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Abstract 

This paper presents a battery-aware control framework for a single-phase integrated bat-
tery charger (IBC) for electric vehicles, in which the traction system is reused as part of 
the charging hardware. The proposed charger consists of a stator-assisted bridgeless to-
tem-pole power-factor-correction AC–DC stage and a bidirectional buck–boost DC–DC 
stage connected to a 48 kWh, 400 V lithium-ion battery pack. The battery pack is modeled 
using a lookup-table-based equivalent circuit model with state-of-charge- and tempera-
ture-dependent open-circuit voltage and impedance parameters. A conventional double-
loop PI controller is used as the baseline, while the proposed strategy combines nonlinear 
model predictive control, an extended Kalman filter, and lookup-table-based battery pa-
rameterization to regulate charging current under electrical and thermal constraints. The 
system is evaluated under 7 kW, 230 V/32 A and 22 kW, 230 V/96 A charging cases using 
average-model simulations, switching-model transient simulations, and finite element 
thermal assessment of the induction motor stator. The average-model results show stable 
charging from 20% to 80% SOC, with charging times of approximately 275 min at 7 kW 
and 90 min at 22 kW. The EKF provides bounded battery state estimation, with maximum 
SOC estimation errors of approximately 1.3% and 2.0% for the 7 kW and 22 kW cases, 
respectively, while the core-temperature estimation error converges close to zero. The 
switching-model results confirm feasible duty-command behavior, bounded battery-cur-
rent tracking error, and a representative DC-link ripple of approximately 8 Vpp. During 
grid-voltage reduction, the charging current is reduced to keep the grid-current envelope 
within the intended limit. FEM results show that charging-only motor temperatures re-
main low, reaching approximately 27.39 °C at 7 kW and 38.82–38.85 °C at 22 kW. The most 
critical charging-related thermal case occurs at 22 kW after one hour of full-load motor 
operation with a 40 °C initial condition, reaching approximately 92.32 °C. Overall, these 
simulation-based findings support the feasibility of the proposed NMPC–EKF–LUT 
framework as a battery-aware supervisory control strategy for single-phase IBC opera-
tion. The proposed controller improves constraint-aware, battery state-based decision-
making, while switching ripple and motor thermal response are mainly governed by the 
power stage, feasible current trajectory, and initial thermal condition. 
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1. Introduction 
The development of electric vehicles (EVs) has increased the demand for charging 

systems that are compact, efficient, and compatible with battery safety requirements. In 
modern EV architectures, the battery-management system (BMS) plays a central role in 
monitoring, protection, state estimation, and control of lithium-ion battery packs [1]. In-
tegrated on-board charging has also been investigated together with pack-level functions 
such as cell balancing, indicating that charger operation should be coordinated with bat-
tery-management requirements [2]. In electric and hybrid vehicles, BMS functions are es-
sential for supervising battery safety, usable energy, voltage limits, and operating condi-
tions [3]. Accurate state-of-charge (SOC) estimation is particularly important because 
available capacity, terminal-voltage response, and allowable charging current depend 
strongly on the battery operating condition [4]. 

In a conventional on-board charger (OBC), the grid-interface converter, power-fac-
tor-correction stage, magnetic components, sensors, and thermal hardware are normally 
implemented as dedicated charging hardware [5,6]. Although this structure is mature and 
modular, it increases the weight, volume, and component count of the vehicle charging 
system. Integrated battery chargers (IBCs) have therefore been investigated as an alterna-
tive approach in which selected traction-system components are reused during plug-in 
charging. Figure 1 illustrates the basic structural difference between a conventional OBC 
and an IBC, where the conventional charger uses dedicated charging hardware, whereas 
the IBC reuses selected traction-system components during the charging mode. Model-
predictive-control-based IBC operation has been reported as one approach for improving 
integrated charger dynamics [7]. Dual-inverter and motor-drive-based charging struc-
tures have also been investigated to reduce dedicated charging hardware and improve 
traction-system utilization [8,9]. 

 

Figure 1. Comparison of conventional OBC and integrated IBC architectures. Blue and green arrows 
indicate power flow during charging and driving, respectively. Black arrows indicate the electrical 
power direction and type, while gray lines represent electrical connections. 

The main advantage of an IBC is hardware integration; however, the charging mode 
introduces coupled electrical, battery-related, and thermal constraints. Because the ma-
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chine windings are reused as part of the charging current path, the charger must maintain 
grid-current and dc-link requirements while avoiding excessive winding current, unin-
tended torque production, and unacceptable motor thermal loading. Previous integrated 
charging studies have shown that motor windings and traction-drive components can be 
used as part of the charging energy-transfer path [10]. Predictive control has also been 
applied to buck–boost rectifier operation in EV IBC configurations with dual-inverter 
drives [11]. These issues are especially important when charging starts after high-load 
propulsion operation, since the motor may already contain residual thermal energy. 

For residential and light-commercial charging environments, a single-phase grid in-
put remains relevant because it is widely available and easier to interface with existing 
infrastructure than a three-phase supply. In this study, a single-phase IBC is considered 
as a practical compromise between system integration and implementation complexity. 
The proposed architecture consists of a 230 V, 50 Hz single-phase grid input, a bridgeless 
totem-pole power-factor-correction (PFC) AC-DC front-end, a bidirectional buck–boost 
DC-DC charging stage, and the stator windings of a three-phase induction motor used as 
shared inductive elements. The battery-side converter regulates the charging current in-
jected into a 48 kWh, 400 V, 125 Ah lithium-ion battery pack. 

From the battery-management perspective, the charging current should be adjusted 
according to SOC, terminal voltage, internal impedance, heat generation, and tempera-
ture. Conventional double-loop proportional-integral (PI) control is widely used for con-
verter regulation because of its simplicity and low computational requirement. However, 
PI control is usually tuned around a nominal operating point and reacts mainly to tracking 
error. When battery voltage, SOC, impedance, and temperature vary during charging, 
fixed-gain PI control generally requires external limiters or supervisory logic to avoid con-
straint violation. This motivates a predictive control framework that can anticipate future 
battery and converter behavior rather than correcting only the present current or voltage 
error. 

Model predictive control (MPC) is suitable for this purpose because it can include 
system dynamics, operating constraints, and multi-objective cost functions. MPC-oriented 
studies on integrated OBCs have shown that predictive control can improve dynamic 
characteristics in charging systems [7]. Predictive control has also been applied to EV bat-
tery chargers and converter systems where current regulation and voltage constraints 
must be handled simultaneously [12,13]. For lithium-ion battery charging, predictive con-
trol is relevant because charging involves competing objectives such as reducing charging 
time, limiting voltage rise, suppressing thermal stress, and reducing degradation. State-
monitored predictive charging has been investigated for electrothermal lithium-ion bat-
tery management [14]. Nonlinear model predictive control (NMPC) has also been applied 
to optimize battery charging strategies under nonlinear battery behavior [15]. Constrained 
predictive charging has been used with coupled thermo-electric battery models to manage 
current and thermal limitations [16]. Health-aware fast-charging methods further show 
the importance of temperature-aware current regulation during lithium-ion battery charg-
ing [17]. These studies indicate that battery charging control should account for thermal-
management requirements, especially under high-charging-rate or high-ambient-temper-
ature conditions [18]. 

In addition to predictive control, the battery model used by the controller must rep-
resent the dependence of electrical parameters on operating conditions. An equivalent 
circuit model (ECM) provides a practical balance between dynamic-voltage accuracy and 
computational efficiency for charger-control simulation [19]. Electro-thermal battery mod-
els show that heat generation and temperature response should be included when evalu-
ating battery charging behavior [20]. Reviews of lithium-ion battery models for electric 
transportation also emphasize that model parameters are affected by SOC and tempera-
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ture [21]. Temperature-dependent second-order RC models have been used to improve 
SOC estimation accuracy under varying operating conditions [22]. In this study, the ECM 
is combined with SOC- and temperature-dependent lookup tables (LUTs) for open-circuit 
voltage (OCV) and impedance parameters. This LUT-based parameterization allows the 
controller and estimator to account for battery-parameter variation during charging in-
stead of treating the battery pack as a constant-voltage source or a fixed RC load. 

An NMPC-based charger also requires reliable internal battery state information. In 
practical battery packs, SOC, core temperature, and internal heat generation are not di-
rectly measurable and must be estimated from available signals such as current, terminal 
voltage, and surface temperature. Extended Kalman filter (EKF)-based estimation is suit-
able for this task because it recursively combines nonlinear model prediction with meas-
ured voltage and current signals [23]. Battery thermal-management studies further show 
that temperature supervision is essential for maintaining safety and limiting thermal 
stress during charging [24]. Therefore, the integration of EKF-based estimation and LUT-
based ECM modeling provides the NMPC layer with internal battery states and operat-
ing-condition-dependent parameters. 

Although IBC topologies, predictive converter control, battery state estimation, and 
ECM-based battery modeling have been widely investigated, these topics are often treated 
as separate problems. Topology-oriented IBC studies usually emphasize hardware inte-
gration and converter operation, whereas battery-management studies often focus on 
SOC estimation, thermal supervision, or charging optimization without considering the 
additional thermal burden imposed on the reused traction motor. For a motor-winding-
assisted IBC, the charger controller should therefore be evaluated not only in terms of 
current tracking, but also in terms of constraint handling, battery state awareness, and 
motor thermal feasibility. 

Table 1 summarizes the relationship between existing approaches and the proposed 
framework. The comparison clarifies that the novelty of this work is not the isolated use 
of NMPC, EKF, or LUT-based ECM modeling, but their combined application within a 
single-phase IBC evaluation workflow that includes PI benchmarking, switching-model 
transient verification, and finite element method (FEM)-based motor thermal assessment. 

Table 1. Comparison between existing EV charging control approaches and the proposed NMPC-
EKF-LUT-based IBC framework. 

Approach Main Focus Limitation in Battery-Aware 
IBC Operation 

Position of the Proposed Work 

BMS-oriented EV 
battery control 

Monitoring,  
protection, and state 

estimation [1,3] 

Usually separated from  
converter-level charging  

control 

Uses estimated internal battery states as 
control inputs 

Conventional OBC 
control 

Dedicated AC-DC and 
DC-DC charger hard-

ware [5,6] 

Increases hardware volume and 
does not reuse traction compo-

nents 

Reuses selected traction-system elements 
in a single-phase IBC 

IBC topology and 
motor-drive-based 

charging 

Hardware integration 
using inverter or  

motor-winding reuse 
[7,8] 

Often emphasizes topology and 
current control 

Couples IBC operation with battery-
aware control 

Motor-winding- 
assisted IBC 

Reuse of machine 
windings in the  

charging path [9,10] 

Motor thermal loading may not 
be fully assessed after  
propulsion operation 

Adds FEM assessment for charging-only 
and post-full-load cases 

Predictive EV 
charger control 

Predictive regulation 
of converter current or 

voltage [7,11] 

May focus mainly on  
converter dynamics 

Applies NMPC to the battery-side  
converter of the proposed IBC 
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Battery predictive 
charging 

Optimization under  
voltage, thermal, or 

degradation  
constraints [14,15] 

Often considered separately 
from motor-winding-assisted 

IBCs 

Uses NMPC for battery-aware charging 
current generation 

ECM, LUT, and EKF-
based battery man-

agement 

Battery modeling and 
internal-state  

estimation [19,23] 

Model and estimator outputs 
may remain separated from 

charger decisions 

Feeds LUT-updated parameters and EKF 
states to the NMPC layer 

Proposed NMPC-
EKF-LUT IBC  

framework 

Integrated battery-
aware charging control 

Simulation-based; hardware 
validation remains future work 

Combines NMPC, EKF, LUT-based 
ECM, PI benchmarking, switching verifi-

cation, and FEM thermal assessment 

Based on these considerations, this paper proposes a battery-aware control frame-
work for a single-phase IBC by integrating NMPC, EKF-based state estimation, and LUT-
based lithium-ion battery pack modeling. The proposed controller is applied to the bat-
tery-side bidirectional buck–boost DC-DC charging stage, while a conventional double-
loop PI controller is used as the baseline strategy. The objective is to regulate the charging 
current while generating feasible commands under battery-current, battery-voltage, SOC, 
temperature, duty-cycle, dc-link voltage, and input-power constraints. Because the pro-
posed IBC reuses the stator windings of a three-phase induction motor in the charging 
path, a three-dimensional FEM thermal assessment is also included to evaluate the motor-
temperature response under charging-only and post-full-load operating conditions. 

The main contributions of this paper are summarized as follows: 

• A single-phase integrated battery charger architecture is formulated using a bridge-
less totem-pole PFC AC-DC front-end, a bidirectional buck–boost DC-DC charging 
stage, and the stator windings of a three-phase induction motor as shared inductive 
elements. 

• A battery-aware NMPC formulation is developed for the battery-side charging stage 
to generate feasible charging current commands under battery-current, terminal-
voltage, SOC, core-temperature, duty-cycle, dc-link voltage, and input-power con-
straints. 

