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Abstract: Brushless direct-current (BLDC) motors are widely used in unmanned aerial vehicle
propulsion, where power-semiconductor selection directly affects inverter loss, junction
temperature, and electrical operating margin. However, conventional rating- or figure-of-merit-
based selection provides limited representation of variable motor loads, while purely data-driven
approaches may overlook explicit electrical and thermal constraints. This study proposes PCTO-
BLDC, a physics-constrained computational framework that combines synchronized current-speed
feature encoding, electro-thermal loss modeling, a lightweight neural surrogate, feasibility
aggregation, and joint optimization of power devices and driver parameters. The surrogate is
trained using physics-derived semiconductor-loss and junction-temperature targets, while
candidate solutions remain subject to deterministic voltage, current, and thermal limits. Across ten
repeated experiments, PCTO-BLDC achieved an average semiconductor loss of 4.55+0.19 W, a peak
junction temperature of 80.7 + 2.5 C, and a robust feasibility rate of 95.1 + 2.1%. External evaluation
on DUDU-BLDC 1.5 retained a feasibility rate of 89.7 + 3.6%. These results indicate that integrating
measured operating profiles with physics-constrained computational optimization can support
reproducible and interpretable power-stage design under defined BLDC operating conditions.

Keywords: unmanned aerial vehicle; brushless DC motor; power semiconductor selection; electro-
thermal modeling; physics-constrained optimization

1. Introduction

Brushless direct-current (BLDC) motors are widely used in unmanned aerial vehicle
(UAV) propulsion because of their high power density, fast torque response, compact
structure, and efficient electronic commutation [1]. Their operating performance depends
strongly on the electronic speed controller and particularly on the semiconductor devices
used in the three-phase inverter [2]. Power MOSFETs must withstand rapidly varying
current, DC-link voltage, switching transients, and thermal stress while maintaining
acceptable conduction and switching losses [3]. For UAV propulsion, inappropriate
device selection may increase inverter loss, device temperature, and electrical stress even
when nominal voltage and current ratings are satisfied.

Conventional power-device selection generally relies on maximum voltage, current
rating, on-state resistance, or simplified figures of merit. These methods are transparent
and computationally inexpensive, but they provide limited representation of time-
varying motor conditions. In practical BLDC drives, current magnitude, rotational speed,
switching frequency, dead time, gate-drive characteristics, and semiconductor
temperature interact nonlinearly. A device with low room-temperature resistance may
therefore not minimize total loss when switching behavior, reverse recovery, output
capacitance, and temperature dependence are considered together [4]. Analytical electro-
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thermal models provide strong physical interpretability, but repeated evaluation becomes
costly when many devices and driver settings are searched jointly. Data-driven
computational models can accelerate this process, yet unconstrained prediction may
generate solutions that violate electrical or thermal limits [5]. Existing approaches also
tend to separate motor operating-data analysis from semiconductor-level constraints [6].
A gap therefore remains in integrating measured operating profiles, physics-based
electro-thermal estimation, computational prediction, and constrained optimization
within a unified design process.

To address this problem, this study proposes a Physics-Constrained Thermal
Optimization framework for BLDC drives, termed PCTO-BLDC. The main research
objectives and contributions are as follows: (1) Operating-profile-aware feature
representation for electrical stress. Synchronized BLDC current and rotational-speed
measurements are transformed into compact operating descriptors that represent load
magnitude, peak stress, signal variability, and rotational state. This enables device
evaluation to reflect measured motor behavior rather than nominal ratings alone. (2)
Physics-constrained neural surrogate for electro-thermal prediction. Semiconductor
characteristics and motor operating features are jointly encoded by a lightweight neural
network. Physically calculated conduction loss, switching loss, and junction temperature
are used as supervised training targets, while voltage, current, and temperature limits
remain explicit engineering constraints. (3) Constraint-aware co-optimization of power
devices and driver parameters. MOSFET selection is coupled with switching frequency,
dead time, and gate-drive settings so that conduction and switching losses can be
balanced under defined electrical and thermal limits. The optimization therefore
considers component choice and driver configuration within the same design process.

