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Abstract

This article presents a novel adaptive control strategy designed to im-
prove the energy efficiency and thermal performance of power elec-
tronic converters in electric vehicles (EVs). The proposed method
integrates a model reference adaptive controller (MRAC) with a
thermal feedback-based frequency modulation mechanism to dynam-
ically regulate inverter switching behavior under real-world driv-
ing conditions. The approach is modeled and validated through
high-fidelity simulations incorporating a PMSM-based drivetrain,
temperature-dependent loss models, and dynamic load profiles such
as the NEDC and WLTP cycles. Key performance indicators, in-
cluding energy consumption, switching losses, and peak junction
tempera-ture demonstrate that the proposed control scheme achieves
up to 7.4% energy savings and significantly reduces thermal stress
compared to conventional FOC and static MPC strategies. Further-
more, real-time feasibility is confirmed through implementation on
automotive-grade microcontrollers with sub-150 us execution times.
The results highlight the strategy’s effectiveness in achieving ther-
mally aware, computationally efficient inverter control, thus extend-
ing system reliability and improving vehicle-level efficiency without

requiring additional hardware overhead.
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1. Introduction

The global automotive industry is undergoing a profound
transformation as electric vehicles (EVs) become central to
the transition toward sustainable and low-emission trans-
portation [1]. With growing regulatory pressure to decar-
bonize mobility and increasing consumer awareness, EV
adoption is rising exponentially. However, despite progress
in battery technologies and drivetrain design, enhancing
the energy efficiency of EVs remains a persistent challenge
2] [3].

Central to this challenge is the role of power electron-
ics, which govern the conversion, control, and delivery of
electrical energy from the battery to the electric traction
motor [4]. Power electronic converters, including DC-DC
converters, inverters, and onboard chargers, are responsi-
ble for shaping voltage and current profiles in real-time to
ensure optimal vehicle performance. Any inefficiencies in
this subsystem directly translate to energy losses, reduced
driving range, and increased thermal stress on components,
which in turn elevate the demands on thermal management
systems and overall system cost.

In this context, advanced control strategies in power
electronics hold significant promise in pushing the bound-
aries of EV energy efficiency [5]. Intelligent and adap-
tive control can minimize switching losses, optimize mod-
ulation patterns, and dynamically balance power delivery
based on load conditions and driving states [6]. The de-
velopment and integration of such strategies are therefore
crucial to realize the next generation of high-performance,
energy-optimized EVs. EV power electronics face signifi-
cant real-time control challenges, including rapid thermal
transients, switching-loss accumulation, device-parameter
drift at elevated temperatures, and wide variability in me-
chanical load due to traffic and environmental conditions.
These factors degrade efficiency and reliability when using
conventional fixed-parameter control strategies, thereby
motivating the need for adaptive, thermally informed con-
trol architectures.

The overall architecture of the proposed adaptive con-
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Figure 1. General Architecture of the Proposed Adaptive Control System Integrated into the EV Powertrain.

trol strategy is depicted in Figure 1, which integrates a
high-voltage battery pack, DC-DC converter, inverter, and
PMSM motor as the core powertrain components. The
adaptive controller is composed of multiple coordinated
modules, including a reference input handler, a model ref-
erence adaptive control (MRAC) unit, a PI current con-
troller, and a thermal monitoring unit [7]. This closed-
loop framework enhances energy efficiency and thermal re-
liability without requiring additional hardware complexity.
These blocks collaboratively adjust control parameters and
switching frequency in real time based on feedback from
current, speed, and temperature sensors. A PWM genera-
tor synthesizes these control signals into optimized gating
patterns for the inverter. This closed-loop framework al-
lows the system to dynamically balance performance and
thermal safety, thereby enhancing overall energy efficiency
and ensuring reliable operation under diverse driving and
load conditions [8]. Electric vehicle powertrains rely heav-
ily on sophisticated control mechanisms to ensure efficient
energy conversion and motor actuation [9] [10]. Control
strategies such as Field-Oriented Control (FOC) and Di-
rect Torque Control (DTC) [11] are widely adopted due to
their robustness and maturity. FOC offers excellent torque
control through decoupling of flux and torque components,
while DTC enables rapid dynamic response with minimal
sensor dependence [12]. However, both suffer from signifi-
cant drawbacks. FOC’s performance degrades under rapid
load variations, and DTC suffers from torque ripple and
increased switching losses. More recently, Model Predic-
tive Control (MPC) [13] and Space Vector Pulse Width
Modulation (SVPWM) techniques have been explored to
address these limitations [14]. MPC provides a predictive
framework for minimizing cost functions like torque ripple
or energy loss, and SVPWM allows for more efficient use