• An EKF-based estimation layer and a SOC- and temperature-dependent LUT-based 
ECM are integrated to provide the controller with internal battery states and operat-
ing-condition-dependent parameters. 

• A conventional double-loop PI controller is implemented as the baseline strategy to 
distinguish converter-level tracking behavior from battery-aware constraint-han-
dling capability. 

• A multi-layer simulation workflow is established by combining average-model 
charging simulation, switching-model transient verification, and three-dimensional 
FEM motor thermal assessment. 

The remainder of this paper is organized as follows. Section 2 describes the proposed 
IBC architecture, battery pack model, PI controller, NMPC formulation, EKF-based esti-
mation method, and FEM thermal model. Section 3 presents the simulation scenarios and 
results. Section 4 discusses the implications and limitations of the proposed framework. 
Section 5 concludes the paper and outlines future work. 

2. Materials and Methods 
This section defines the integrated battery charger (IBC) configuration, the electrical 

interface, the battery pack model, and the simulation boundaries used in this study. The 
proposed system is intended for a battery electric vehicle equipped with a three-phase 
induction motor traction drive and a 48 kWh lithium-ion battery pack. During traction 
operation, the inverter and motor perform the conventional propulsion function. During 
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plug-in charging, selected traction components are reused as part of the charging circuit, 
reducing the requirement for additional passive components and improving the power-
density potential of the on-board charger. The system is studied using MATLAB/Simulink 
R2024a at both average-control and switching-model levels, with particular emphasis on 
the battery-side charging dynamics, state estimation, and thermal safety constraints. 

2.1. EV Integrated Battery Charger Architecture 

The proposed charger follows a two-stage IBC structure. The first stage is a single-
phase AC-DC front-end that interfaces the utility grid with the DC-link. This stage oper-
ates in a power-factor-correction (PFC) manner and regulates the DC-link voltage. The 
second stage is a bidirectional buck–boost DC-DC converter that transfers energy from 
the DC-link to the battery pack during charging. In the proposed architecture, the stator 
windings of the three-phase induction motor are used as auxiliary inductive elements in 
the AC-DC charging path. This approach is consistent with the general concept of inte-
grated on-board charging, in which the traction inverter, motor windings, or drive com-
ponents are reused during charging to reduce hardware redundancy [2,7–9]. 

The power flow in charging mode can be summarized as shown in Figure 2. 

 

Figure 2. Charging mode power flow of single-phase IBC. S1–S4 denote the electronic switches 
configured in a bridge structure within the totem-pole bridgeless PFC AC-to-DC converter. 

For the proposed charging mode, the traction torque production is assumed to be 
zero or negligible because the vehicle is stationary. The motor windings are therefore con-
sidered as electrical inductive elements rather than as electromechanical torque-produc-
ing components. The battery-side converter is controlled by NMPC in the proposed sys-
tem and by a double-loop PI controller in the baseline system. The comparison is designed 
to highlight the benefit of dynamic, constraint-aware charging control over fixed-gain cas-
caded control. Figure 3 presents the overall control architecture and signal flow of the 
proposed single-phase IBC. The upper part of the diagram represents the power-stage 
energy-transfer path from the single-phase grid to the lithium-ion battery pack through 
the stator winding-assisted AC-DC PFC stage, DC-link capacitor, and bidirectional DC-
DC converter. The feedback and measurement bus collects the grid-side variables, DC-
link voltage, battery voltage, battery current, and battery temperature-related signals for 
controller and estimator operation. 

For the baseline case, the double-loop PI controller generates the duty command 
through the PWM generator using battery voltage and current feedback. For the proposed 
case, the EKF estimates the internal battery states, including SOC, core temperature, and 
heat generation, from measurable battery signals. These estimated states are used by the 
LUT-based ECM block to update the OCV and impedance parameters. The updated pa-
rameters and estimated states are then supplied to the NMPC optimizer, which computes 
a constraint-aware charging command for the DC-DC converter. Therefore, the PI baseline 
and the proposed NMPC-EKF-LUT controller can be compared under the same power 
stage, battery model, and operating conditions. 
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Figure 3. Overall control architecture and signal flow of the proposed single-phase IBC. The plant 
consists of the single-phase AC grid, induction motor stator windings, bridgeless totem-pole PFC 
AC-DC converter, DC-link capacitor, bidirectional DC-DC converter, and lithium-ion battery pack. 
The baseline controller uses a conventional double-loop PI structure, whereas the proposed control-
ler integrates EKF-based state estimation, LUT-based ECM parameter updating, and NMPC-based 
constraint-aware charging control. Solid arrows indicate power or signal flow, dashed lines repre-
sent feedback and measurement paths, and the blue, red, and green areas denote the measurement 
layer, baseline controller, and proposed controller, respectively. Both controllers are evaluated us-
ing the same power stage and battery pack to ensure a consistent comparison. 

2.2. Single-Phase Grid Interface and Bridgeless Totem-Pole PFC Stage 

The AC-DC front-end of the proposed charger is designed as a single-phase bridge-
less totem-pole PFC stage. This topology is selected because modern EV on-board 
chargers increasingly require high efficiency, compact magnetic components, and re-
duced conduction loss at the grid interface. Unlike a conventional boost PFC rectifier, 
which places a diode bridge in front of the boost stage, the bridgeless totem-pole PFC 
removes the input diode bridge and uses active switches to conduct the line current. Re-
cent OBC reviews report that this topology is particularly attractive for compact single-
phase chargers in the approximately 1.8–7 kW class, where efficiencies in the 97–99% 
range can be achieved when wide-bandgap devices such as SiC or GaN switches are used 
[25]. In this study, the same front-end principle is adapted to an integrated battery charger 
in which the induction motor stator windings contribute to the AC-side energy-storage 
path. The grid voltage is represented as 

,rms( ) 2 sin( )g g gv t V tω=  (1) 

where , rm sgV  = 230 V, gf  = 50 Hz, and 2g gfω π= . The role of the PFC stage is to draw 
an input current that follows the grid-voltage waveform while regulating the DC-link 
voltage. The input current reference can therefore be written as 

,pk( ) sin( )g g gi t I θ∗ ∗=  (2) 

where gθ  is obtained from a PLL synchronized with the grid voltage and ,pkgI
∗

 is gen-
erated by the DC-link voltage controller. Under near-unity-power-factor operation, 

, rms ,rmsg g gP V I≈  (3)

while the more general real-power relationship is 
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, rms ,rms cosg g gP V I φ=  (4) 

For the totem-pole boost-type operation, the fundamental voltage conversion rela-
tionship can be expressed using the boost converter equation: 

1
in

dc
pfc

VV
D

≈
−

 (5) 

where inV   is the rectified or instantaneous equivalent input voltage and p fcD   is the 
PFC duty ratio. Because the single-phase input voltage varies over the line cycle, the con-
troller continuously modulates the switching devices to maintain the DC-link voltage 
while shaping the input current. 

The inductor design of a boost-type PFC stage is commonly estimated from the al-
lowable current ripple: 

in pfc
pfc

sw L

V D
L

f I
≈

Δ
 (6) 

The peak inductor current can be estimated by 

,peak ,avg 2
L

L in
II I Δ= +  (7) 

and the DC-link capacitance can be initially sized from the allowable voltage ripple: 

o pfc
dc

sw dc

I D
C

f V
≈

Δ
 (8) 

In the proposed integrated charger, the external PFC inductance is not treated as a 
completely independent component. Instead, the stator winding impedance of the three-
phase induction motor is incorporated into the AC-side charging path. The per-phase sta-
tor impedance is: 

s s s s g sZ R jX R j Lω= + = +  (9) 

Therefore, 

s
s

g

XL
ω

=  (10) 

The DC-link voltage dynamics are determined by the difference between the power 
transferred from the AC-DC front-end and the power absorbed by the DC-DC charger: 

dc
dc pfc dc
dVC i i
dt

= −  (11) 

or, equivalently, 

2
,

1
2 dc dc pfc dc loss pfc

d C V P P P
dt
  = − − 
 

 (12) 

The DC-link reference is constrained within 500 V dcV
∗≤ ≤  800 V. For the compara-

tive simulation cases, the nominal reference is set as 500 V. This value is higher than the 
battery terminal voltage over the target SOC range and provides sufficient voltage head-
room for the downstream buck-mode battery charger. At the same time, it avoids unnec-
essary semiconductor and capacitor voltage stress compared with a higher DC-link set-
ting. 

Although the bridgeless totem-pole PFC can provide high efficiency and reduced 
component count, it also requires careful switching control, current sensing, and EMI 
management. The source review notes that zero-voltage switching (ZVS) and zero-current 
detection (ZCD) techniques are often used to mitigate switching losses, while the absence 
of the diode bridge makes layout parasitics, common-mode noise, and dead-time selection 
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more important [25]. In this work, these hardware-level effects are represented within the 
defined simulation boundary; detailed EMI filter optimization and semiconductor pack-
aging design are left as future experimental tasks. 

2.3. Bidirectional Buck–Boost DC-DC Charging Stage 

The second conversion stage is a bidirectional buck–boost converter connected be-
tween the DC-link and the battery pack. During grid-to-battery charging, the converter 
mainly operates in buck mode because the DC-link voltage is higher than the battery volt-
age. The ideal buck-mode voltage relationship is 

b dcV DV≈  (13) 

where D  is the duty command. In a practical averaged model that includes inductor re-
sistance, the inductor current dynamics are expressed as 

L
dc dc o L L
diL DV V R i
dt

= − −  (14) 

and the output capacitor dynamics are 
o

o L b
dVC i i
dt

= −  (15) 

where Li  is the DC-DC inductor current, oV  is the converter output voltage, bi  is the 

battery charging current, LR  is the inductor series resistance, dcL  is the DC-DC induc-

tor, and oC  is the output capacitor. 

The duty command generated by the controller is compared with a carrier signal to 
produce complementary Pulse Width Modulation (PWM) gate signals. Dead time, device 
non-idealities, diode recovery, and parasitic capacitances may be included in the switch-
ing model depending on the simulation detail level. In the average-level model, the PWM 
stage is replaced by the duty-dependent averaged voltage dcDV , which reduces compu-

tational cost and allows long-duration charging simulation from 20% SOC to 80% SOC. 
In the baseline controller, a double-loop PI structure regulates the battery voltage and 

charging current. In the proposed controller, the NMPC generates the charging current 
command or duty-related control action by considering current, voltage, SOC, thermal, 
and converter constraints simultaneously. Figure 4 shows the circuit and controller of the 
proposed system. 

 

Figure 4. Control architecture  of the proposed single-phase IBC. Switches S1–S4 form the bridgeless 
totem-pole PFC AC–DC stage, while S5 and S6 form the bidirectional DC–DC stage. Solid red arrows 
indicate the grid and charging-current directions. Blue, green, and red dashed lines represent the 
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PWM gate signals for the AC–DC stage, PWM gate signals for the DC–DC stage, and DC-link-volt-
age feedback, respectively. 

2.4. Lithium-Ion Battery Pack 

This section describes the lithium-ion battery pack model used in the proposed inte-
grated battery charger (IBC) study. The model is intended to support two tasks simulta-
neously: first, to reproduce the electrical response of the battery pack during grid-con-
nected charging; and second, to provide state and constraint information to the nonlinear 
model predictive controller (NMPC) and the Kalman-filter-based thermal/state estimator. 
Battery-management studies emphasize that SOC estimation is essential for lithium-ion 
battery supervision and charging control [4]. To keep the model suitable for control-ori-
ented simulation, the battery pack is represented by an equivalent circuit model (ECM), 
which provides a practical balance between physical interpretability and computational 
efficiency [19]. The open-circuit voltage and impedance parameters are obtained from 
state-of-charge (SOC)- and temperature-dependent lookup tables (LUTs), since lithium-
ion battery parameters vary with operating conditions [21,22]. This ECM-based structure 
is compatible with Kalman-filter-based state estimation because it relates measurable volt-
age and current signals to internal battery states [23]. Comparative studies of ECM struc-
tures also support the use of RC-based battery models for SOC-estimation and control-
oriented applications [26]. 

In this work, the battery pack is specified as a 48 kWh, 400 V, 125 Ah lithium-ion pack 
with a 120s1p architecture. The notation 120s1p means that 120 cell groups are connected 
in series and that each series group contains 1 cell in parallel. Therefore, the pack voltage 
is mainly determined by the number of series-connected cells, whereas the pack capacity 
and current capability are mainly determined by the number of parallel-connected cells. 
The same pack specification is used for the double-loop PI controller, the NMPC + KF 
model, and the NMPC + EKF + LUT model so that differences in the simulation results 
can be attributed primarily to the control and estimation strategies rather than to differ-
ences in the battery model. 