The proposed technical route integrates synchronized signal processing, operating-
state feature encoding, semiconductor-parameter representation, physics-derived label
generation, neural surrogate learning, and constrained numerical optimization. The
surrogate estimates electro-thermal responses for candidate configurations, while the
optimization mechanism searches the device and driver design space subject to explicit
feasibility constraints. Candidate solutions are then checked using analytical electrical and
thermal models to preserve physical consistency.

From an academic perspective, the approach connects data-driven computation with
interpretable semiconductor electro-thermal modeling and provides a structured method
for handling coupled component and control decisions. From an engineering perspective,
it supports transparent loss decomposition, electrical derating, junction-temperature
checking, and robustness assessment under variable operating conditions. The framework
provides a reproducible basis for UAV BLDC power-stage component selection and
driver design without replacing manufacturer specifications or formal hardware
qualification procedures.

2. Related Works
2.1. Power Device Selection for BLDC Drive Systems

Power-device selection for BLDC inverters has traditionally relied on voltage margin,
current capability, on-state resistance, switching characteristics, and thermal ratings [7].
This approach remains attractive because the design rules are transparent,
computationally inexpensive, and compatible with manufacturer specifications. In UAV
propulsion systems, rule-based screening can rapidly exclude devices unable to tolerate
expected electrical stress and therefore serves as an efficient first-stage design method.

However, rating-based selection usually represents operating conditions using fixed
or nominal points. This simplification is insufficient for UAV BLDC drives, where current
and speed vary with throttle commands, propeller loading, acceleration, and disturbances.
Selecting a device mainly according to low on-state resistance may reduce conduction loss
while increasing gate-drive requirements or switching loss. Simplified figures of merit
partially capture this trade-off, but they compress multiple electrical characteristics into a
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single scalar and provide limited information about individual loss mechanisms under
different conditions [8]. Conventional screening is therefore useful for feasibility filtering
but less suitable for final component ranking under variable loads.

2.2. Electro-Thermal Modeling and Driver Parameter Design

Physics-based electro-thermal modeling provides a more detailed alternative.
Conduction loss, switching loss, reverse-recovery effects, capacitance-related energy, and
thermal resistance can be combined to estimate semiconductor loss and junction
temperature [9,10]. Its main advantage is interpretability because changes in device
temperature or power dissipation can be traced to specific electrical mechanisms. Such
models also allow voltage, current, and temperature limits to be imposed explicitly [11].

Nevertheless, model accuracy depends on parameter quality and assumptions.
Datasheet values are commonly specified under limited test conditions, whereas practical
switching behavior varies with temperature, current, bus voltage, gate resistance, and
circuit parasitics [8,11]. Simplified steady-state thermal models may also underestimate
transient temperature variation during rapid load changes [10]. Repeated electro-thermal
calculations become inefficient when many MOSFET candidates and driver settings are
evaluated jointly. Consequently, semiconductor selection and driver configuration are
often treated separately despite their coupled influence on power loss.

Multi-objective and heuristic optimization can search larger discrete and continuous
parameter spaces and identify trade-offs among efficiency, temperature, and electrical
margin. Their main limitation is computational cost because each candidate may require
repeated analytical evaluation. Results can also depend on predefined objective weights
and search ranges, reducing reproducibility across implementations.

2.3. Data-Driven and Computational Approaches

Recent computational approaches have introduced machine learning into motor-
state analysis, thermal prediction, semiconductor modeling, and converter optimization.
Data-driven models can approximate nonlinear mappings more efficiently than repeated
numerical calculations after training. Neural networks are particularly useful when
operating signals and semiconductor parameters interact through relationships that are
difficult to represent with a single closed-form equation [12,13]. Surrogate-assisted design
can further reduce repeated simulation during converter parameter exploration [14,15].