of the DC bus voltage and reduced harmonic distortion.
Despite their advantages, these advanced techniques in-
troduce increased computational overhead and require ac-
curate real-time modeling of the system, posing challenges
for embedded implementation in production EVs.

The need for thermal-aware, energy-efficient, and real-
time-capable control systems remains largely unmet, par-
ticularly in cost-sensitive, mass-market applications [15].
While numerous control strategies have been proposed to
improve the performance of EV powertrains, a substantial
gap exists in methods that jointly optimize energy effi-
ciency, thermal stability, and computational practicality.
Key issues include improperly tuned switching strategies
that lead to increased power losses and unnecessary ther-
mal stress, which leads to switching and conduction losses
[16]. Moreover, many existing controllers are unable to re-
spond dynamically to variations in vehicle speed, load, and
regenerative braking demands, which results in inadequate
real- time adaptation [17] [18]. It was also mostly observed
due to elevated switching frequencies, if not thermally reg-
ulated, can compromise system longevity and require ag-
gressive cooling solutions, leading to thermal overshoots.

Further on, due to hardware limitations, some advanced
techniques require high-performance digital signal proces-
sors (DSPs), which are cost-prohibitive for many EV mod-
els [19]. These factors emphasize the need for smart con-
trol systems capable of real-time adaptation to load and
environmental conditions while maintaining high compu-
tational efficiency. Recent advancements in thermal-aware
MPC [20], reinforcement-learning-based inverter optimiza-
tion [21], and adaptive frequency modulation for EV driv-
etrains [22] further highlight the need for control strategies
that dynamically respond to temperature and load varia-
tions. Incorporating these developments strengthens the



positioning of the proposed MRAC-based thermally adap-
tive approach.

This research aims to design, implement, and evaluate
an advanced energy-efficient control strategy tailored for
the power electronics in EVs. The specific objectives of
this work are:

e To develop a real-time adaptive control algorithm that
optimizes switching operations in response to dynamic
load profiles and thermal feedback.

e To integrate thermal-awareness into control logic,
preventing overheating of key components such as
power MOSFETs and IGBTs without sacrificing per-
formance.

e To simulate the proposed method using standard driv-
ing cycles (WLTP, NEDC) and assess improvements
in energy consumption, thermal stability, and switch-
ing efficiency.

e To benchmark the proposed method against conven-
tional control techniques (FOC and DTC) in terms of
energy savings, hardware stress, and computational
feasibility.

This study contributes toward closing the efficiency gap
in EV powertrain design and proposes a control architec-
ture that is both practical and scalable, making it suitable
for integration into commercial EV platforms.

2. Related Works

The performance and energy efficiency of EVs are heavily
influenced by the control strategies implemented within
their power electronic converters. These strategies regulate
the operation of inverters, DC-DC converters, and motor
drivers, making them central to minimizing energy loss and
improving thermal and operational stability. This section
reviews the current landscape of control methodologies,
highlighting their benefits and limitations in the context
of EV powertrains.

2.1 Conventional Control Strategies

Field-Oriented Control (FOC) is one of the most commonly
employed techniques for three-phase AC motor control in
EVs. It decouples torque and flux components in the sta-
tor, allowing independent control akin to a DC motor.
FOC is advantageous due to its high dynamic performance
and low steady-state error, making it well-suited for high-
speed EV applications. However, it is sensitive to parame-
ter variation and demands accurate rotor position sensing,
often requiring complex observer designs or high-resolution
encoders.

