only Mode, for ~1.01 million 
training samples), while prediction throughput exceeds 5.9×10⁵ samples/s in 
all modes and reaches 9.6×10⁵ samples/s in the Design-Only Mode, confirm-
ing that inference cost is negligible relative to training cost across all config-
urations. 

Table 4. Mean per-target training and prediction time across the three 
feature modes (n = 1,010,350 training samples; n = 175,716 test samples 
per mode). 

Feature Mode 
Train time 
(s/target, mean) 

Predict time 
(s, mean) 

Predict time 
(ms/sample) 

Throughput 
(samples/s) 

Full 139.50 0.294 0.00167 597,719 

Design–Spatial 70.81 0.289 0.00164 610,372 

Design-Only 18.95 0.184 0.00104 959,347 

 

A data-quality screening was performed directly on the raw, un-standardized 
CST simulation output (1,186,066 samples across all 27 configurations, in 
physical units), rather than on the model-input feature space, to ensure the 
reported statistics reflect true physical quantities. No missing values and no 
fully duplicate rows were found (0 duplicate rows, 0.0000%). Design param-
eters take their intended engineering values: magnet level and coil turns each 
span 800–1000 (mean 900, std 81.65, reflecting the three tested levels), and 
the top-cover relative permeability spans 1 (Brass) to 1000 (St 37), with Al-
paca at 30; the body and shaft permeability are fixed at 1000. Spatial coor-
dinates span approximately –24.4 to +18.1 mm (𝐻௫), –29.9 to +31.1 mm 
(𝐻௬), and –10.0 to +35.0 mm (𝐻௭). The magnetic field intensity components 
(𝐻௫, 𝐻௬, 𝐻௭, in A/m) and the target flux-density components (𝐵௫, 𝐵௬, 𝐵௭, in 
Vs/m²) are strongly peaked and long-tailed: for example, 𝐵௫ [A/m] ranges 
from −81,202 to +81,351 A/m with an interquartile range of only ~3.6×10⁻⁵ 
A/m, and 𝐵௬ [Vs/m²] ranges from −0.0766 to +0.1109 Vs/m² with a mean of 
just 0.0011 Vs/m². This confirms, using real physical units, that most spatial 
sample points lie far from the region of concentrated magnetic flux near the 
actuator core — where field values are effectively near-zero — while a small 
fraction of points close to the magnet/coil assembly exhibit much larger field 
magnitudes. Consistently, an IQR-based outlier screen (recomputed on this 
raw data) flags approximately 35–36% of samples in the field-intensity and 
flux-density columns as statistical outliers under this rule; this matches the 
earlier screen performed on the standardized model-input features almost ex-
actly, confirming that the finding is a genuine property of the physical field 
distribution rather than an artifact of preprocessing. No rows were removed 
on this basis. 

3. Results and Discussion 

When the results obtained under the three feature modes are evaluated col-
lectively, it is evident that the predictability of the magnetic flux density 
components strongly depends on the level of information provided to the 
model. In particular, the performance differences observed between the Full 
Mode, Design–Spatial Mode, and Design-Only Mode clearly demonstrate 
the critical role of spatial information and field-derived physical quantities 
in modeling local magnetic behavior. 

Table 5. Comparative prediction performance across the three fea-
ture modes. 

Mode Output R² MAE RMSE 
SMAPE 
(%) 

RAE 

Full Mode 

Bx 0.9152 0.0183 0.3031 2.55 0.0707 

By 0.9910 0.0091 0.0926 2.57 0.0318 

Bz 0.9941 0.0103 0.0780 41.80 0.0492 

Design–Spatial 
Mode 

Bx 0.9846 0.0260 0.1293 92.51 0.1005 

By 0.9916 0.0110 0.0896 3.53 0.0384 

Bz 0.9658 0.0237 0.1872 27.01 0.1126 

Design-Only Mode 

Bx 0.0194 0.2548 1.0303 198.41 0.9867 

By 0.1015 0.2762 0.9272 139.76 0.9674 

Bz 0.0063 0.2080 1.0095 113.02 0.9902 

 