However, purely data-driven methods introduce another limitation: prediction
accuracy does not ensure physical feasibility. A model may estimate low loss for a
candidate that violates voltage, current, or thermal limits when these constraints are not
explicitly enforced [13,14]. In addition, many motor-oriented learning studies focus on
fault classification or operating-state recognition rather than power-device selection.
Conversely, semiconductor surrogate models often use device-level test variables without
incorporating measured motor load profiles [12,13]. These research directions therefore
remain relatively disconnected.

2.4. Research Gap and Positioning of This Study

Existing methods present a clear trade-off. Rule-based selection is transparent but
insufficiently sensitive to dynamic operating conditions; electro-thermal modeling is
interpretable but expensive for large searches; optimization methods improve parameter
exploration but require repeated model evaluation; and data-driven approaches provide
efficiency but may lack explicit physical constraints.

The remaining gap is therefore not the absence of loss models, optimization
algorithms, or neural predictors, but their limited integration for UAV BLDC power-stage
design. In particular, measured operating profiles are rarely connected directly with
semiconductor electro-thermal prediction and simultaneous driver-parameter
optimization.

This study addresses this gap by combining operating-profile-aware feature
representation, physics-derived electro-thermal supervision, a lightweight neural
surrogate, and explicit feasibility constraints within one computational framework. The
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neural model accelerates candidate evaluation rather than replacing physical equations,
while final device and driver configurations remain subject to analytical electrical and
thermal verification. This design preserves interpretability and engineering constraints
while reducing the computational burden of joint component and driver-parameter
selection.

3. Methodology
3.1. Overall Architecture

This study proposes PCTO-BLDC, a physics-constrained computational framework
that integrates measured BLDC operating data, semiconductor electro-thermal modeling,
neural surrogate learning, and constrained power-stage optimization. The framework is
designed as a hybrid physical-data-driven system rather than a purely neural predictor.
Analytical models generate physically interpretable training targets and enforce electrical
and thermal limits, while the neural surrogate accelerates repeated evaluation of
candidate device—driver combinations (As shown in Figure 1).

1. Operating Data Representation ‘ 2. Physics-Constrained Prediction 3. Device-Driver Co-Optimization

BLDC Current and Semiconductor Feature Driver-Parameter Discrete Device Enumeration
Speed Signals Encoding Encoding Candidate MOSFETS from database
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Figure 1. Overall Architecture of the Proposed Pcto-bldc Framework

The surrogate adopts a lightweight multilayer perceptron with hidden dimensions
of 64, 32, and 16. Each hidden layer uses ReLU activation and layer normalization, while
the output layer uses linear activation to predict total semiconductor loss and junction
temperature. Continuous inputs are standardized using statistics calculated only from the
training partition. The complete optimization follows an outer discrete search over
candidate MOSFETs and an inner continuous update of driver parameters, which avoids
applying gradient operations directly to discrete device identities.

3.2. Data Synchronization and Operating-Profile Encoding

Current and rotational-speed measurements must describe the same physical
interval before feature extraction. When the two signals are not sampled at identical
timestamps, rotational speed is interpolated onto the current-signal timeline. For current
timestamp ¢; , the synchronized speed is

0(ta) + =t [w(t) — 0t taSt St (M)

where @&(t;) is the synchronized rotational speed, t, and ¢, are adjacent original
speed timestamps, and w(t,) and w(t,) are the corresponding measured speeds.

Each synchronized window is then represented by

Xo = [Irms' Lok I 0y, W, 0y, Vdc] _(2)

where I, and [, are RMS and peak current, I and o; are current mean and
standard deviation, @ and o,, are rotational-speed statistics, and Vg, is DC-link voltage.
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Windows from the same physical recording are kept within the same data partition to
avoid information leakage.