Direct Torque Control (DTC) provides an alternative
that avoids coordinate transformation and current regula-
tion loops. It offers faster torque response and does not
require modulation blocks like PWM, but it suffers from

increased torque ripple and variable switching frequency,
which complicates electromagnetic interference (EMI) fil-
tering and thermal management.

2.2 Advanced Modulation Techniques

The efficiency of control strategies is tightly linked to mod-
ulation schemes. Pulse Width Modulation (PWM) re-
mains the standard due to its simplicity, but it induces
switching losses and generates harmonics. Improvements
such as Sinusoidal PWM (SPWM) and Space Vector PWM
(SVPWM) offer higher DC bus utilization and lower har-
monic distortion. SVPWM, in particular, maximizes the
use of available voltage and is widely adopted in vector-
controlled drives.

Still, even SVPWM can fall short under high dynamic
loads or low-speed operation, where response time and
torque precision become critical. Researchers have thus
explored hybrid modulation strategies combining multiple
schemes adaptively based on system state, but these often
demand higher computation and intricate control logic.

2.3 Model Predictive Control and Intelligent
Methods

Model Predictive Control (MPC) has gained attention for
its ability to optimize control actions over a finite hori-
zon, minimizing a cost function (e.g., torque error, switch-
ing losses) subject to system constraints. In EV appli-
cations, MPC can dynamically adapt to load and ther-
mal variations, providing superior performance over clas-
sical methods. However, it imposes substantial computa-
tional requirements and can be sensitive to model inaccu-
racies, making real- time application challenging without
dedicated hardware accelerators (e.g., FPGAs or high-end
DSPs).

To address these challenges, hybrid MPC approaches
have been proposed, leveraging simplified switching models
and state-space estimators to reduce real-time complexity
while preserving predictive capabilities. Meanwhile, fuzzy
logic, genetic algorithms, and neural networks have been
employed to create intelligent controllers capable of learn-
ing optimal switching behavior. These soft-computing
techniques can handle system non- linearities and uncer-
tainties well, but require extensive training and validation,
and are difficult to interpret or verify in safety-critical au-
tomotive systems.

2.4 Energy Optimization and Thermal-Aware
Control

Traditional controllers rarely integrate energy-awareness or
thermal management into their feedback loops. Most treat
power loss and component heating as post-design consider-
ations, managed by passive heatsinks or active cooling sys-
tems. Recently, thermal-aware control methods have been
introduced to proactively limit power device stress. These
include duty cycle optimization based on junction tem-



perature estimates, switching frequency modulation un-
der thermal load, and coordinated battery-inverter-motor
thermal management.

Such strategies are promising but have yet to be inte-
grated seamlessly into mainstream EV control frameworks,
largely due to their complexity and the lack of real-time
temperature feedback mechanisms.

2.5 Summary of Limitations

Despite the breadth of existing work, most state-of-the-art
control methods struggle to simultaneously satisfy three
key criteria:

e Energy Efficiency: Minimizing both conduction and
switching losses under diverse operating conditions.

e Thermal Management: Preventing overheating
through active control, not just mechanical cooling.

e Computational Feasibility: Ensuring the controller
can operate within the constraints of cost-effective au-
tomotive hardware.

This gap forms the motivation for the integrated, adap-
tive, and thermally aware control strategy proposed in this
study.

3. Methodology

This section presents a detailed methodology for the devel-
opment of an adaptive, thermally aware control strategy
designed to enhance the energy efficiency of electric vehicle
(EV) power electronic systems. The formulation integrates
mathematical modeling of the drivetrain and converters,
a switching loss-aware control algorithm, and a real-time
adaptive mechanism that responds to dynamic load and
thermal conditions. The methodology also includes sys-
tem simulation under standard driving profiles to validate
effectiveness.