Table 5 reports results from a single representative train/test configuration 
split, used for the detailed error analysis, SHAP interpretation, and per-con-
figuration comparison presented throughout this section. Run-to-run varia-
bility across five independently repeated splits is reported separately in Table 
7; this variability is small for By and Bz (std ≤ 0.007) but more substantial for 
Bx in the Full Mode (mean R² = 0.877, std = 0.133 across repeats, compared 
with R² = 0.9152 for the specific split shown in Table 5). Readers seeking a 
robustness-aware estimate of expected performance, rather than a single-
split value, should reference Table 7 alongside Table 5. The results obtained 
under the Full Mode show that when all input variables are utilized, the 
model achieves particularly high accuracy for the By and Bz components. The 
corresponding R2 values for Bx, By, and Bz are 0.9152, 0.9910, and 0.9941, 
respectively. These findings indicate that the model is able to construct a 
strong representation when provided with the richest level of physical infor-
mation. However, the relatively lower accuracy observed for the Bx compo-
nent compared to the other two suggests that it may involve more complex 
spatial interactions. Therefore, the Full Mode is not considered the most 
practical engineering solution, but rather a reference upper-bound scenario 
representing the highest level of available physical information. 

In the Design–Spatial Mode, despite the exclusion of field-derived physical 
quantities from the input set, the model continues to achieve high perfor-
mance for the 𝐵௫and 𝐵௬components. The corresponding 𝑅ଶvalues are 
0.9846, 0.9916, and 0.9658, respectively. Notably, for the 𝐵௫component, the 
Design–Spatial Mode yields a higher 𝑅ଶvalue than the Full Mode. While the 
𝐵௬component is predicted with similarly high accuracy in both modes, a no-
ticeable performance drop is observed for 𝐵௭in the Design–Spatial Mode. 
This suggests that the 𝐵௭component is more sensitive to additional field-re-
lated physical information. Overall, the Design–Spatial Mode offers the most 
balanced solution, combining high predictive performance with a simpler 
and more interpretable feature representation from an engineering perspec-
tive. A particularly noteworthy finding of this study is that the Design–Spa-
tial Mode outperforms the Full Mode for the 𝐵௫component. Although this 
may initially appear counterintuitive, it highlights that the inclusion of addi-
tional physical variables does not necessarily improve model performance. 
In the Full Mode, magnetic field intensity components and derived physical 
variables, while highly correlated with the target, may introduce redundancy 
and noise, thereby complicating the learning process—especially for the 
𝐵௫component. In contrast, the Design–Spatial Mode provides a more com-
pact feature space, allowing the model to focus more directly on spatial pat-
terns. This likely contributes to improved generalization performance, par-
ticularly for components that are more sensitive to spatial variation, such as 
𝐵௫. This finding emphasizes that more information does not al- 
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Figure 5. Scatter plots of true versus predicted values for the 𝑩𝒙, 𝑩𝒚 and 𝑩𝒛 components under the Full Mode.

ways lead to better model performance, and that appropriate feature selection 
plays a critical role. 

The exact numerical values underlying Figure 6 are reported in Table 5 (R², 
MAE, RMSE, SMAPE, and RAE for each mode and output component), so 
that precise figures are available without relying on visual estimation from 
the chart. In contrast, the Design-Only Mode exhibits a substantial degrada-
tion in performance across all output components. The 𝑅ଶ values for 𝐵௫, 𝐵௬, 
and 𝐵௭are 0.0194, 0.1015, and 0.0063, respectively. At first glance, these re-
sults may suggest that design parameters alone are insufficient. However, the 
nature of the problem must also be considered. Since local magnetic flux 
density components are inherently dependent on specific spatial locations, 
removing spatial coordinates makes it fundamentally difficult for the model 
to reconstruct point-wise field behavior. Therefore, the Design-Only Mode 
should not be interpreted as a direct prediction scenario, but rather as an ab-
lation setting that demonstrates how model performance collapses when spa-
tial and physical context is removed, clearly highlighting the indispensable 
role of spatial information. 