3.3. Temperature-Dependent Conduction-Loss Modeling

The conduction component is calculated from measured current and temperature-
dependent on-state resistance:

Peond = IrzmsRon,O [1 +ag (T] - TO)]D 3)

where P.,nq is conduction loss, R, is on-state resistance at reference temperature
Ty , ag is the resistance temperature coefficient, T; is junction temperature, and D is
effective conduction duty ratio. This formulation prevents device ranking from relying
only on room-temperature resistance.

3.4. Switching, Recovery, and Dead-Time Loss
Switching-related mechanisms are evaluated jointly as

Py, = fsw E Vdclsw(tr + tf) + Eoss + VacQrr + VFIdttd] (4)

where Py, is switching-related loss, f;, is switching frequency, Iy, is switching
current, $t_r$and t; are effective transition times, Eg is output-capacitance energy, Qyr
is reverse-recovery charge, Vr is body-diode forward voltage, I4; is dead-time current,
and $t_d$ is dead time. The formulation captures the trade-off between reduced current
ripple at higher switching frequency and increased switching energy.

3.5. Dynamic Electro-Thermal State Estimation

A first-order thermal network is used to propagate total device loss into junction
temperature:

T =T+ (179 = T.)e ™" + B R (1~ e72/™m) - (5)

where T}(k) is junction temperature at update step k , T, is case temperature, At is

the update interval, 7y, is the effective thermal time constant, Ry, is thermal resistance,
(x) (k+1)
P

and loss

is total semiconductor loss. The resulting T; is fed back into Eq. (3), creating

an iterative electro-thermal coupling rather than a fixed-temperature correction.
3.6. Physics-Constrained Neural Surrogate and Training Labels

The surrogate input concatenates the operating descriptor x, , semiconductor
feature vector x; , and driver-control vector u . The hidden representation and
regression outputs are

h® = LN (ReLUW®h(-D +b®)), 1=123,  §=WPh®+b®  (6)

where h® is the standardized concatenated input, W® and b® are trainable
weights and biases, ReLU(:) is the rectified linear activation, LN(-) denotes layer
normalization, and B, and f} are the predicted total loss and junction temperature.

Training labels are generated from Egs. (3)—(5), rather than manually defined. The
regression objective is

l:sur = %Z%:l [(ﬁm - Pm)z + AT(Tm - Tm)z] (7)

where M is the number of training samples, P,, and T,, are physics-derived labels,
and Ar balances the two regression targets. Hard electrical constraints are not learned by
the network and remain deterministic checks in the subsequent optimization stage.

3.7. Explicit Feasibility Aggregation

Prediction accuracy alone is insufficient for power-device selection. Each device—
driver combination must satisfy electrical and thermal limits over the evaluated operating
windows. For window m , feasibility and the aggregated feasibility ratio are defined as

cm(d, ) = 1(Vm < YvVbsmax Im < ViIpmax Tj,m < Tj,max)t Reeas(d,u) =
Ty O (d,0) ®)

where d denotes a candidate device, u is the driver-parameter vector, y, and y;
are voltage and current derating coefficients, and Vpgmax , Ipmax , and Tjmax are device
limits. This mechanism separates prediction quality from engineering feasibility: a low-
loss candidate cannot obtain the final rank if it repeatedly violates hard constraints.
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3.8. Discrete—Continuous Co-Optimization and Parameter Update

The optimization uses an outer loop to enumerate discrete MOSFET candidates. For
each fixed device d , the continuous driver parameters u are optimized independently.
The objective and projected update are

J(d,u) = WPﬁloss + WTTj + Wp(1 = Rgeas) + ©(d, w) )

u®tD = 1l (u® - 7,7 (d,u®)) (10)

where P55 and T; are normalized loss and temperature terms, wp , wy , and wg
are objective weights, ®(d,u) assigns a large penalty to hard-limit violations, 7, is the
update step, and IQ(-) projects the updated parameters into the admissible control
domain Q .