2.4.1. Equivalent Circuit Model of the Lithium-Ion Battery Pack 

The electrical behavior of the battery is represented using a second-order Thevenin 
equivalent circuit model. This type of ECM is widely used in control-oriented battery 
studies because it provides a practical balance between dynamic-voltage representation 
and computational efficiency [19]. The model consists of an SOC- and temperature-de-
pendent open-circuit voltage source, an ohmic resistance, and two resistance–capacitance 
polarization branches. The ohmic resistance represents the instantaneous voltage drop as-
sociated with charge transfer, electronic conduction, current collectors, and connector 
losses. The RC branches represent short- and medium-term polarization effects caused by 
electrochemical diffusion and charge-transfer dynamics. Battery-modeling studies have 
shown that ECM parameters are affected by SOC and temperature, which supports the 
use of operating-condition-dependent model parameters [21,22]. Compared with a first-
order ECM, the second-order model can better reproduce the transient response under 
pulse-current or fast-charging conditions while remaining simple enough for real-time 
control implementation [26]. 

For the charging convention used in this study, the battery current bi  is positive 
when current flows into the battery pack. The terminal voltage of one representative cell 
is written as 

( ) ( )0 ,1 ,2  ,   ,     cell oc c cell c p pv v z T i R z T v v= + + +  (16) 
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where cellv  is the cell terminal voltage, ocv  is the open-circuit voltage, z  is SOC in per-

unit form, cT  is the battery core temperature, celli  is the cell current, 0R  is the ohmic 

resistance, and ,1pv  and ,2pv  are the voltages across the two polarization branches. If a 
discharge-positive current convention is used, the signs of the current-dependent voltage 
terms in (16) should be reversed. 

The polarization branch dynamics are described by 

, ,
1 1 ,   1,2

( , ) ( , ) ( , )p k p k cell
k c k c k c

v v i k
R z T C z T C z T

= − + =  (17) 

where kR  and kC  are the resistance and capacitance of the k -th RC branch. The cor-
responding time constant is 

( , ) ( , ) ( , )k c k c k cz T R z T C z Tτ =  (18) 

The SOC dynamics are obtained by Coulomb counting: 

3600
c b

pack

Iz
Q

η=  (19) 

where packQ  is the nominal pack capacity in Ah and cη  is the charging Coulombic effi-
ciency. In percentage form, 

% 100
3600

c b

pack

dSOC I
dt Q

η=  (20) 

For the 125 Ah pack used in this study, a constant 16.5 A for 7 kW and 60 A for 22 
kW require charging current corresponds approximately to 0.13 C and 0.48 C charging 
rate before voltage, thermal, and aging constraints are considered. 

2.4.2. SOC- and Temperature-Dependent OCV and Impedance LUTs 

The proposed NMPC + EKF + LUT model uses lookup tables to represent the de-
pendence of battery electrical parameters on SOC and temperature. This approach is suit-
able for simulation and controller design because lithium-ion battery performance and 
SOC estimation are strongly affected by operating conditions [4]. In the ECM framework, 
the OCV and impedance parameters are treated as operating-condition-dependent quan-
tities rather than fixed constants [19]. Battery-modeling studies also emphasize that SOC 
and temperature influence voltage response, internal resistance, and polarization behav-
ior [21,22]. This parameter dependence is important for Kalman-filter-based estimation 
because the estimator uses the battery model to relate measurable voltage and current 
signals to internal battery states [23]. Comparative studies of RC-based ECM structures 
further support the use of LUT-updated parameters for improving transient-response rep-
resentation in SOC-estimation and control-oriented applications [26]. 

The LUT-based cell-level parameters are defined as 

( , )oc OCV cv f z T=  (21) 

0 0 1 1 1 1( , ),   ( , ),   ( , )R c R c C cR f z T R f z T C f z T= = =  (22) 

2 2 2 2( , ),   ( , )R c C cR f z T C f z T= =  (23) 

In the present simulation, these LUTs are control-oriented parameter maps. They are 
shaped to reproduce realistic trends of lithium-ion cells: OCV increases with SOC, ohmic 
resistance generally decreases at moderate temperature compared with low-temperature 
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operation, and polarization parameters vary with both SOC and temperature. For exper-
imental implementation, the same LUT structure can be populated using measured cell 
data from OCV characterization and pulse power tests. 

The OCV LUT is typically obtained from a low-current charge/discharge test or an 
incremental OCV relaxation test. In this procedure, the cell is charged or discharged in 
small SOC steps, followed by rest periods sufficient for terminal-voltage relaxation. The 
relaxed terminal voltage is then used as the OCV value at the corresponding SOC and 
temperature [19]. The impedance-related LUTs can be extracted from hybrid pulse power 
characterization (HPPC), current pulse tests, electrochemical impedance spectroscopy 
(EIS), or pulse-response fitting methods. Battery-modeling studies show that impedance 
parameters vary with SOC and temperature, which supports the use of operating-condi-
tion-dependent LUTs [21,22]. Comparative studies of RC-based ECM structures also sup-
port the use of pulse-response or impedance-fitting approaches for improving transient 
voltage representation in control-oriented battery models [26]. For charger-control simu-
lation, pulse-test-based parameterization is often sufficient because the controller mainly 
requires time-domain voltage prediction under dynamic charging current. 

For a measured data set, the required LUT inputs and outputs should be organized 
as shown in Table 2. 

Table 2. Recommended LUT data required for the battery ECM. 

LUT Item Symbol Unit 
Independent  

Variables Typical Experimental Source 

Open-circuit 
voltage ocv  V/cell SOC, temperature 

OCV relaxation or  
low-C-rate test 

Ohmic resistance 0R  Ω /cell SOC, temperature 
HPPC pulse, EIS,  
current interrupt 

First polarization  
resistance 1R  Ω /cell SOC, temperature HPPC pulse fitting 

First polarization  
capacitance 1C  F/cell SOC, temperature HPPC pulse fitting 

Second polarization  
resistance 2R  Ω /cell SOC, temperature HPPC pulse fitting 

Second polarization  
capacitance 2C  F/cell SOC, temperature HPPC pulse fitting 

Entropic coefficient oc /dV dT  V/K temperature Calorimetry or OCV- 
temperature test 

Thermal resistances ,cs scR R  K/W temperature 
Thermal test or  

calibration 

Thermal capacitances ,c sC C  J/W temperature 
Thermal test or  

cell data 

2.4.3. Pack Scaling from Cell-Level Parameters to a 120s1p Architecture 

The cell-level ECM parameters are scaled to the battery pack level using the series–
parallel structure of the pack. For the 120s1p configuration, 

120,   1s pN N= =  (24) 

The pack nominal capacity is 

pack p cellQ N Q=  (25) 

Because packQ  Ah, the equivalent cell capacity used in the pack scaling is 
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pack
cell

p

Q
Q

N
=  (26) 

The pack open-circuit voltage is 

, ( , ) ( , )oc pack c s oc cV z T N v z T=  (27) 

The current in each parallel cell is 

b
cell

p

Ii
N

=  (28) 

The resistance terms scale according to the number of series and parallel cells: 

0, 0( , ) ( , )s
pack c c

p

NR z T R z T
N

=  (29) 

, ( , ) ( , ),   1,2s
k pack c k c

p

NR z T R z T k
N

= =  (30) 

Consequently, the RC time constants remain unchanged by ideal series–parallel scal-
ing: 

, , ,k pack k pack k pack k k kR C R Cτ τ= = =  (31) 

This result is useful for controller design because the transient voltage time constants 
identified from a single cell can be retained at pack level when the cells are assumed to be 
well matched and evenly loaded. In practical packs, additional busbar resistance, contact 
resistance, current imbalance, thermal gradients, and cell-to-cell aging dispersion may 
need to be included. In the present work, the pack is assumed to be electrically balanced 
so that the ECM represents the average pack behavior. 

2.4.4. Thermal Network of Battery Core, Surface, and Coolant 

Battery temperature affects both safety and electrical performance. During charging, 
the heat generated inside the battery pack changes the internal resistance, accelerates ag-
ing mechanisms, and may constrain the allowable charging current. For this reason, the 
proposed model includes a three-node thermal network consisting of a battery core node, 
a surface node, and a coolant node. The core node represents the internal heat generation 
region of the cells, the surface node represents the external cell/module surface, and the 
coolant node represents the thermal-management boundary condition. 

The irreversible heat generation can be approximated by 
2

, ( , )gen b eq pack cQ I R z T≈  (32) 

where ,eq packR  is the equivalent pack resistance used for heat calculation. A more com-
plete heat expression may include reversible entropic heat: 

,2
, ( , ) oc pack

gen b eq pack b c

dV
Q i R z T i T

dT
= +  (33) 

In this study, (32) is used as the main control-oriented heat input unless measured 

entropic coefficient data are available. If experimental /ocdV dT  data are later obtained, 
(33) can be activated in the LUT-based thermal model. 

The three-node thermal network is expressed as 

c c s
c gen

cs

dT T TC Q
dt R

−= −  (34) 
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s c s s cool
s

cs sc

dT T T T TC
dt R R

− −= −  (35) 

,
cool s cool cool amb

cool cool in
sc ca

dT T T T TC Q
dt R R

− −= − +   (36) 

Here cT , sT , and coolT  are the core, surface, and coolant temperatures; cC , sC , 

and coolC  are thermal capacitances; and csR , scR , and caR  are thermal resistances be-
tween the core-surface, surface-coolant, and coolant-ambient nodes, respectively. In the 
simplified simulation, the coolant node may be treated as a controlled boundary condi-
tion: 

,cool cool setT T=  (37) 

which reduces the thermal network to a two-state core-surface model. This assumption is 
reasonable for controller-development simulation when the cooling system is not the 
main object of study. However, for final validation or hardware-oriented studies, coolant 
flow rate, inlet temperature, heat exchanger dynamics, and spatial pack gradients should 
be included [20,24,27]. 

The thermal model supplies cT  to the LUTs and the estimator. As a result, the con-
troller can reduce charging current when predicted temperature approaches the thermal 
limit. The model also allows the EKF to estimate the internal core temperature from meas-
urable or estimated signals such as pack current, terminal voltage, and surface tempera-
ture. 

2.4.5. Aging and Degradation Indicator Based on Internal Resistance Growth 

Battery degradation during fast charging is represented using a simplified internal 
resistance growth indicator. The objective is not to reproduce all electrochemical aging 
mechanisms in detail, but to include a control-relevant aging signal that reflects increasing 
electrical loss and reduced battery health. In BMS-oriented EV applications, degradation-
related indicators are important because battery health affects protection, charging super-
vision, and allowable operating conditions [1]. Internal resistance is a practical model-
based variable because it directly influences terminal-voltage response and can be incor-
porated into battery state estimation frameworks [23]. For charger-level evaluation, re-
sistance growth is also relevant because it increases electrical loss and thermal stress dur-
ing charging operation [25]. Battery-modeling and SOC/SOH estimation studies further 
support the use of resistance-related parameters as indicators of battery health degrada-
tion [28]. 

The total pack resistance used in the degradation indicator is written as 

int, 0, ,( ) ( , ) ( )pack pack c SEI packR t R z T R t= +  (38) 

where ,SE I packR   is an additional aging-related resistance term. The resistance-based 
degradation index is defined as 

, ,

,

( ) (0)
( ) 100%

(0)
int pack int pack

R
int pack

R t R
DI t

R
−

= ×  (39) 

For a more compact state variable, the aging resistance may be updated using 

, ,( ) ( ) | | exp ( )
( 273.15)

a
SEI pack SEI pack R b

g c

ER t t R t k I g z t
R T

α  
+ Δ = + − Δ +  

 (40) 
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where Rk  is an aging-rate coefficient, α  is a current-stress exponent, aE  is an activa-

tion energy term, gR   is the universal gas constant, and ( )g z   is an SOC-dependent 
stress factor. In the current simulation, the aging indicator is used mainly for comparison 

between charging strategies. Therefore, Rk , α , aE , and ( )g z  may be calibrated later 
using cycle-aging test data or manufacturer data. 

The degradation indicator is linked to heat generation and control constraints in two 

ways. First, as ,int packR   increases, 
2
bI R   loss increases for the same charging current. 

Second, the NMPC can include aging-related penalties or constraints to avoid aggressive 
current profiles that create excessive thermal and resistance growth stress. This makes the 
model suitable for evaluating whether an optimized charging strategy provides benefits 
beyond simple current tracking. 

2.5. Baseline Double-Loop PI Controller 

The baseline charging controller is based on a conventional cascaded double-loop PI 
structure. This control architecture is widely used in power electronic converters because 
it is simple, computationally light, and easy to tune around a nominal operating point. In 
the proposed IBC, the double-loop PI controller is applied to both the AC-DC front-end 
and the DC-DC charging stage. The AC-DC stage regulates the DC-link voltage and 
shapes the grid current, whereas the DC-DC stage regulates the battery charging current 
and limits the battery terminal voltage. 