 

Figure 6. Comparison of 𝑹𝟐values across the three feature modes. 

 

 

Figure 7. Comparison of true and predicted values for the Design-Only Mode.

Global feature importance analysis further supports these findings. In the 
Full Mode, the most dominant variables are the spatial 𝑦-coordinate and the 
magnetic field intensity components 𝐻௫, 𝐻௭, and 𝐻௬. These are followed by 
relative permeability, derived field quantities, and energy density. This indi-
cates that the model relies on both spatial location and physically meaningful 
field-related variables when interpreting local magnetic behavior. In the De-
sign–Spatial Mode, as shown in Figure 8, the most influential features are 
the spatial coordinates 𝑥, 𝑧, and 𝑦. Relative permeability follows these vari-
ables, while the coil parameter contributes at a lower but still meaningful 
level. This suggests that, when field-derived physical quantities are removed, 

the model primarily relies on spatial patterns to make predictions, reinforcing 
the dominance of spatial encoding in local field estimation. 

SHAP analysis provides deeper insight by revealing not only which variables 
are important, but also the direction and magnitude of their influence on the 
model output. The SHAP summary plots obtained for the Full Mode show 
that magnetic field intensity components and spatial coordinates exert strong 
directional effects, particularly for the 𝐵௬and 𝐵௭outputs. This finding further 
supports the physically rich representation provided by the Full Mode. Quan-
titatively, mean |SHAP| values in the Full Mode confirm this directional pat-
tern in a physically consistent way: for 𝐵௫, the dominant contributor is 𝐻௫ 
[A/m] (mean |SHAP| = 0.200), consistent with 𝐵௫ being governed by the 
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horizontal field-intensity component; for 𝐵௬, 𝐻௬ [A/m] dominates (0.284), 
matching the axis-aligned relationship between 𝐵௬ and 𝐻௬; and for 𝐵௭, 𝐻௭ 
[A/m] dominates (0.211), matching the same  axis-aligned  relationship  for  

 

Figure 8. Global feature importance for the Design–Spatial Mode. 

the vertical component. In all three components, real (measured) permeabil-
ity is consistently the second most influential variable (mean |SHAP| ≈ 0.04–
0.05), reflecting its role in modulating flux density through material behav-
ior, while design parameters such as coil turns and magnet level contribute 
negligibly (mean |SHAP| below 0.001) once the field-derived quantities are 
available. For the Design–Spatial Mode, the SHAP summary plots indicate 
that spatial coordinates play a central role in the model’s decision-making 
process. In particular, the positional variables (𝑥, 𝑦, and 𝑧) and relative per-
meability exhibit clear and consistent effects on the predictions.  

Table 6. Permutation feature importance (mean ± std) for the Design–
Spatial Mode, corresponding to Figure 8. 

Feature Importance (mean) Std 

𝑥 [mm] 2.108 0.014 

𝑧 [mm] 1.903 0.017 

𝑦 [mm] 1.300 0.010 

Real permeability 0.242 0.001 

Coil 0.0092 0.0003 

Magnet 0.0011 0.00004 

 

This demonstrates that, even in the absence of field-derived physical quanti-
ties, the model is capable of capturing meaningful relationships through spa-
tial patterns, highlighting the structural role of spatial encoding in governing 
model behavior. Consistent with the permutation-importance ranking re-
ported in Table 6, The permutation importance values for the Design–Spatial 
Mode confirm that the spatial coordinates 𝑥 [mm] (2.108) and 𝑧 [mm] 
(1.903) exert the strongest influence, followed by 𝑦 [mm] (1.300) and real 
permeability (0.242), whereas the coil and magnet parameters make substan-
tially smaller contributions (≤0.009). This pattern is physically expected: 
with field-intensity quantities removed, the model must reconstruct local 
flux density primarily from spatial position, and permeability remains in-
formative because it directly scales the material's magnetic response. In con-
trast, the SHAP outputs obtained for the Design-Only Mode are limited in 
interpretability due to the significantly lower prediction performance, re-
flecting the constraints imposed by insufficient information rather than 
providing strong physical insights. 