The discrete device identity is never differentiated. Instead, each candidate receives
its own optimized continuous parameter set, after which all feasible device—parameter
pairs are re-evaluated with the analytical model and ranked using the same objective. This
outer-enumeration/inner-optimization structure makes the co-optimization mechanism
computationally explicit and physically traceable.

Algorithm 1. PCTO-BLDC Device and Driver Co-Optimization
Input: BLDC dataset D, device set S, control domain Q, constraint set C, maximum iteration
number K
Output: selected device d*, optimized driver parameters u*, robust feasibility ratio R*

1: Synchronize current and speed signals in D using Eq. (1)
2: Group samples by physical recording before window extraction
3: Construct operating descriptors using Eq. (2)
4: Encode semiconductor features for every device d in S
5: Generate conduction-loss labels using Eq. (3)
6: Generate switching-loss labels using Eq. (4)
7: Update thermal labels recursively using Eq. (5)
8: Standardize training inputs and train the surrogate using Egs. (6)—(7)
9: For each discrete device d in S, initialize driver parameters u in Q
10: Predict loss and temperature for the current device—parameter pair
11: Compute hard-constraint feasibility using Eq. (8)
12: Evaluate the constrained objective J using Eq. (9)-(10)
13: Update continuous driver parameters and project them back to Q
14: Re-evaluate all shortlisted pairs with the analytical model
15: Return d*, u*, and the corresponding robust feasibility ratio R*

The proposed methodology therefore forms a complete computational loop from
synchronized BLDC measurements to physically supervised neural prediction and
constrained device—driver optimization. Its main distinction lies in combining data-driven
acceleration with explicit semiconductor physics: the surrogate reduces repeated electro-
thermal evaluation, whereas device ratings, thermal limits, and final candidate
verification remain analytical and directly interpretable.

4. Results and Analysis
4.1. Experimental Setup

Experiments were conducted on a workstation with an Intel Core i7-12700K CPU, 32
GB RAM, and an NVIDIA RTX 3060 GPU using Python 3.11 and PyTorch. The PCTO-
BLDC surrogate used the 64-32-16 architecture, Adam optimization, an initial learning
rate of 0.001, batch size of 128, and a maximum of 300 epochs. Early stopping was
activated after 25 epochs without validation improvement. All experiments were
independently repeated ten times ( n = 10 ) using different grouped splits and random
seeds.

Two public BLDC datasets were used. The primary DUDU-BLDC dataset contains
synchronized current and rotational-speed measurements from Fein EC48 motors under
healthy, mechanical-imbalance, electrical-degradation, and combined conditions. Signals
were sampled at 50 kHz and segmented into 0.8-s windows, with 28 statistical and spectral
features. The dataset is publicly available under CC BY 4.0. DUDU-BLDC 1.5 was used
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only for external evaluation. This independent 2026 acquisition includes five motors and
50 recordings sampled at 20 kHz. After preprocessing, eight 0.8-s windows were retained
per recording, giving 400 windows with 26 engineered features. Raw data, processed data,
metadata, and preprocessing code are released under CC BY 4.0.

Current and speed channels were synchronized before feature extraction.
Continuous inputs were standardized using statistics calculated only from the training
partition. Source recordings, rather than individual windows, were assigned to training,
validation, and test subsets at 60:20:20 to prevent correlated windows from crossing
partitions. DUDU-BLDC 1.5 was excluded from training and hyperparameter selection.

Four baselines were used: Rating-Margin Selection (RMS), figure-of-merit ranking
(FOM), Analytical Weighted-Sum search (AWS), and NSGA-II electro-thermal
optimization. The three primary metrics were average semiconductor loss, peak junction
temperature, and robust feasibility rate (RFR), defined as the percentage of windows
satisfying all electrical and thermal constraints. Results are reported as mean + standard
deviation. Paired t -tests or Wilcoxon signed-rank tests were applied according to
normality, with Holm correction and p < 0.05 as the significance threshold.