For the AC-DC stage, the outer voltage loop compares the measured DC-link voltage 

dcV  with its reference 
ref
dcV . The output of this loop determines the amplitude of the 

grid-current reference. A grid-synchronized sinusoidal reference is then generated using 
a phase-locked loop (PLL): 

( ) sin( )ref ref
g g gi t I θ=  (41) 

where 
ref
gI  is the current amplitude generated by the voltage PI controller and gθ  is the 

grid phase angle estimated from the PLL. The inner current loop regulates the measured 

grid current gi  to follow 
ref
gi . The general PI control law is written as 

0
( ) ( ) ( )

t

p iu t K e t K e dτ τ= +   (42) 

where ( )e t  is the control error, pK  is the proportional gain, and iK  is the integral 
gain. In a digital controller, (42) is implemented in discrete time as 

0
[ ] [ ] [ ]

k

p i s
j

u k K e k KT e j
=

= +   (43) 

where sT  is the controller sampling time. 
For the DC-DC bidirectional buck–boost stage, the outer loop typically compares the 

measured battery voltage bV  with the maximum allowable battery voltage 
max
bV , while 

the inner loop regulates the battery current bI   to track the charging current reference 
ref
bI . In constant-current operation, the voltage loop remains inactive or weakly active un-

til the pack voltage approaches its limit. When bV  approaches 
max
bV , the voltage loop 

reduces the current command and the charger naturally transitions toward constant-volt-
age behavior. 
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The double-loop PI controller is used as the benchmark in this research because it 
represents a common industrial control method for converter regulation. However, it has 
two important limitations for battery-aware charging. First, PI control is normally tuned 
around a limited operating range and does not explicitly predict future SOC, temperature, 
or voltage constraints. Second, it does not directly optimize charging performance under 
multiple battery constraints. These limitations motivate the use of NMPC in the proposed 
controller. 

To ensure a fair comparison with the proposed NMPC–EKF–LUT controller, the 
baseline PI controller was tuned using the same converter parameters, battery pack model, 
sampling conditions, current limits, voltage limits, and operating scenarios. The PI gains 
were not intentionally detuned. The inner current loops were tuned first to provide stable 
and fast current tracking without excessive duty-cycle oscillation. The outer voltage loops 
were then tuned with a slower bandwidth to maintain DC-link or battery-voltage regula-
tion while avoiding interaction with the inner current loops. Saturation and anti-windup 
limits were applied consistently with the current, voltage, and duty-cycle limits used in 
the NMPC formulation. 

The PI controller is therefore used as a properly tuned converter-level benchmark. Its 
role is to represent conventional voltage and current regulation performance under the 
same plant and operating constraints. In contrast, the proposed NMPC–EKF–LUT con-
troller extends this baseline by adding predictive constraint handling, estimated internal 
battery states, and SOC- and temperature-dependent battery parameters. 

2.6. NMPC Formulation for Battery-Aware Charging 

Model predictive control (MPC) is an optimization-based control method in which a 
dynamic model is used to predict future system behavior over a finite prediction horizon. 
At each sampling instant, the controller solves an optimization problem, applies only the 
first control action, and then repeats the calculation at the next sampling instant using 
updated measurements. This receding-horizon principle allows the controller to handle 
constraints explicitly and to balance competing objectives such as fast charging, voltage 
limitation, thermal safety, and aging reduction [29–32]. 

In nonlinear model predictive control (NMPC), the prediction model and/or con-
straints are nonlinear. This is especially suitable for lithium-ion battery charging because 
the battery voltage, open-circuit voltage, internal resistance, heat generation, and aging 
behavior are nonlinear functions of SOC, temperature, current, and operating history 
[14,33–35]. In this work, the NMPC uses a control-oriented battery model and charger 
model to determine the future charging current or converter duty-related command while 
respecting battery constraints. 

The nonlinear state vector can be written as 

,1 ,2

T

p p c s SEIx SOC v v T T R =    (44) 

where S O C  is the battery state of charge, ,1pv  and ,2pv  are the polarization voltages 

of the equivalent circuit model, cT  and sT  are the battery core and surface temperatures, 

and SEIR   is the degradation-related resistance state. The manipulated variable is se-
lected as the battery charging current reference: 

ref
bu I=  (45) 

For the average model, the current reference is mapped into the DC-DC converter 
through a control-level current loop. For the switching model, the current command is 
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converted into a duty command and then into complementary PWM signals for the 
MOSFET-based bidirectional buck–boost converter. 

The nonlinear prediction model is expressed in compact form as 

1 ( , , )k k k kx f x u p+ =  (46) 

( , , )k k k ky h x u p=  (47) 

where kp  contains measured or estimated parameters such as DC-link voltage, coolant 
temperature, LUT-based battery parameters, and operating limits. The output vector used 
by the controller is 

T

b b c gen inty SOC V I T Q R =  
  (48) 

The finite-horizon NMPC optimization problem is formulated as 

( ) ( ) ( ) ( )
1

2 2 2 2
, , , , , ,

1 0

min
p cN N

U soc ref k i k i I b k i b ref k i T c k i c ref u k i
i i

J w SOC SOC w I I w T T w u
−

Δ + + + + + Δ +
= =

= − + − + − + Δ 
    (49) 

subject to 

, ,0 b k i b maxI I+≤ ≤  (50) 

,
max

b k i bV V+ ≤  (51) 

,
max

c k i cT T+ ≤  (52) 

target
k iSOC SOC+ ≤  (53) 

0 k i maxd d+≤ ≤  (54) 

Here pN  is the prediction horizon, cN  is the control horizon, d  is the converter 

duty command, and socw , Iw , Tw , and uwΔ  are weighting factors. The final tuning 
values and operating limits are summarized later in the Results Section so that the com-
parison between controllers can be presented clearly. 

For the proposed IBC, the main advantage of NMPC is that the charging decision is 
not made from current error alone. Instead, the controller predicts whether the present 
charging action will violate voltage, SOC, temperature, or aging-related constraints in the 
future. This is important for battery management because a current command that is ac-
ceptable at the present time may become unsafe or inefficient as the pack voltage ap-
proaches its limit, as the internal temperature increases, or as the impedance changes with 
SOC and temperature. 

2.7. EKF-Based Joint Estimation of SOC and Thermal State 

Accurate battery state estimation is essential for battery-aware charging. SOC cannot 
be directly measured by a physical sensor, and the battery core temperature is normally 
not directly available in a production pack. Therefore, this study applies an EKF to esti-
mate SOC and the internal thermal state from measurable signals such as pack current, 
pack voltage, and surface or coolant temperature. The EKF is suitable for this application 
because it extends the linear Kalman filter to nonlinear systems through local linearization 
[23,36–38]. 

The nonlinear discrete-time battery estimation model is expressed as 
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( )1 1 1  ,   k k k kx f x u w− − −= +  (55) 

( )  ,   k k k ky h x u v= +  (56) 

where kx  is the EKF state vector, ku  is the known input vector, ky  is the measurement 

vector, kw   is the process noise, and kv   is the measurement noise. The process and 
measurement noises are assumed to be zero-mean with covariance matrices Qk and Rk, 
respectively. In this study, the EKF state vector is defined as 

, ,[ , , ]Tk k c k gen kx SOC T Q=  (57) 

where SOCk is the battery state of charge, Tc,k is the battery core temperature, and Qgen,k is 
the estimated heat generation term. The known input vector is written as 

, ,[ , ]Tk b k cool ku I T=  (58) 

where Ib,k is the measured battery charging current and Tcool,k represents the coolant or am-
bient thermal boundary condition used in the battery thermal model. The measurement 
vector is selected as 

, ,[ , ]Tk b k s ky V T=  (59) 

where Vb,k is the measured pack terminal voltage and Ts,k is the measured or simulated 
battery surface temperature. If a surface-temperature sensor is not available, the EKF can 
still estimate SOC using voltage and current, but the thermal state becomes less observable 
and stronger model assumptions are required. 

The EKF prediction step is given by 

| 1 1| 1 1ˆ ˆ( , )k k k k kx f x u− − − −=  (60) 

| 1 1| 1
T

k k k k k k kP A P A Q− − −= +  (61) 

where P  is the state covariance matrix, Q is the process-noise covariance matrix, and 

1| 1 1ˆ ,k k k

k
x u

fA
x

− − −

∂=
∂

 (62) 

is the Jacobian matrix of the nonlinear state model. The measurement update is 

( ) 1

| 1 | 1
T T

k k k k k k k k kK P H H P H R
−

− −= +  (63) 

( )| | 1 | 1ˆ ˆ ˆk k k k k k k kx x K y y− −= + −  (64) 

| | -1( - )k k k k k kP I K H P=  (65) 

where R  is the measurement-noise covariance matrix and 

| 1ˆ ,k k k

k
x u

hH
x

−

∂=
∂

 (66) 

kH  is the Jacobian matrix of the measurement model. 
In the proposed NMPC–EKF–LUT model, the EKF, LUT-based ECM parameter up-

date, and NMPC optimizer are coupled through measured signals and estimated internal 
battery states, as shown in Figure 5. The measured battery voltage, charging current, sur-
face temperature, and DC-link voltage are used by the EKF to estimate SOC, core temper-
ature, and heat generation. The estimated SOC and core temperature are then used to 
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update the LUT-based ECM parameters, including OCV, R0, R1, C1, R2, and C2. These up-
dated parameters, together with the estimated states, measured signals, and operating 
constraints, are supplied to the NMPC optimizer to predict the future battery response 
and compute a feasible charging current or duty-related command. The command is con-
verted by the PWM generation block into switching signals for the bidirectional DC–DC 
converter. This estimation–control integration enables the charger model to account for 
internal battery state variation and operating-condition-dependent parameters, instead of 
relying only on measured terminal voltage and current feedback. 

 

Figure 5. Detailed controller–estimator workflow of the proposed NMPC–EKF–LUT strategy for the 
battery-side DC–DC charging stage. The measured signals from the battery-side plant, including 
battery voltage, charging current, surface temperature, and DC-link voltage, are used for state esti-
mation and predictive control. The EKF estimates the internal battery states, including SOC, core 
temperature, and heat generation. The LUT-based ECM block updates the OCV and impedance 
parameters according to the estimated SOC and temperature. These estimated states, updated 
model parameters, measured signals, and operating constraints are supplied to the NMPC opti-
mizer to generate a constraint-aware charging current or duty-related command, which is converted 
into gate signals by the PWM generation block. The arrows indicate the direction of measurement, 
estimation, parameter-update, control-command, and feedback signal flow among the functional 
blocks. 

2.8. 3-D Finite Element Method for Induction Motor Thermal Model 

In the proposed IBC, the stator windings of a three-phase induction motor are used 
as part of the grid-connected AC-DC charging stage. Although the motor is not used to 
produce traction torque during charging, the stator windings still conduct current and 
therefore generate heat. The motor thermal condition is important because the IBC con-
cept shares hardware between traction and charging. If the motor has been operated at 
high load before charging, the initial temperature of the stator, rotor, and housing may 
already be elevated. For this reason, a 3-D FEM thermal assessment is included to evaluate 
whether the stator-assisted charging operation produces acceptable temperature rise un-
der two cases: charging from an initially cool motor and charging after a one-hour full-
load motor operation [39,40]. 
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The transient heat conduction problem in a solid domain is governed by [41,42] 

( )p
Tc k T q
t

ρ ∂ = ∇ ⋅ ∇ +
∂

  (67) 

where ρ  is material density, pc  is specific heat capacity, T  is temperature, k  is ther-

mal conductivity, and q  is volumetric heat generation. 
The heat generation term is obtained from electromagnetic or circuit-derived losses 

[43]. These losses are then distributed over the corresponding motor regions, such as sta-
tor windings, stator core, rotor core, rotor bars, and housing interfaces. 

For boundary surfaces exposed to air or cooling flow, the convective boundary con-
dition is 

( )s ambk T n h T T− ∇ ⋅ = −  (68) 

where h  is the convective heat transfer coefficient, sT  is surface temperature, and ambT  
is ambient temperature. Radiation may be included as 

( )4 4( )s amb s ambk T n h T T T Tεσ− ∇ ⋅ = − + −  (69) 

where ε  is surface emissivity and σ  is the Stefan–Boltzmann constant. In this study, 
convection is the primary boundary mechanism, while radiation can be included as an 
optional refinement if the motor surface temperature becomes high. 

The internal heat source of the induction motor is calculated from the electrical losses 
of the motor. In the charging mode, the stator winding is used as an inductive element in 
the AC-DC stage. Therefore, the most direct heat source is the stator copper loss: 

2
, ,3cu s ph rms sP I R=  (70) 

where ,ph rmsI  is the RMS current through each stator phase and sR  is the temperature-
dependent stator phase resistance. 