3.1 Mathematical Modeling of EV Powertrain
Components

The modeling framework begins with the permanent mag-
net synchronous motor (PMSM) [20], which is a widely
adopted propulsion unit in modern EVs due to its high
torque density and efficiency. Its behavior is modeled in
the rotating d-q reference frame, allowing decoupled con-
trol of torque and flux. The voltage equations in this ref-
erence frame are described by:

d

vg = Rsig + % — WePda (1)
. d

v = Ryiq + % t Wed (2)

Here, vq and v, represent the d-q axis stator voltages, i4
and i, are the stator currents, Ry is the stator resistance,

and Here, vq and v, represent the d—q axis stator voltages,
id and iq are the stator currents, Rs is the stator resistance,
and we is the electrical angular speed. The flux linkages ¢q4
and ¢, are defined as pq = Ldid +¢ and ¢, = Lqiq where
@y is the flux generated by the permanent magnets, and
Ld and Lq are the d — q inductances. The electromagnetic
torque produced by the PMSM is given by:

3 . ..
T, = 517 [priqg + (La — Lg) idaiq] (3)

where p denotes the number of pole pairs. Switching and
conduction losses within the inverter are analytically mod-
eled as follows. Switching losses are calculated by:

1

Psw = 5 [Vdciavg (ton - tOff) fsw] (4)

d conduction losses are given by:

Peona = 12 R (5)

rms*von

where Vg, is the DC link voltage, I,y and I,p,s are aver-
age and RMS currents, ¢, and t,¢s are the switching and
fall times, fs, is the switching frequency, and R,, is the
device’s on-state resistance.

3.2 Adaptive Thermal-Aware Control Strategy

The proposed control strategy consists of an inner current
control loop and an outer modulation control loop. The
current controller employs PI control in the d-q frame, us-
ing the following control equations:

6d=i;—id,eq=i;—iq (6)
’U; = Kpded + K,'d/eddt (7)
Vg = Kpgeq + Kig / eqdt (8)

These voltages are then converted back to the three-phase
system and used in SVPWM generation.

To handle thermal constraints, a temperature-dependent
switching frequency adjustment mechanism is imple-
mented:

. N T —They )
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where Tj is the junction temperature, 7;.. ¢ the nominal ref-
erence temperature, T},,, the maximum allowable temper-
ature, and f,0,, the nominal switching frequency. Adap-
tive Compensation via Model Reference Control. A model
reference adaptive control (MRAC) mechanism is incorpo-
rated to improve robustness. The desired reference model
is described as:

T = ATy + Bpx (10)
and the plant model is represented as:

zp = Apzp + Bpu (11)



The control input u(t) is defined by a parameterized linear
model:

u(t) = 07 (t)p(t) (12)

where 6(t) is the vector of adaptive gains, and ((¢) is the
regressor vector. The adaptation law is based on Lyapunov
stability theory:

6= -T¢e’ PB (13)

Here, e = xp — xm is the tracking error, P is a positive
definite matrix, and I' is the adaptation gain.

_ The Lyapunov candidate function V(e,0) = eTPe +
HTT =10 was defined to evaluate closed-loop stability un-
der thermally modulated adaptation. By enforcing V <0,
the adaptive gains were shown to remain bounded even
when junction temperature affects device dynamics. The
derived conditions confirm that the combined MRAC-
thermal loop ensures asymptotic tracking stability under
parameter drift, load disturbances, and switching-induced
thermal fluctuations

3.3 Simulation Framework and Performance Met-
rics

The control system was modeled in MATLAB/Simulink
and evaluated using WLTP and NEDC driving cycles.
The total energy efficiency of the system is computed as:

ogs = () (14)

Einput

The total losses include both switching and conduction
losses:

-Ploss-total = Psw + Pcond (15)

Additionally, maximum junction temperature T),,, and
control execution time texec were monitored to ensure
thermal safety and real-time operability.

3.4 Embedded Implementation and Feasibility
Study

The algorithm was deployed on STM32F407VG and
TMS320F28069 embedded platforms. Real-time feasibil-
ity was verified through timing analysis and memory pro-
filing. Execution times were maintained under 150 pus, and
system parameters were sampled at 20 kHz for sufficient
control resolution.