 

 

 

 

 

Figure 9. SHAP summary plots for the Full Mode. 

 

Model stability was further evaluated through repeated configuration-based 
experiments, as summarized in Table 7. In the Full Mode, the mean 𝑅ଶvalues 
across repetitions were 0.8766, 0.9924, and 0.9974 for 𝐵௫, 𝐵௬, and 𝐵௭, re-
spectively. In the Design–Spatial Mode, the corresponding values were 
0.9361, 0.9944, and 0.9649. In contrast, the Design-Only Mode yielded sub-
stantially lower mean 𝑅ଶvalues of 0.0184, 0.0792, and 0.0066. These results 
indicate that the Design–Spatial Mode provides a more balanced and stable 
performance, particularly for the 𝐵௫and 𝐵௬components, while the Full Mode 
remains more advantageous for predicting 𝐵௭. Notably, the relatively high 
standard deviation observed for the 𝐵௫component in the Full Mode (±0.133) 
suggests that model performance is sensitive to different test configurations. 
In contrast, the Design–Spatial Mode exhibits a significantly more consistent 
performance profile, with a lower standard deviation of ±0.048 for 𝐵௫, high-
lighting its superior robustness across unseen configurations. To explore 

whether the performance differences between feature modes are statistically 
meaningful, paired two-sided t-tests were conducted across the five repeated, 
identically-partitioned experiments for each output component, with a Holm-
Bonferroni correction applied across the resulting nine pairwise comparisons 
(three mode pairs × three components) to control the family-wise error rate. 
Full Mode and Design–Spatial Mode were not significantly different for 𝐵௫ 
or 𝐵௬ after correction (𝐵௫: t = -1.31, 𝑝ு௢௟௠ = 0.52; 𝐵௬: t = -1.07, 𝑝ு௢௟௠ = 
0.52), while both significantly outperformed the Design-Only Mode for all 
three magnetic flux density components (six component-wise comparisons 
in total: two mode pairs × three components; 𝑝ு௢௟௠< 0.001 in each). For 𝐵௭, 
the Full Mode significantly outperformed the Design–Spatial Mode (t = 
26.62, 𝑝௛௢௟௠< 0.001), consistent with 𝐵௭ benefiting more from field-derived 
physical quantities. These exploratory results are consistent with the Design–
Spatial Mode being a practically competitive alternative to the Full Mode for 
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𝐵௫ and 𝐵௬, while the Design-Only Mode is consistently and substantially 
inferior across all components; a stronger statistical design — for example 
grouped k-fold cross-validation across more of the 27 configurations, or a 
per-configuration held-out analysis — would be needed to confirm these pat-
terns with greater confidence, and we note this as a direction for future work 
alongside uncertainty quantification. Given the limited number of paired rep-
etitions (n=5), these statistical findings should be interpreted as exploratory. 

 

Table 7. Stability analysis results (𝑹𝟐 mean ± std). 

Mode Bx By Bz 

Full Mode 0.877 ± 0.133 0.992 ± 0.007 0.997 ± 0.003 

Design–Spatial Mode 0.936 ± 0.048 0.994 ± 0.003 0.965 ± 0.003 

Design-Only Mode 0.018 ± 0.004 0.079 ± 0.066 0.007 ± 0.001 

 