When the charging current produces significant alternating magnetic flux in the mo-
tor core, iron losses should also be included. A simplified Steinmetz-type expression may 
be used: 

2 2
fe h pk e pkP k fB k f Bβ= +  (71) 

where hk  and ek  are hysteresis and eddy-current coefficients, f  is frequency, pkB  is 

peak flux density, and β  is a material-dependent exponent. If electromagnetic FEM is 
available, the iron loss density can be imported directly into the thermal FEM model. 

For conventional motoring operation, rotor copper loss and mechanical loss may be 
estimated using the induction motor equivalent circuit: 

2 2
23ag
RP I
s

′
′=  (72) 

2
, 2 23cu rP I R′ ′=  (73) 

,(1 - ) -mech ag rot lossP s P P=  (74) 

where 2I   is the rotor current referred to the stator side, 2R ′   is the referred rotor re-
sistance, and s  is slip. During stationary charging operation, the actual rotor loss de-
pends on the selected IBC winding connection, magnetic coupling, and whether the charg-
ing control suppresses torque-producing fields. Therefore, rotor heat sources should ei-
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ther be obtained from electromagnetic simulation or bounded using conservative assump-
tions. 

The total motor heat source used in the thermal FEM is 

, , ,total cu s fe s cu r additionalq q q q q= + + +      (75) 

The final 3-D thermal FEM simulation therefore uses the loss-to-volume mapping: 

,   {stator winding, stator core, rotor}j
j

j

P
q j

V
= ∈  (76) 

3. Results 
This section presents the simulation results of the charging circuits and electric motor 

evaluated under various predefined operational scenarios. The integrated simulation 
framework was developed using MATLAB and Simulink, coupling the electrical perfor-
mance model with a finite element method (FEM)-based thermal model. The following 
subsections detail the conventional procedures, dynamic responses, high initial condi-
tions and temperature distributions obtained from each scenario. 

3.1. Simulation Architecture and Evaluation Protocol 

The proposed integrated battery charger (IBC) was evaluated for a single-phase elec-
tric-vehicle charging architecture in which the stator windings of a three-phase 90 kW 
induction motor are used as part of the charging power path. The front-end AC-DC stage 
was implemented as a bridgeless totem-pole power-factor-correction (BLTP-PFC) con-
verter, while the downstream DC-DC stage was configured as a bidirectional buck–boost 
converter connected to a 400 V, 48 kWh Li-ion LFP battery pack. Two grid-limited charg-
ing ratings were investigated: 7 kW at 230 V/32 A and 22 kW at 230 V/96 A. The DC-DC 
charging controller was evaluated using two strategies: a conventional double-loop PI 
controller and the proposed NMPC + EKF + LUT framework. 

The evaluation was divided into three groups. First, average-model simulations were 
used to establish the constant-current charging baseline and to evaluate battery-manage-
ment scenarios. Second, switching-model simulations were used to evaluate dynamic con-
straint response under step-current commands and grid-voltage sag. Third, the average 
model was used to evaluate operating in high-initial-SOC and high-ambient-temperature 
conditions. The three-dimensional finite element method (FEM) simulations were used to 
quantify the temperature distribution inside the induction motor during charging-only 
operation, full-load motor operation, and charging immediately after one hour of full-load 
motor operation. 

Five operating scenarios were applied to both controller configurations, as summa-
rized in Table 3. 

The principal circuit and control parameters are listed in Tables 4–7. The public data 
for the battery pack utilized in this study specifies pack-level parameters, including the 
nominal capacity, chemistry, and 400 V architecture. However, internal topologies, open-
circuit voltage (OCV) lookup tables (LUTs), impedance LUTs, and detailed thermal net-
works are not publicly disclosed by the manufacturer. Consequently, the equivalent cir-
cuit model (ECM) and thermal parameters used herein were derived via engineering es-
timations based on commercial Lithium Iron Phosphate (LFP) cell data and further cali-
brated for the simulation environment. These values represent synthesized engineering 
data rather than the manufacturer’s proprietary information [44]. 
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Table 3. Operating scenarios. 

Scenario Purpose Main Disturbance or Condition Expected Controller Response 

Normal charging Baseline validation Rated grid voltage and nominal 
charging command 

Stable current tracking and acceptable 
DC-link ripple 

Step-current 
charging 

Dynamic command 
response 

Increase in charging current 
demand 

Smooth transition without exceeding 
input-power/current limits 

Grid-voltage 
drop 

Input constraint 
validation 

Temporary grid-voltage 
reduction 

Reduction or limitation of battery current 
to prevent grid overcurrent 

High initial SOC Battery-management 
validation 

Higher initial battery 
voltage/SOC 

Adjusted duty and current demand 
consistent with battery voltage 

High ambient 
temperature 

Thermal constraint 
validation 

Elevated ambient/coolant 
temperature 

Temperature-aware control margin and 
thermal-limit compliance 

Table 4. IBC system parameters. 

Parameter Symbol 7 kW Case 22 kW Case Unit 
Grid voltage gridV  230 230 V rms 

Grid-current limit ,grid maxI  32 96 A rms 

Nominal charging power ,in maxP  7 22 kW 

DC-link reference ,dc refV  500 500 V 

Battery energy battE  48 48 kWh 
Battery architecture - 120s1p 120s1p - 

Battery voltage range battV  400 400 V 

Maximum battery temperature ,batt m axT  45 45 C 

AC-DC inductor sL  0.8365 0.8365 mH 

DC-link capacitor dc linkC −  2400 2400 uF 

DC-DC inductor dcL  2.2883 2.2883 mH 

Output capacitor oC  21,850 21,850 uF 

Switching frequency swf  10 10 kHz 
Target efficiency η  ≥95 ≥95 % 

Table 5. Battery pack parameters [45]. 

Parameter Symbol Value Unit 
Cell chemistry - LFP - 

Cell nominal voltage ,cell nomV  3.2 V 

Cell capacity cellQ  125 Ah 

Series cells sN  120 - 

Parallel strings pN  1 - 

Pack nominal voltage ,pack nomV  384 V 

Pack nominal capacity packQ  125 Ah 

Pack nominal energy packE  48.0 kWh 

Cell maximum voltage ,cell maxV  3.65 V 

Cell minimum voltage ,ce ll m inV  2.50 V 

Pack maximum voltage ,pack maxV  438 V 

Pack minimum voltage ,pack minV  300 V 
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Initial SOC 0SOC  20 % 

Target SOC targetSOC  80 % 

Table 6. Synthesized pack-level ECM and thermal parameters used in the control-oriented LFP bat-
tery model. 

Parameter Symbol Value Unit 
Ohmic resistance 0, packR  0.040 Ω  

Short RC resistance 1, packR  0.012 Ω  
Short RC capacitance 1, packC  25,000 F 

Long RC resistance 2, packR  0.006 Ω  
Long RC capacitance 2, packC  120,000 F 

Bus/tab/contact resistance ,tab busR  0.006 Ω  
Initial degradation resistance ,0seiR  0.004 Ω  

Maximum degradation resistance ,sei M axR  0.030 Ω  

Core heat capacity coreC  3.2 × 105 J/°C 

Surface heat capacity surfC  1.8 × 105 J/°C 

Core-surface thermal resistance ,core SurfR  0.035 °C/W 
Surface-coolant thermal re-

sistance ,surf CoolR  0.040 °C/W 

Table 7. Implemented cell-level OCV–SOC lookup table and SOC–temperature interpolation grid 
for the synthesized LFP battery model. 

SOC 0 0.05 0.10 0.20 0.30 0.40 0.50 0.60 0.70 0.80 0.90 1.00 

cellOCV  * (V) 2.80 3.05 3.18 3.25 3.285 3.300 3.310 3.320 3.335 3.350 3.420 3.560 
Temperature grid for ECM LUT, Tc (°C) 0, 10, 25, 35, 45, 55 

* The OCV values represent the implemented control-oriented OCV–SOC map used in the simula-
tion. The temperature grid defines the SOC–temperature interpolation breakpoints used for the 
LUT-based ECM parameters. These values are not claimed to be proprietary manufacturer charac-
terization data. 

To improve transparency of the implemented ECM/LUT data, the battery parameters 
used in this simulation are separated into three levels. First, the public battery information 
is used only to define the cell chemistry, nominal cell voltage, cell capacity, series–parallel 
configuration, and pack-level specification summarized in Table 5. Second, the OCV–SOC 
profile implemented in the control-oriented battery model is reported explicitly in Table 
7. Third, the impedance and thermal parameters used by the second-order ECM and ther-
mal network are summarized as pack-level synthesized parameters in Table 6. Therefore, 
Tables 5–7 should be interpreted together as the implemented battery data set for the sim-
ulation study, rather than as a complete manufacturer characterization data set. 

The SOC window from 20% to 80% was selected as a representative charging range 
for evaluating the control performance of the proposed IBC system. This range avoids the 
strongly nonlinear low-SOC and high-SOC regions, where voltage limits, resistance vari-
ation, and aging-related constraints become more dominant [1,4]. The selected window 
also reduces the influence of extreme OCV curvature and impedance variation near the 
SOC boundaries, allowing the comparison to focus on feasible current regulation, state 
estimation, and constraint handling [19,21]. In this study, the objective is to compare the 
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baseline PI controller and the proposed NMPC–EKF–LUT controller within the main us-
able SOC region, rather than to design a complete commercial 0–100% charging protocol. 

Although the dynamic charging simulations are evaluated over the 20–80% SOC win-
dow, the implemented OCV–SOC LUT covers the full 0–100% SOC range, as listed in Ta-
ble 7. This full-range LUT is used to represent the nonlinear OCV behavior outside the 
selected evaluation window and to support additional high-SOC verification cases. There-
fore, the 20–80% range should be interpreted as the selected control-performance evalua-
tion window, while the underlying LUT-based battery model remains defined over the 
full SOC range. 

At the simulation level, the implemented ECM/LUT data are verified using the ter-
minal-voltage response, SOC trajectory, and EKF estimation errors obtained from the 
charging scenarios. The voltage response is used to confirm that the synthesized OCV and 
impedance parameters produce a physically consistent 400 V LFP pack behavior during 
constant-current charging. The EKF-based SOC and core-temperature estimation errors 
are used to verify that the battery model provides sufficient state information for the pro-
posed NMPC–EKF–LUT controller comparison. 

To verify the implemented ECM/LUT data used in the control-oriented LFP battery 
model, the OCV–SOC profile and terminal-voltage response were examined, as shown in 
Figure 6. The implemented OCV–SOC curve reflects the characteristic voltage plateau of 
an LFP cell, while the simulated terminal-voltage responses under 7 kW and 22 kW charg-
ing increase smoothly within the expected operating range of the 400 V-class battery pack. 
This verification confirms that the synthesized OCV and ECM parameters provide physi-
cally consistent voltage behavior for the subsequent controller-comparison study. 

 

Figure 6. ECM/LUT verification results for the synthesized LFP battery model: (a) implemented full-
range OCV–SOC lookup curve from 0% to 100% SOC and (b) simulated pack terminal-voltage re-
sponse during 7 kW and 22 kW normal-charging operation. In panel (a), circular markers represent 
the cell-level OCV data points, whereas square markers represent the corresponding pack-level 
OCV data points used to construct the LUT. The full-range OCV–SOC curve verifies that the LUT 
covers the complete SOC domain, although the controller-performance comparison is evaluated 
over the representative 20–80% SOC window. 

The EKF configuration used for battery state estimation in the simulation is summa-
rized in Table 8. The table reports the estimated states, known inputs, measured outputs, 
covariance matrices, initial conditions, sampling time, and estimation-error indicators 
used to evaluate the estimator. This information complements the EKF formulation in Sec-
tion 2.7 and clarifies the numerical implementation of the NMPC–EKF–LUT framework. 
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Table 8. EKF configuration used for battery state estimation. 

Item Symbol Implemented Setting/Description 
State vector 𝑥௞ [𝑆𝑂𝐶௞,𝑇௖,௞,𝑄௚௘௡,௞]் 

Known input vector 𝑢௞ [𝐼௕,௞,\ 𝑇௖௢௢௟,௞]் 
Measurement vector 𝑦௞ [𝑉௕,௞,𝑇௦,௞]் 

Process-noise covariance 𝑄௞ diag([2 × 10−10, 5 × 10−5, 2.0 × 103]) 
Measurement-noise covariance 𝑅௞ diag([3.02, 0.122]) 

Initial covariance 𝑃଴ diag([0.0022, 0.82, 25002]) 

Initial state 𝑥ො{଴ ଴} [0.20, 25, 0]் for the normal-charging case, [0.70, 25, 0]் for the high-initial-SOC case,  [0.20, 40, 0]் for the high-ambient-temperature case 

Sampling time 𝛥𝑡ா௄ி 1.0 s (for the average model) 
100 µs (for the switching model) 

Estimated outputs — 𝑆𝑂𝐶, 𝑇௖, 𝑄௚௘௡ 

Error indicators — SOC MAE, SOC RMSE, SOC maximum error,  𝑇௖MAE, 𝑇௖RMSE, 𝑇௖maximum error 

The implemented ECM/LUT data and their identification basis are summarized in 
Table 9. The table distinguishes between publicly available battery specifications, imple-
mented OCV–SOC data, synthesized ECM and thermal parameters, and simulation-level 
verification outputs. This clarification is provided to ensure that the battery model used 
in this study is interpreted as a control-oriented simulation model rather than proprietary 
manufacturer characterization data. 