4. Result Analysis and Discussion

The evaluation of the proposed adaptive control strat-
egy was performed by simulating its performance under
two widely accepted real-world driving cycles, NEDC and
WLTP, followed by embedded implementation benchmark-
ing. Performance was compared against two benchmark
strategies: conventional Field-Oriented Control (FOC) [24]

combined with Space Vector PWM (SVPWM) [25], and a
static Model Predictive Control (MPC), Fuzzy-PWM [26],
and Neural-PWM [27] implementation. Key metrics in-
cluded energy consumption, inverter switching losses, junc-
tion temperature profiles, and control execution time.

4.1 Energy Consumption and System Efficiency

Simulations revealed that the adaptive controller consis-
tently reduced energy consumption across both driving
profiles. Under the NEDC cycle, the proposed strategy
consumed 154.2 Wh/km compared to 164.2 Wh/km for the
baseline FOC and 157.5 Wh/km for MPC. For WLTP, the
reduction was more pronounced, with the adaptive method
achieving 168.8 Wh/km against 182.3 Wh/km from the
baseline.

This translated into measurable gains in system effi-
ciency. During the NEDC cycle, the adaptive control im-
proved efficiency to 91.1%, a 3.2% absolute gain over FOC.
During WLTP, the gain was even higher, at 89.5%, reflect-
ing a 3.8% improvement over FOC. Benchmarking on a
Cortex-M7 (400 MHz) platform revealed execution times
of 18.4 us for MRAC, compared to 112.7 us for MPC and
310.5 us for the neural-network controller. The proposed
MRAC required 42 kB RAM and 78 kB Flash, significantly
lower than the alternatives, demonstrating strong suitabil-
ity for real-time automotive deployment.

Figure 2 compares the energy consumption and effi-
ciency of various control strategies across standard driv-
ing cycles. The proposed method consistently outperforms
other techniques, achieving higher efficiency and reduced
energy usage in both NEDC and WLTP profiles. This
highlights its effectiveness in optimizing inverter operation
under diverse load conditions.
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Figure 2. Energy Consumption and Efficiency Comparison
Across Driving Cycles Including Switching-loss Distribu-
tion and Thermal Response.



Table 1

Comparison of Energy Consumption and Efficiency

Driving Cycle Control Strategy Energy Efficiency
(Wh/km) (%)
FOC + SVPWM 164.2 87.9
NEDC Static MPC 157.5 89.3
Adaptive (Proposed) 154.2 91.1
FOC + SVPWM 182.3 85.7
WLTP Static MPC 174.8 87.0
Adaptive (Proposed) 168.8 89.5
4.2 Switching Loss and Thermal Behavior ductor temperature.
Table 2

The control strategy’s impact on thermal performance was
assessed by observing instantaneous switching losses and
junction temperatures over the course of the driving cy-
cles. Instantaneous switching power loss was significantly
lower for the proposed method, particularly during high-
load events in the WLTP cycle.

Figure 3 presents the switching loss profiles of various
control strategies throughout the WLTP driving cycle.
The proposed method demonstrates a noticeably flatter
and lower loss curve, indicating improved switching effi-
ciency. This reduction in losses contributes directly to
better thermal performance and overall system energy sav-
ings.

T0

Switching Loss (W)
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Figure 3. Switching Loss Profile Over WLTP Cycle High-
lighting Peak-temperature Reduction and Thermal Stabil-

1ty.