4.2. Performance Comparison

Table 1 compares PCTO-BLDC with the four baselines. The proposed framework
achieved the lowest average semiconductor loss of 4.55 = 0.19 W and peak junction
temperature of 80.7 + 2.5 C, with an RFR of 95.1 + 2.1%.

Table 1. Overall Performance Comparison ( n = 10 ).

Method Semiconductor Loss (W) | Peak Junction Temperature (°C) | RFR (%) 1

RMS 5.84+0.31 91.6+3.8 82.7+4.9
FOM 5.37+0.28 89.4+4.1 84.6 4.2
AWS 498 £0.24 84.8+3.2 90.3+3.1
NSGA-II 4.62+£0.21 82.9+28 93.8+2.7
PCTO-BLDC 4.55+0.19 80.7+2.5 95.1+2.1

Compared with RMS and FOM, PCTO-BLDC improved all three metrics
significantly after Holm correction ( p < 0.01 ). Relative to AWS, reductions in loss and
peak temperature remained significant ( p = 0.008 and p = 0.012 ). Against NSGA-II,
the loss difference was not significant ( p = 0.184 ), while peak temperature remained
lower ( p = 0.041 ); the RFR difference was also not significant ( p = 0.073 ). The results
therefore indicate a more favorable electro-thermal balance rather than uniform
superiority over the strongest baseline.

This behavior is physically interpretable. Low-resistance devices favored by RMS or
FOM reduced conduction loss in some high-current windows but were less advantageous
after switching, recovery, and thermal feedback were considered. Final analytical
verification prevented the neural surrogate from determining device ranking
independently of engineering constraints.

4.3. Ablation and Mechanism Verification
Table 2 evaluates the principal mechanisms of PCTO-BLDC.

Table 2. Ablation Results ( n = 10 ).

Semiconductor Loss Peak Junction RFR (%)

Configuration W) | Temperature (°C) | )
Full PCTO-BLDC 4.55+0.19 80.7+£2.5 95.1+2.1
w/o operating-profile encoding 4.72+0.25 82.4+3.0 90.8+3.5
w/o thermal constraint 4.43+0.20 88.9+3.7 86.4+4.2
w/o joint driver optimization 491+0.23 83.6+3.1 922+2.8
w/o feasibility aggregation 4.49 £0.22 86.2+3.9 88.1+4.6

16 Vol. 10 (2026)



4th International Conference on Electronics, Engineering, Computer Science and Applied Development (EESD 2026)

Removing operating-profile encoding reduced RFR by 4.3 percentage points ( p =
0.012 ), showing that nominal loading does not preserve peak-stress information.
Removing the thermal constraint slightly reduced average loss but increased peak
temperature by 8.2 C and lowered RFR ( p < 0.001 ), demonstrating that loss
minimization alone does not ensure thermal robustness. Removing joint driver
optimization increased loss by 0.36 W ( p = 0.006 ). Without feasibility aggregation, loss
again decreased slightly, but temperature and RFR deteriorated, confirming the need to
exclude physically unfavorable candidates.

4.4. Convergence Analysis

Figure 2 shows optimization trajectories from ten independent runs with 95%
confidence intervals. The normalized PCTO-BLDC objective decreased from 1.000 + 0.041
to 0.541 + 0.026 and stabilized after approximately 42 iterations. NSGA-II reached 0.567 +
0.032 after 60 iterations. The final difference was significant ($p=0.038$), although the
confidence intervals overlapped during several intermediate iterations.

= PCTO-BLDC
1.9 NSGA-II
2 ¥
3]
2
S 0.8 -
=]
5!
N
=
£ 0.7 1 Stabilization
5 ~42 iterations
Z
0.6 1
e
0.5 1
T T T T )
10 20 30 40 50 60

Iteration

Figure 2. Convergence of the Normalized Optimization Objective over Ten Independent Runs;
Shaded Regions Denote 95% Confidence Intervals.