Table 9. Summary of implemented ECM/LUT data and identification basis for simulation. 

Model Item Implemented Identification or Calibration Basis Role in Verification 

Pack specification Table 5 Public cell/pack-level specification [45] 
Defines 120s1p, voltage, capacity, and  

energy 

OCV LUT Table 7 
Synthesized OCV–SOC map for control-

oriented applications [19] Verifies terminal-voltage trend 𝑅଴ Table 6 Pack-level synthesized ohmic  
resistance [44] 

Instantaneous voltage drop and heat  
generation 𝑅ଵ, 𝐶ଵ Table 6 Short-term polarization branch [21,22] Fast voltage-transient response 𝑅ଶ, 𝐶ଶ Table 6 Medium-term polarization branch [21,22] Slower voltage recovery behavior 

Thermal  
parameters Table 6 

Synthesized thermal-network  
parameters [20,24] 

𝑇஼ estimation and thermal-limit  
checking 

EKF verification Figure 6 Simulation-level estimation check SOC and 𝑇஼ estimation errors 

The PI controller settings used for the baseline comparison are summarized in Table 
10. The PI controller was tuned using the same converter parameters, battery model, op-
erating limits, and test scenarios as the proposed NMPC–EKF–LUT controller. The tuning 
was performed by first stabilizing the inner current loops and then adjusting the outer 
voltage loops to avoid interaction with the faster inner-loop dynamics. The same current, 
voltage, and duty-cycle saturation limits were applied to both controllers to ensure a con-
sistent comparison. 

Table 10. PI controller parameters and tuning principles used for the baseline comparison. 

Converter Stage Control Loop Controlled  
Variable 

Reference/Limit Kp Ki Tuning Principle 

AC-DC  
converter 

Outer voltage 
loop 

VDC VDC,ref = 500 V 1 25 Slower loop for DC-link regula-
tion 
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AC-DC  
converter 

Inner current 
loop 

Ig Ig,ref, Igrid,max 2 100 Faster loop for grid-current 
tracking 

DC-DC  
converter 

Outer voltage-
limit loop 

Vb Vb,max = 438 V 1 25 Activated near battery-voltage 
limit 

DC-DC  
converter 

Inner current 
loop Ib Ib,ref 2 50 

Main charging current tracking 
loop 

PI limiter/ 
saturation Saturation block 

Duty/current  
command Duty = [0, 0.95] — — 

Prevents unfair overcurrent or 
overvoltage operation 

Note: The listed PI gains are normalized simulation gains used in the implemented MATLAB/Sim-
ulink control model. The PI controller and the proposed NMPC–EKF–LUT controller were evalu-
ated using the same converter parameters, battery model, current limits, voltage limits, duty-cycle 
limit, and operating scenarios. Controller sampling time: 100 µs for the switching model and 1.0 s 
for the average supervisory model. 

3.2. Normal-Charging Baseline 

Figure 7 summarizes the normal-charging response of the proposed IBC system un-
der 7 kW and 22 kW constant-current charging conditions. For both the baseline PI con-
troller and the proposed NMPC–EKF–LUT controller, the battery SOC increases nearly 
linearly from 20% to 80%. The target SOC is reached after approximately 275 min in the 7 
kW case and approximately 90 min in the 22 W case. The shorter charging duration in the 
22 kW case is consistent with the higher charging current. 

 

Figure 7. Normal-charging summary of the baseline PI controller and the proposed NMPC–EKF–
LUT controller under 7 kW and 22 kW operation: (a) SOC response, (b) battery terminal voltage, 
and (c) battery charging current. Both controllers achieve stable constant-current charging under 
nominal feasible conditions. The 22 kW case reaches the target SOC faster than the 7 kW case be-
cause of the higher charging current, while the PI and NMPC–EKF–LUT responses remain close 
because the voltage, current, SOC, and thermal constraints are not strongly activated in this nominal 
case. 

The battery terminal voltage increases smoothly from approximately 391 V to 403 V 
in the 7 kW case and from approximately 393 V to 406 V in the 22 kW case, reflecting the 
normal-charging behavior of the LFP battery pack. The battery current remains close to 
the constant-current reference values of approximately 17 A and 52 A for the 7 kW and 22 
kW operating modes, respectively. The PI and NMPC–EKF–LUT responses are very sim-
ilar under this nominal condition because the requested charging current remains feasible 
and the voltage, current, SOC, and thermal constraints are not strongly activated. 

Figure 8 verifies the EKF-based battery state estimation performance of the proposed 
controller. The estimated SOC and core temperature closely follow the corresponding ref-
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erence states for both charging powers. The estimated core temperature remains below 
27.5 °C, which is significantly lower than the imposed 45 °C thermal limit. The SOC esti-
mation error remains bounded, with maximum values of approximately 1.3% and 2.0% 
for the 7 kW and 22 kW cases, respectively, while the core-temperature estimation error 
rapidly converges to a near-zero value. These results indicate that the EKF provides suffi-
ciently accurate internal battery state information for the NMPC constraint layer. 

 

Figure 8. EKF-based battery state estimation verification of the proposed NMPC–EKF–LUT frame-
work under 7 kW and 22 kW normal-charging operation: (a) core-temperature estimation, and (b) 
SOC and core-temperature estimation errors. The EKF closely follows the reference SOC and core-
temperature states, while the estimation errors remain bounded throughout charging. 

3.3. Dynamic Constraint Response 

The step-current scenario was used to evaluate the transient response of the charging 
system when the demanded battery current is increased during operation. As shown in 
Figure 9, both the baseline PI controller and the proposed NMPC–EKF–LUT controller 
exhibit stable current transitions under the 7 kW and 22 kW operating conditions. The 
battery current increases from approximately 12 A to 18 A in the 7 kW case and from 
approximately 40 A to 54 A in the 22 kW case. The corresponding current-tracking errors 
remain bounded, while the duty command stays within the allowable range. 

The switching-model results in Figure 9 show that the PI and NMPC–EKF–LUT re-
sponses are very similar under the step-current condition. This similarity is expected be-
cause both controllers are evaluated using the same converter parameters, current limits, 
duty-cycle limits, and final feasible current schedule. The maximum current-tracking er-
rors are approximately 0.6055 A and 1.5139 A for the 7 kW and 22 kW cases, respectively. 
Therefore, the step-current test is interpreted primarily as a validation of transient electri-
cal feasibility and current-tracking stability, rather than as the sole evidence of controller 
superiority. 

The grid-voltage-drop scenario was used to test input-constraint enforcement under 
reduced available grid-side power. As shown in Figure 10a, the grid voltage is reduced 
from 230 V to 200 V during the disturbance interval. Because the allowable grid current is 
limited, the charging current must be reduced to avoid exceeding the grid-side current 
constraint. Figure 10b shows that the battery current decreases during the voltage-drop 
interval and returns to its nominal level after the grid voltage recovers. The inset in Figure 
10b highlights the current-reduction behavior in the 22 kW case. 
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Figure 9. Representative step-current response of the baseline PI controller and the proposed 
NMPC–EKF–LUT controller under 7 kW and 22 kW operation: (a) battery-current response, (b) cur-
rent-tracking error, (c) duty command, and (d) DC-link voltage ripple. The figure verifies the dy-
namic feasibility of both controllers under a changing current command and shows the correspond-
ing converter-level response. 

Figure 10c shows that the grid-current envelope remains within the intended current-
limited region for both charging-power levels. The 7 kW case operates near the 32 A grid-
current limit, whereas the 22 kW case operates near the 96 A limit. The current-tracking 
error in Figure 10d increases mainly during the disturbance transitions at approximately 
10 s and 20 s, reflecting the temporary adjustment of the feasible charging current com-
mand. The larger transient error in the 22 kW case is associated with the higher charging 
current and stronger input-power constraint during the voltage drop. 

Overall, the dynamic tests indicate that the proposed NMPC–EKF–LUT controller 
and the baseline PI controller provide similar switching-level behavior when the same 
feasible current trajectory and converter constraints are applied. The main implication of 
the grid-voltage-drop case is that the charging command must be adjusted when the avail-
able input power decreases. Therefore, this scenario supports the importance of explicit 
input-power and grid-current constraints in the proposed charging-control framework. 
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Figure 10. Grid-voltage-drop constraint response of the baseline PI controller and the proposed 
NMPC–EKF–LUT controller under 7 kW and 22 kW operation: (a) grid-voltage disturbance, (b) bat-
tery-current response, (c) grid-current envelope or RMS response, and (d) current-tracking error. 
The figure verifies the input-constraint response when the available grid-side power is reduced, 
requiring the charging current to be adjusted to avoid grid-current-limit violation. 

3.4. Battery-Management-Oriented Scenarios 

Figure 11 summarizes the battery-management-oriented scenarios under high-ini-
tial-SOC and high-ambient-temperature conditions. The high-initial-SOC scenario was in-
cluded to examine the effect of a higher initial battery voltage on the charging process. As 
shown in Figure 11a, the battery terminal voltage increases gradually from approximately 
400 V to 405 V and remains well below the imposed maximum voltage limit of 438 V. The 
corresponding battery-current response in Figure 11b remains close to the commanded 
charging current level for both the baseline PI controller and the proposed NMPC–EKF–
LUT controller. This indicates that the high-initial-SOC condition does not activate strong 
voltage-limiting action within the simulated operating window. 

The high-ambient-temperature scenario was included to evaluate the thermal con-
straint behavior of the proposed controller. As shown in Figure 11c, the NMPC–EKF–LUT 
controller monitors the estimated battery core temperature and keeps it below the im-
posed thermal limit of 45 °C. The core temperature increases gradually from approxi-
mately 40 °C to below 42 °C during the simulated interval. The PI controller does not use 
temperature feedback or thermal-state estimation in its control loop. Figure 11d shows 
that the battery current remains close to the nominal charging level for both controllers, 
with only a slight reduction during the high-temperature case. 
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Figure 11. Battery-management-oriented constraint response under high-initial-SOC and high-am-
bient-temperature conditions: (a) battery-voltage response in the high-initial-SOC case, (b) battery-
current response in the high-initial-SOC case, (c) NMPC–EKF–LUT core-temperature response in 
the high-ambient-temperature case, and (d) battery-current response in the high-ambient-tempera-
ture case. The core-temperature trace is reported only for the proposed controller because the base-
line PI controller does not use temperature feedback or thermal-state estimation in the control loop. 

These results indicate that the tested high-SOC and high-ambient-temperature sce-
narios remain within the imposed voltage and thermal constraints. Therefore, severe volt-
age limiting or thermal derating is not activated in the short-duration simulation. The re-
sults should be interpreted as battery-constraint verification cases rather than as evidence 
of strong controller separation. A more pronounced difference between the PI controller 
and the proposed NMPC–EKF–LUT controller is expected under longer-duration charg-
ing, higher-power operation, or conditions closer to the voltage and thermal limits. 

To consolidate the results after reducing repeated figures, the main performance out-
comes of the baseline PI controller and the proposed NMPC–EKF–LUT controller are 
summarized in Table 11. The comparison includes normal-charging behavior, EKF esti-
mation accuracy, step-current response, grid-voltage-drop response, and battery-manage-
ment-oriented scenarios. The purpose of this table is not to claim that the proposed con-
troller outperforms the PI controller in every output variable. Instead, it clarifies which 
responses are mainly determined by the converter hardware and feasible current com-
mand and which responses benefit from the proposed constraint-aware supervisory con-
trol structure. 

Under nominal constant-current charging, both controllers produce similar SOC, 
voltage, and current responses because the requested charging current remains feasible 
and the battery constraints are not strongly activated. The main distinction of the pro-
posed NMPC–EKF–LUT controller is its ability to use EKF-estimated internal states, SOC- 
and temperature-dependent ECM parameters, and explicit voltage, current, SOC, input-
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power, and thermal constraints. Therefore, the proposed method is most relevant under 
constraint-sensitive operating conditions, such as grid-voltage reduction, high initial SOC, 
elevated ambient temperature, or operation near battery voltage and thermal limits. 

Table 11. Unified performance comparison between the baseline PI controller and the proposed 
NMPC–EKF–LUT controller. 