The adaptive thermal feedback mechanism helped the
controller reduce switching frequency during periods of
excessive thermal rise. Under WLTP conditions, the
baseline FOC resulted in a peak junction temperature of
118.7°C, while the MPC reduced it to 112.1°C. The adap-
tive controller, however, limited it to just 105.4°C. The
adaptation mechanism employs a gradient-based MRAC
law with temperature-aware gain scaling, expressed as
6 = —T¢e — kr (T;) 6. The temperature-dependent term
kt (T;) enhances robustness against nonlinearities includ-
ing magnetic saturation, parameter drift, and torque tran-
sients. Simulation results confirm stable gain evolution
under rapid variations in both load torque and semicon-

Peak Junction Temperature Comparison

Driving Cycle | Control Strategy Peak T'j (°C)
FOC + SVPWM 102.8

NEDC Static MPC 98.3
Adaptive (Proposed) | 92.6
FOC + SVPWM 118.7

WLTP Static MPC 112.1
Adaptive (Proposed) | 105.4

The thermal parameters, including junction-to-case
resistance and case-to-heatsink resistance, were de-
rived using a hybrid method that integrates analyt-
ical loss—temperature relationships with manufacturer-
validated datasheet parameters, ensuring accurate repre-
sentation of transient heat flow under varying drive-cycle
conditions.

Figure 4 illustrates the junction temperature evolution
across the WLTP cycle for different control strategies. The
proposed method maintains a lower and more stable tem-
perature profile, demonstrating effective thermal regula-
tion. This behavior enhances device longevity and re-
duces the need for aggressive cooling mechanisms. Simu-
lations were initialized with SOC = 92%, ambient temper-
ature = 28°C, junction temperature = 45°C, and vehicle
mass = 1480 kg. A fixed solver step of 100u s was used
for inverter dynamics and 10 ms for thermal evolution.
WLTP and NEDC boundary conditions followed standard-
ized velocity-time grids with identical environmental as-
sumptions.

4.3 Power Loss Distribution

A detailed loss breakdown under WLTP reveals how adap-
tive control shifts the power distribution profile. In
the baseline scenario, switching losses dominated dur-
ing acceleration bursts. The adaptive strategy redis-
tributed losses more evenly and minimized peak en-
ergy dissipation. The analytical loss models were cal-
ibrated against manufacturer-provided switching-energy
curves and temperature-dependent conduction character-
istics. The fitting procedure ensured that the computed
switching energies FE,,/o¢ and conduction losses closely
matched device-specific behaviour across the 25-125°C op-
erating range, thereby improving the accuracy of thermal



Table 3

Embedded Execution Time and Resource Utilization

Platform Control Strategy Time (us) Flash (KB) RAM (KB)
STM32F407 FOC + SVPWM 92 21 6.5
Adaptive (Proposed) 138 28 9.2
TMS320F 28069 FOC + SVPWM 87 18 5.9
Adaptive (Proposed) 131 25 8.6
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predictions.

Figure 5 compares the average power loss distribution,
specifically switching and conduction losses across control
strategies under the WLTP cycle. The proposed method
achieves the lowest combined losses, highlighting its ability
to minimize thermal and electrical stress. This translates
to improved inverter efficiency and system reliability dur-
ing dynamic driving conditions.

Frequency-domain analysis of the inverter phase volt-
age revealed that adaptive switching modulation intro-
duces no dominant harmonics beyond the limit. The FFT
spectra demonstrate a controlled redistribution of side-
band components without amplifying conducted or radi-
ated noise. This confirms EMI compliance for thermally
driven switching-frequency adjustments.

4.4 Real-Time Performance and Embedded Fea-
sibility

Despite additional computational overhead introduced by
MRAC and the thermal model, the adaptive control
loop was successfully implemented on two embedded pro-
cessors commonly used in EV inverters [28]. On the
STM32F407VG, the full control routine executed in 138
us. On the TMS320F28069, the routine completed in 131
us. To consolidate multi-dimensional performance, a radar
chart was constructed mapping energy efficiency, peak
temperature, switching loss, execution time, and thermal
stability. The adaptive control strategy consistently out-
performed or matched benchmarks across all metrics.
Uncertainty analysis indicates that the predicted switch-
ing losses vary within £+6.1% and junction tempera-
ture peaks within +5.4% when device thermal resistance

Control Strategy

Figure 5. Average Power Loss Distribution for Control
Strategies Under WLTP.

and switching-energy coefficients are perturbed by £10%.
These bounds confirm the reliability of the model across
diverse operating conditions. Sensitivity analysis further
shows that the adaptive controller maintains 92-95% of its
energy-saving capability even under 12% parameter devi-
ation, demonstrating strong robustness compared to FOC
and MPC methods, whose efficiency degrades more rapidly
under perturbations.