High SMAPE values observed in certain modes also warrant attention. In 
particular, elevated SMAPE values are observed for 𝐵௫in the Design–Spatial 
Mode, for 𝐵௭in the Full Mode, and across all outputs in the Design-Only 
Mode. This behavior is primarily due to the presence of target values that are 
close to zero, where percentage-based error metrics tend to become unstable. 
Therefore, the primary interpretation of the results is based on 𝑅ଶ, MAE, and 
RMSE. Overall, while the Full Mode represents the most physically rich sce-
nario, the Design–Spatial Mode emerges as the most balanced solution, of-
fering high predictive performance alongside a cleaner and more interpreta-
ble feature representation. The Design-Only Mode, on the other hand, serves 
not as a final predictive solution but as an ablation scenario, illustrating how 
performance degrades when spatial and physical context is removed. The 
key finding of this study is that spatial information is critical for the reliable 
prediction of local magnetic flux density components, and that representa-
tions based solely on design parameters are insufficient for accurate point-
wise field estimation. 

Conclusions 

In this study, a mode-based analysis of magnetic flux density components 
(𝐵௫, 𝐵௬ , 𝐵௭) in MCCB magnetic actuators was conducted using an explaina-
ble machine learning approach. Three distinct feature modes were defined 
and systematically compared under a configuration-based data splitting strat-
egy. The findings demonstrate that model performance depends not only on 
the chosen learning algorithm, but more critically on the nature and level of 
information provided to the model. The Full Mode, offering the most physi-
cally comprehensive representation, achieved high accuracy, particularly for 
the 𝐵௬and 𝐵௭components. The Design–Spatial Mode, despite excluding 
field-derived physical quantities, largely preserved its performance and pro-
duced balanced and robust results, especially for the 𝐵௫and 𝐵௬components. 
In contrast, the significant performance degradation observed in the Design-
Only Mode indicates that representations based solely on design parameters 
are insufficient for reconstructing local magnetic field behavior. 

The key outcome of this study is that spatial information plays a critical role 
in the reliable prediction of local magnetic flux density components. Ex-
plainability analyses further support this conclusion, revealing that model 
decisions are primarily driven by physically meaningful variables, including 
spatial coordinates, magnetic field intensity components, and relative perme-
ability. In this context, the Design–Spatial Mode emerges as the most bal-
anced solution, offering both high predictive performance and a more inter-
pretable and practically meaningful engineering representation. 

This work can be extended in several directions. First, incorporating uncer-
tainty quantification (e.g., prediction intervals via quantile regression or 
bootstrap resampling) would enable the evaluation of prediction confidence; 
this is identified as a planned direction for future work rather than part of the 
present scope, which is instead focused on explainability under varying in-
formation levels. Second, adopting group-based cross-validation and alter-
native machine learning models could provide a more comprehensive assess-
ment of generalization capability. Third, integrating explainability outputs 
into inverse design and optimization frameworks could facilitate the identi-
fication of design parameters that achieve targeted magnetic field behavior. 

Finally, validating the proposed approach using experimental data would 
strengthen the applicability of simulation-driven learning in real-world sys-
tems. 

Beyond uncertainty quantification, several further directions are worth pur-
suing. Physics-informed machine learning, which embeds Maxwell’s-equa-
tion-derived constraints directly into the learning process, could improve 
generalization beyond the sampled design space and has shown promise in 
related electromagnetic-field modeling tasks (Deng et al., 2025; Karniadakis 
et al., 2021; J. Wang et al., 2025; Wu et al., 2024). Transfer learning across 
actuator geometries or magnetic-material families could reduce the CST sim-
ulation burden for new configurations by reusing knowledge from the pre-
sent dataset, as demonstrated for electromagnetic metamaterial design (Peng 
et al., 2024). Finally, coupling the present surrogate model with multi-objec-
tive optimization algorithms would allow the framework to move from pre-
diction toward inverse design building on recent surrogate-assisted multi-
objective optimization frameworks developed for electrical machines (L. Liu 
et al., 2025). Overall, the results indicate that the model captures not only 
data-driven correlations but also physically meaningful relationships, rein-
forcing the reliability of the proposed approach for electromagnetic system 
modeling. 
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