Scenario Key Metric PI NMPC–EKF–LUT Interpretation 
Normal charging, 

7 kW 
SOC target time Approx. 275 min Approx. 275 min Similar under feasible CC charging 

Normal charging, 
22 kW SOC target time Approx. 90 min Approx. 90 min Higher power reduces charging time 

Normal charging 
Voltage/current 

behavior Stable Stable 
Both controllers regulate the charger 

under nominal conditions 

EKF estimation SOC max. 
error 

N/A 1.3% at 7 kW; 
2.0% at 22 kW 

EKF provides SOC information for 
NMPC 

EKF estimation Tcore error N/A Near-zero 
convergence 

Supports thermal-state-aware control 

Step-current 
response 

Max. current 
error 

0.6055 A/ 
1.5139 A 

0.6055 A/ 
1.5139 A Similar switching-level response 

Grid-voltage drop 
Grid-current 

constraint 
Maintained 
near limit 

Maintained 
near limit Confirms input-constraint feasibility 

High initial SOC Battery 
voltage 

400–405 V; 
below 438 V 

400–405 V;  
below 438 V 

Voltage limit not strongly activated 

High ambient 
temperature 

Core 
temperature N/A 40–42 °C;  

below 45 °C 
Thermal state is monitored by proposed 

controller 

Overall 
Main 

advantage 
Simple local 
regulation 

Predictive constraint 
handling 

Benefit appears near operating 
constraints 

Note: N/A indicates that the corresponding internal state is not estimated or not directly used in the 
baseline PI control loop. Similar responses in nominal and short-duration switching tests are ex-
pected because both controllers are evaluated using the same converter parameters, battery model, 
operating limits, and feasible current commands. 

Table 11 shows that the PI controller and the proposed NMPC–EKF–LUT controller 
provide similar responses in nominal charging and short-duration switching tests. This 
result is expected because these cases do not strongly activate the voltage, SOC, or thermal 
constraint layers. Therefore, the similarity in SOC progression, current regulation, duty 
command, and DC-link ripple should not be interpreted as a weakness of the proposed 
method. Instead, it indicates that both controllers are electrically feasible under the same 
converter and operating conditions. 

The main benefit of the proposed controller is observed at the supervisory battery-
management level. The NMPC–EKF–LUT framework incorporates estimated SOC and 
thermal states, LUT-updated ECM parameters, and explicit operating constraints into the 
charging-command calculation. This structure provides a clearer mechanism for handling 
grid-side input limits, battery voltage limits, SOC boundaries, and thermal constraints 
than the baseline PI controller, which relies mainly on local voltage/current loops and ex-
ternal limiter logic. 

3.5. FEM-Based Motor Thermal Assessment 

The exported grid current was further used for the FEM-based thermal evaluation of 
the induction motor stator-assisted charging path. Two thermal cases were considered: 
charging from an initially cool motor and charging after one hour of full-load motor op-
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eration. The first case represents a parked vehicle that begins charging without prior trac-
tion operation. The second case represents a more severe condition in which residual heat 
from driving affects the motor temperature at the start of charging. 

The control simulation and the motor thermal simulation are connected at the power-
loss level. The Simulink charger model provides voltage, current, duty command, SOC, 
and battery thermal states. The induction motor thermal FEM uses the motor phase-cur-
rent information and per-phase equivalent circuit parameters to compute heat sources in 
the motor regions. FEM-based analysis is suitable for evaluating induction motor thermal 
behavior and spatial temperature distribution [46]. This separation is computationally ef-
ficient because the NMPC + EKF charging simulation can be performed in MATLAB/Sim-
ulink, while the detailed 3-D thermal distribution of the motor can be evaluated in FEM 
software MATLAB R2024a using selected operating points or time-series loss inputs. The 
heat-transfer formulation and boundary-condition treatment follow conventional ther-
mal-analysis principles and electric-machine thermal modeling approaches [47,48]. The 
coupled thermal-FEM modeling procedure is also consistent with recent conjugate heat-
transfer analysis of induction motors [48]. The thermal-model simulation parameters of 
the three-phase induction motor are listed in Table 12. 

Table 12. Thermal model of 3-phase induction motor parameters. 

Parameter Symbol Value Unit 
Motor rated power motorP  90 kW 

Grid frequency  gf  50 Hz 

Stator resistance  sR  0.0675 Ω/phase 

Stator reactance  sX  0.1265 Ω/phase 

Winding thermal conductivity WindingK  386 kg⋅m⋅s−3⋅K−1 

Winding specific heat capacity WindingC  385 J/(kg·K) 

Winding density Windingρ  8900 kg/m3 

Core thermal conductivity CoreK  39 kg⋅m⋅s−3⋅K−1 

Core specific heat capacity CoreC  470 J/(kg·K) 

Core density Coreρ  7700 kg/m3 

Shaft thermal conductivity ShaftK  50.2 kg⋅m⋅s−3⋅K−1 

Shaft specific heat capacity ShaftC  434 J/(kg·K) 

Shaft density Shaftρ  7850 kg/m3 

Air thermal conductivity AirK  0.03 kg⋅m⋅s−3⋅K−1 

Air specific heat capacity AirC  1013 J/(kg·K) 

Air density Airρ  1.164 kg/m3 

Natural heat convection coefficient ,v naturalh  10 W/m2K 

Forced heat convection coefficient ,v forcedh  150 W/m2K 

Ambient temperature  ambT  25, 40 °C 

Initial temperature 0T  25, 40 °C 

The thermal simulation of the electric motor was evaluated under two distinct oper-
ating conditions to ensure accuracy. In the idle state (non-operational), cooling is gov-
erned by natural convection [49], where the heat transfer coefficient accounts for buoy-
ancy-driven ambient air movement. Conversely, during the operational state (running), 
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forced convection is applied [47]. In this state, a significantly higher convection coefficient 
is implemented to simulate the active airflow generated by the rotor rotation and the en-
closed fan cooling. 

In the charging-only condition, shown in Figure 12, the stator temperature remains 
below the selected thermal limits of 27.39 °C and 38.8 °C for both the 7 kW and 22 kW 
operating cases. Figure 13 presents the maximum temperatures within the three-phase 
induction motor as functions of time for each control strategy under the charging-only 
condition. The results illustrate the transient thermal responses of the motor components 
during the charging process and enable a direct comparison of the temperature variations 
obtained using the double-loop PI and NMPC-based control methods. 

 

Figure 12. FEM thermal distribution of the induction motor during charging-only operation at 22 
kW: (a) double-loop PI controller; (b) NMPC + EKF + LUT. The contour shows the winding and 
stator regions under the exported charging current excitation. 

 

Figure 13. Maximum thermal distribution of the induction motor during charging-only operation 
at 22 kW: (a) double-loop PI; (b) NMPC + EKF + LUT. The red, green, purple, blue, orange, and cyan 
curves represent the shaft, air gap, rotor core, stator core, rotor bar, and stator winding, respectively. 
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The green, purple, and blue curves are present but nearly overlap with the red curve because these 
motor regions exhibit very similar temperature responses over the simulated charging period. 

The hot-spot region is expected to occur near the winding and slot region where cop-
per loss is concentrated. In the post-full-load condition, the initial motor temperature is 
higher, and the temperature margin is reduced. However, the FEM results show that the 
charging current profile does not produce an immediate thermal violation under the in-
vestigated operating assumptions. 

To evaluate the thermal characteristics, the electric motor was subjected to a contin-
uous full-load operation for 1 h, ensuring that the system reached thermal equilibrium. 
The resulting temperature rise (∆T) within the stator windings was validated against the 
specified insulation class standards (e.g., IEC 60034-1/NEMA MG-1 [50,51]). For a Class F 
insulation system, the maximum allowable temperature rise is limited to 105 °K above a 
standard 40 °C ambient temperature. Figure 14 shows the temperature distribution after 
one hour of full-load induction motor operation. For an initial temperature of 25 °C, the 
maximum and average motor temperatures reached 116.59 °C and 95.10 °C, respectively. 
For an initial temperature of 40 °C, the corresponding values increased to 131.57 °C and 
110.09 °C. The simulated thermal results indicate that the predicted temperature and max-
imum temperature rise are well within the limits specified by the insulation class stand-
ards. Consequently, the thermal model and its assigned boundary conditions are vali-
dated. The full-load case therefore establishes a much more severe thermal initial condi-
tion for subsequent IBC operation than charging-only operation. 

 

Figure 14. FEM thermal distribution of the induction motor during full-load operation: (a) 25 °C 
initial temperature condition; (b) 40 °C initial temperature condition. 

Figure 15 shows the most critical practical case, in which charging begins after one 
hour of full-load motor operation. The FEM results show that the motor temperature dur-
ing this condition is dominated by residual thermal energy from the preceding propulsion 
operation. For 7 kW charging after full-load operation, the PI-controlled case reached 
62.7052 °C at 40 °C initial temperature. The NMPC + EKF + LUT cases reached 62.7057 °C, 
respectively, at the reported terminal times shown in Figure 16. 
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Figure 15. Three-dimensional FEM temperature distribution for 7 kW charging after one hour of 
full-load operation at a 40 °C initial temperature: (a) double-loop PI; (b) NMPC + EKF + LUT. 

 

Figure 16. Maximum temperature response corresponding to 7 kW charging after one hour of full-
load operation at a 40 °C initial temperature: (a) double-loop PI; (b) NMPC + EKF + LUT. The red, 
green, purple, blue, orange, and cyan curves represent the shaft, air gap, rotor core, stator core, rotor 
bar, and stator winding, respectively. The maximum air-gap temperature represented by the green 
curve is very close to that of the rotor bar represented by the orange curve. Similarly, the maximum 
stator-core temperature represented by the blue curve closely follows that of the stator winding 
represented by the cyan curve. 

At the beginning of the charging process, all motor components exhibit elevated tem-
peratures due to residual heat accumulated during the preceding propulsion operation. 
The rotor bar experiences the highest temperature rise, reaching a peak temperature of 
approximately 131.57 °C at around 60 min. Similarly, the rotor core temperature increases 
to approximately 131.57 °C, while the stator winding and stator core reach peak tempera-
tures of approximately 114.72 °C and 114.24 °C, respectively. The shaft temperature in-
creases more gradually and reaches a maximum value of approximately 104.89 °C. 

Following the peak thermal condition, all component temperatures decrease contin-
uously as heat is dissipated to the surrounding environment. After approximately 340 min, 
the temperatures of the rotor bar, rotor core, stator winding, and shaft decrease to approx-
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imately 60.92 °C, 62.71 °C, 49.78 °C, and 62.71 °C, respectively, indicating substantial ther-
mal recovery during the charging process. 

A comparison between Figure 15a and Figure 15b shows that both control strategies 
produce nearly identical temperature distributions and cooling trends. The peak temper-
atures, thermal time constants, and temperature decay characteristics remain very similar 
throughout the charging period. This indicates that, for the simulated post-run thermal 
dataset, the final motor temperature is more strongly governed by the initial thermal state, 
cooling interval, and charging duration than by the small difference between the two DC-
DC charging controllers. 

Table 13 summarizes the FEM-based thermal assessment of the induction motor un-
der charging-only operation, full-load motor operation, and post-full-load charging sce-
narios. The purpose of this table is to evaluate the motor thermal feasibility of the stator-
assisted IBC charging path rather than to demonstrate direct thermal superiority of the 
proposed controller. 

Table 13. FEM-based induction motor thermal assessment for evaluating stator-assisted IBC charg-
ing feasibility under different controllers, power, and initial thermal conditions. 

Operating Condition Power Controller 
Initial Condition 

(°C) 
Time 
(min) Tmax (°C) Tavg (°C) ∆T (°C) 

Charging only 7 kW Double-loop PI 25 275 27.3935 25.4568 2.3935 
Charging only 7 kW NMPC + EKF + LUT 25 275 27.3942 25.4569 2.3942 
Charging only 22 kW Double-loop PI 25 90 38.8193 27.5321 13.8193 
Charging only 22 kW NMPC + EKF + LUT 25 90 38.8486 27.5373 13.8486 

Full-load motor operation 90 kW Motor run only 25 60 116.5850 95.1024 91.5850 
Full-load motor operation 90 kW Motor run only 40 60 131.5730 110.0944 91.5730 

Charging after 1 h full-load 7 kW Double-loop PI 25 340 47.7093 43.2859 22.7093 
Charging after 1 h full-load 7 kW Double-loop PI 40 340 62.7052 58.2832 22.7052 
Charging after 1 h full-load 7 kW NMPC + EKF + LUT 25 340 47.7099 43.2902 22.7099 
Charging after 1 h full-load 7 kW NMPC + EKF + LUT 40 340 62.7057 58.2872 22.7057 
Charging after 1 h full-load 22 kW Double-loop PI 25 150 77.3325 70.9110 52.3325 
Charging after 1 h full-load 22 kW Double-loop PI 40 150 92.3151 85.9044 52.3151 
Charging after 1 h full-load 22 kW NMPC + EKF + LUT 25 150 77.3325 70.9110 52.3325 
Charging after 1 h full-load 22 kW NMPC + EKF + LUT 40 150 92.3151 85.9044 52.3151 

Under charging-only operation, the maximum motor temperature remains low for 
both controllers. The 7 kW case reaches approximately 27.39 °C, while the 22 kW case 
reaches approximately 38.82–38.85 °C. The PI and NMPC–EKF–LUT results are nearly 
identical because both controllers generate similar feasible charging current profiles under 
the tested conditions. Therefore, the implication of this table is that the proposed control-
ler does not introduce additional motor thermal stress compared with the PI controller. 