4.5 Discussion

The proposed strategy integrates a model-based adaptive
controller and temperature-responsive frequency switching
to deploy real-time thermal inverter control. This dynamic
optimization of switching behaviour under different load
and thermal conditions allows a significant reduction in
energy consumption and switching losses. The high re-
liability of PMSM driving train simulation in NEDC and
WLTP cycles confirmed 7.4% energy savings and improved
thermal stability compared to baseline FOCs and MPCs.
This method ensures the feasibility of real-time automotive
hardware without additional system overhead. The im-
provements observed can be attributed to the controller’s
capacity to respond to both load transients and thermal
states dynamically. Embedding thermal intelligence into
the control loop enabled optimized inverter behavior under
diverse scenarios, preventing thermal runaway while con-
serving energy. The strategy preserved performance with-
out demanding high-end computational resources, aligning



with cost and efficiency requirements for commercial EV
applications.

The choice of WLTP and NEDC is motivated by their
ability to represent both low-speed urban stop—start dy-
namics and high-speed highway behavior, providing a bal-
anced evaluation of energy management and thermal re-
sponse. The adaptive controller achieved its highest energy
savings under urban conditions due to frequent torque and
load transitions, whereas improvements in highway condi-
tions were primarily driven by superior thermal stabiliza-
tion.

Under WLTP, conduction losses dominate during low-
speed urban phases, while switching losses increase dur-
ing rapid acceleration bursts. In contrast, NEDC ex-
hibits a more uniform distribution. The adaptive con-
troller reduces peak switching losses by dynamically lower-
ing switching frequency at elevated junction temperatures,
thereby balancing total thermal stress across semiconduc-
tor devices.

The performance of the thermal feedback loop is influ-
enced by sensor accuracy and noise levels in current, speed,
and temperature measurements. High-frequency noise can
propagate into the switching-frequency modulation layer,
causing unnecessary control actions. To mitigate these
issues, low-pass filtering (20-50 Hz bandwidth), periodic
sensor calibration, and redundant thermal sampling are
recommended. Simulations reveal that a +2% sensor er-
ror results in only a 0.8% reduction in energy efficiency,
demonstrating robust closed-loop behavior under realistic
sensor imperfections.

Nonetheless, the simulation does not yet incorporate
long-term aging effects or experimental hardware-in-the-
loop validation with physical inverters. Future work will
aim to extend the model to wide-bandgap semiconductor
applications and include reliability modeling over life cy-
cles. Future work will extend this methodology to wide-
bandgap inverter hardware and include hardware-in-the-
loop experiments in partnership with industry collabora-
tors to assess long-term reliability and deployment chal-
lenges.

5. Conclusion

This study has presented an adaptive, thermally aware
control strategy for electric vehicle power electronic sys-
tems that combines model reference adaptive control
(MRAC) with temperature-responsive switching frequency
modulation. By embedding real-time feedback from cur-
rent, speed, and thermal sensors into a hierarchical control
architecture, the proposed method successfully enhances
system-level energy efficiency while reducing switching
losses and peak device temperatures. Simulation results
across standardized driving cycles such as NEDC and
WLTP demonstrate clear improvements in energy con-
sumption up to 7.4% over baseline methods and better
thermal management when compared to conventional FOC
and static MPC approaches. The approach has also proven
viable for deployment on embedded automotive hardware,

with control execution times well within real-time limits.
Collectively, the results validate the potential of adap-
tive, feedback-driven strategies to improve both the per-
formance and longevity of EV powertrains. Future work
will extend this framework to wide-bandgap devices and
include experimental validation on real hardware-in-the-
loop systems to assess long-term reliability and practical
deployment challenges.
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