The earlier stabilization is attributable to surrogate-assisted evaluation of continuous
driver settings for each discrete device candidate. Because convergence was measured
using the constrained objective rather than prediction loss alone, the curve reflects both
electro-thermal performance and feasibility.

4.5. Stability, Generalization, and Trustworthiness Analysis

Figure 3 evaluates robustness under altered measurement and electrical conditions.
Clean-data RFR was 95.1 + 2.1%. With 2% current noise, RFR remained 94.4 +2.4% ( p =
0.318 ). At 5% noise, it decreased to 92.3 + 2.8% ( p = 0.027 ). A £10% DC-link voltage
perturbation produced 91.6 + 3.1% ($p=0.015$), while switching-frequency perturbation
yielded 93.0 £ 2.5% ( p = 0.044 ). External testing on DUDU-BLDC 1.5 resulted in 89.7 +
3.6% ( p = 0.006 ).
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Figure 3. Robust Feasibility Rate under Measurement, Electrical, Control, and External-Dataset
Perturbations ( n = 10 ); Error Bars Indicate Standard Deviation.

The non-monotonic degradation reflects different physical mechanisms. Voltage
variation directly changes switching stress, whereas frequency perturbation primarily
shifts the balance between conduction and switching losses. The larger decrease on
DUDU-BLDC 1.5 is consistent with its independent acquisition configuration and
different motor population and is interpreted as cross-acquisition robustness rather than
unrestricted fault generalization.

Trustworthiness was maintained by analytically re-evaluating every shortlisted
configuration. Neural predictions accelerated candidate screening, while voltage, current,
temperature, and datasheet limits remained deterministic constraints. This separation
supports interpretability, robustness assessment, and traceable engineering compliance
without implying formal UAV hardware certification.

5. Conclusion

The results show that incorporating measured operating profiles into UAV BLDC
power-device evaluation improves the representation of electrical stress compared with
nominal-condition selection. Removing the operating-profile encoding reduced the robust
feasibility rate from 95.1 +£2.1% to 90.8 £ 3.5% ( p = 0.012 ), indicating that synchronized
current and rotational-speed information contributes mainly to preserving peak-stress
and variable-load characteristics rather than simply reducing average semiconductor loss.

The physics-constrained electro-thermal mechanism also produced a measurable
effect on device selection. PCTO-BLDC achieved an average semiconductor loss of 4.55 +
0.19 W and a peak junction temperature of 80.7 + 2.5 C. When the thermal constraint was
removed, average loss decreased slightly to 4.43 + 0.20 W, but peak junction temperature
increased to 88.9 + 3.7 C and the feasibility rate fell to 86.4 +4.2% ( p < 0.001 ). This result
demonstrates that minimum predicted loss alone is not an adequate selection criterion
and that explicit thermal limits are necessary for balanced device ranking.

The joint optimization of the power device and driver parameters further improved
the electro-thermal operating point. Removing joint driver optimization increased
semiconductor loss from 4.55 + 0.19 W to 491 = 0.23 W ( p = 0.006 ). The complete
framework also converged to a normalized objective of 0.541 + 0.026 after approximately
42 iterations and retained an RFR of 89.7 + 3.6% on the independent DUDU-BLDC 1.5
dataset. These findings support the use of coupled component and driver-parameter
optimization rather than treating them as independent design stages.

Several limitations remain. The public datasets contain a limited number of physical
BLDC motors and were not collected from airborne UAV propulsion systems. The electro-
thermal model also simplifies package, PCB parasitics, transient thermal impedance, and
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device-parameter uncertainty. Future work should therefore validate the method on UAV
propulsion benches, incorporate transient thermal and parasitic models, and extend the
candidate space to GaN and SiC devices under broader voltage and load conditions.
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