The highest temperatures occur during full-load motor operation and post-full-load 
charging. This indicates that the motor thermal response is dominated by the initial tem-
perature, residual heat from prior traction operation, cooling condition, and charging du-
ration. The 22 kW post-full-load charging case with a 40 °C initial condition is the most 
critical charging-related condition, reaching approximately 92.32 °C. These results con-
firm that the thermal history of the traction motor must be considered when assessing 
induction motor-based IBC systems. 

3.6. Engineering-Oriented Verification and Practical Implementation Considerations 

Based on the preceding electrical, battery-management, and motor-thermal results, 
an engineering-oriented verification summary is provided to clarify the practical rele-
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vance and validation boundary of the proposed IBC system. Because a hardware proto-
type or hardware-in-the-loop platform is not included in the present version of this study, 
the verification presented here should be interpreted as simulation-based engineering ver-
ification rather than experimental validation. 

The verification is organized around the main practical requirements of an integrated 
EV charger, including converter transient feasibility, grid-current compliance, battery 
voltage and current constraints, DC-link regulation, duty-command feasibility, battery 
thermal-limit monitoring, motor thermal feasibility, sensor requirements, and real-time 
implementation considerations. These verification items are summarized in Table 14. 

Table 14. Simulation-based engineering verification summary for the proposed IBC system. 

Engineering 
Item Verification Method Main Checked Quantity Practical Implication 

Converter  
transient  
feasibility 

Switching-level step- 
current simulation 

Battery current, tracking error, 
duty command, DC-link ripple 

Confirms that the selected converter 
model can implement the required  

charging command 
Grid-current 
compliance 

Grid-voltage-drop  
simulation 

Grid-current envelope and bat-
tery-current reduction 

Verifies that charging current is adjusted 
when available grid-side power decreases 

Battery voltage 
constraint 

Normal-charging and 
high-initial-SOC cases 

Battery voltage below Vpack,max Confirms operation within the imposed 
pack-voltage boundary 

Battery thermal 
constraint 

High-ambient- 
temperature case Estimated Tcore below thermal limit 

Verifies thermal-state monitoring in the 
proposed controller 

Duty-command 
feasibility 

Switching-level  
simulations 

Duty command within allowable 
range 

Indicates that the required converter  
command remains implementable 

DC-link  
regulation 

Switching-level  
simulations 

DC-link voltage and ripple Confirms converter-level electrical  
feasibility 

Motor thermal 
feasibility 

3-D FEM thermal  
simulation 

Motor-temperature distribution 
and maximum temperature 

Checks thermal feasibility of stator-as-
sisted charging 

Sensor  
requirements 

Controller and EKF  
signal definition Vb, Ib, Ts, VDC, Ig 

Defines measurable signals required for 
practical implementation 

Real-time  
feasibility 

Algorithmic  
configuration and  
simulation timing 

EKF/NMPC sampling configura-
tion and state dimension 

Provides a basis for implementation;  
real-time testing remains future work 

Hardware  
validation  

status 

Not included in this 
study 

No prototype or HIL test reported Results are simulation-based engineering 
verification, not experimental validation 

The switching-level simulations verify that the selected converter parameters can im-
plement the required charging current commands. In the step-current case, the battery 
current, current-tracking error, duty command, and DC-link voltage ripple remain 
bounded, indicating transient electrical feasibility of the converter-level implementation. 
In the grid-voltage-drop case, the charging current is reduced during the voltage disturb-
ance so that the grid-current envelope remains within the intended current-limited region. 
These results support the use of input-power and grid-current constraints in the charging-
control framework. 

The battery-side verification is based on the imposed voltage, current, SOC, and ther-
mal constraints. The normal-charging and high-initial-SOC scenarios confirm that the bat-
tery terminal voltage remains below the maximum pack-voltage limit. The high-ambient-
temperature scenario verifies that the proposed NMPC–EKF–LUT controller can monitor 
the estimated core temperature and maintain operation below the imposed thermal limit 
under the tested short-duration condition. Severe thermal derating is not activated in this 
case because the simulated temperature remains below the constraint boundary. 
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The motor-side verification is provided by the FEM-based thermal analysis in Section 
3.5. This analysis is included because the proposed IBC concept reuses the induction mo-
tor stator winding as part of the charging current path. The FEM results should be inter-
preted as a thermal feasibility check of the investigated charging scenarios, not as experi-
mental motor-temperature validation. The charging-only cases remain within the investi-
gated thermal boundaries, while the post-full-load operating condition is identified as the 
more critical motor thermal design case because of residual motor heat and elevated initial 
temperature. 

From an implementation perspective, the proposed controller requires measurable 
battery voltage, battery current, surface or coolant temperature, DC-link voltage, and grid-
current information. These signals are compatible with typical charger and battery-man-
agement sensing requirements. The EKF uses the measured voltage, current, and temper-
ature-related signals to estimate internal SOC and thermal states, while the NMPC uses 
these estimated states and LUT-updated ECM parameters to compute a feasible charging 
command. 

The real-time implementation of the proposed NMPC–EKF–LUT controller is not ex-
perimentally demonstrated in this paper. Therefore, prototype testing, hardware-in-the-
loop validation, experimentally measured battery LUT generation, and real-time control-
ler deployment are required before practical implementation in an EV charging system. 

The engineering-oriented verification items are summarized in Table 14. This table 
clarifies which practical requirements are checked directly by simulation and which as-
pects remain outside the scope of the present version. The purpose is to distinguish sim-
ulation-based engineering verification from hardware validation. 

Therefore, the present results support the simulation-based engineering feasibility of 
the proposed IBC architecture and control framework within the defined model bound-
ary. However, these results do not replace hardware validation. Experimental prototype 
testing, hardware-in-the-loop evaluation, measured battery-parameter identification, and 
real-time NMPC implementation are necessary before practical deployment. 

4. Discussion 
The results demonstrate that the proposed single-phase IBC can be evaluated using 

a multi-layer simulation framework that connects average-model charging behavior, 
switching-model electrical transients, FEM-based motor thermal assessment, and simula-
tion-based engineering verification. This structure is useful for IBC research because the 
same charging system must satisfy battery-management constraints, grid-interface con-
straints, converter-level switching requirements, implementation feasibility, and motor 
thermal limits. 

The baseline double-loop PI controller provides stable current and voltage regulation 
under nominal operating conditions. Its structure is simple, computationally efficient, and 
widely used in power electronic converters. However, the PI controller does not inher-
ently predict future battery states or explicitly enforce coupled constraints across the bat-
tery pack, DC-DC converter, and grid interface. Therefore, additional limiters or supervi-
sory logic are required when the requested charging command conflicts with input-
power, grid-current, battery-voltage, SOC, or thermal limits. 

The proposed NMPC–EKF–LUT controller extends the charging system by incorpo-
rating battery state estimation and SOC- and temperature-dependent battery-parameter 
variation into the control decision. The LUT-based battery model allows the controller to 
account for changes in open-circuit voltage and impedance parameters, while the EKF 
provides estimated SOC and thermal states that are difficult to measure directly during 
operation. The NMPC then uses these estimated states and updated parameters to select 
a feasible charging command under current, voltage, SOC, temperature, and input-power 
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constraints. This constraint-aware supervisory capability is the main technical advantage 
of the proposed method over a conventional PI-only charging controller. 

The unified performance comparison shows that the proposed controller should not 
be interpreted as superior to the PI controller in every output variable. Under nominal 
constant-current charging, both controllers produce similar SOC progression, battery-
voltage response, and battery-current regulation because the requested charging current 
remains feasible and the battery constraints are not strongly activated. Similarly, the short-
duration switching-model results show similar DC-link ripple, duty-command behavior, 
and current-tracking performance for both controllers. This similarity is expected because 
the same converter parameters, switching model, duty limits, and feasible current sched-
ules are used. Therefore, the switching-level results should be interpreted primarily as a 
validation of transient electrical feasibility rather than as the sole evidence of controller 
superiority. 

The main benefit of the NMPC–EKF–LUT framework appears in constraint-sensitive 
and battery-management-oriented scenarios. In the grid-voltage-drop case, the charging 
current must be reduced when the available grid-side power decreases under a fixed grid-
current limit. This scenario demonstrates the importance of input-power and grid-current 
constraints in the charging-command calculation. In the high-initial-SOC and high-ambi-
ent-temperature cases, the voltage and thermal constraints remain within the imposed 
limits during the simulated interval. Therefore, severe voltage limiting or thermal derat-
ing is not activated in the short-duration tests. These cases should be interpreted as bat-
tery-constraint verification scenarios, while stronger controller separation is expected un-
der longer-duration operation, higher-power charging, or conditions closer to the voltage 
and thermal limits. 

The FEM analysis addresses an additional issue that is specific to integrated chargers 
using motor windings as part of the charging path. The FEM results indicate that the sta-
tor-assisted charging path remains within the investigated thermal boundaries under the 
simulated charging-only cases. However, the motor thermal response is governed mainly 
by the charging current waveform, initial motor temperature, residual heat from prior 
traction operation, cooling condition, and elapsed charging time. The small thermal dif-
ferences between the PI and NMPC–EKF–LUT cases under similar charging current pro-
files should therefore not be interpreted as a direct thermal superiority of the proposed 
controller. Instead, the FEM results validate the thermal feasibility of the investigated IBC 
operating scenarios and identify post-full-load operation as the more critical motor ther-
mal design case. 

The engineering-oriented verification presented in Section 3.6 further clarifies the 
practical relevance and validation boundary of the study. The switching-level, grid-cur-
rent, battery-voltage, duty-command, DC-link, battery-thermal, and motor-thermal 
checks support the feasibility of the proposed IBC architecture within the defined simula-
tion boundary. However, these results represent simulation-based engineering verifica-
tion and do not replace hardware validation. A hardware prototype and hardware-in-the-
loop platform are not included in this version of the study; therefore, experimental vali-
dation remains necessary before practical deployment. 

The novelty of the work can be summarized in four points. First, the study focuses 
on a single-phase IBC architecture intended to be compatible with residential charging 
levels while also considering a higher-current benchmark. Second, the charging controller 
combines NMPC, EKF, and LUT-based battery modeling so that the charging command 
is generated using estimated battery states and parameter-dependent constraints. Third, 
both average and switching models are used, allowing long-duration charging behavior 
and short-duration converter transients to be interpreted together. Fourth, the electrical 
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charging current is linked to FEM thermal analysis of the induction motor stator, which 
strengthens the feasibility assessment of the integrated charger concept. 

Several limitations remain. The battery LUTs should be calibrated using experi-
mental cell or module data before hardware implementation. The switching model should 
be extended to include detailed semiconductor switching losses, dead-time effects, para-
sitic capacitances, electromagnetic interference filters, and total harmonic distortion of the 
grid current. The FEM model should be validated against measured motor-temperature 
data under controlled charging current injection. In addition, the 22 kW single-phase con-
dition represents a high-current benchmark and may not be permitted in all residential 
grid standards; therefore, its role should be described as a stress-test case rather than a 
universal home-charging condition. 

Future work should therefore include hardware-in-the-loop validation, experimen-
tally measured battery LUT generation, real-time NMPC implementation, prototype-level 
testing, grid-code-oriented harmonic analysis, and coupled electro-thermal co-simulation 
of the charger, battery pack, coolant loop, and motor stator. 

5. Conclusions 
This study investigated a single-phase integrated battery charger for electric vehicles 

using an induction motor stator-assisted AC-DC stage and a bidirectional buck–boost DC-
DC charging stage. Two charging ratings were considered: a 7 kW residential wallbox-
oriented case based on a 230 V, 32 A grid supply, and a 22 kW high-current benchmark 
based on a 230 V, 96 A grid supply. The battery system was represented as a 48 kWh LFP 
pack using a LUT-based equivalent circuit model. 

The baseline double-loop PI controller achieved stable current and voltage regulation 
under nominal operating conditions. However, its constraint-handling capability de-
pends on external limiters and does not explicitly use predicted internal battery states. 
The proposed NMPC–EKF–LUT controller provides a more battery-aware supervisory 
control structure by using estimated SOC and thermal states together with SOC- and tem-
perature-dependent battery LUTs. This allows the charging command to be generated 
while considering battery voltage, charging current, SOC, thermal limits, and input-
power constraints. 

The normal-charging simulations showed successful charging from 20% to 80% SOC 
under the investigated 7 kW and 22 kW conditions. The dynamic step-current and grid-
voltage-drop tests demonstrated that the charging current must be adjusted according to 
the feasible current schedule and the available grid-side power. The switching-model sim-
ulations confirmed that the selected converter parameters can implement the required 
charging commands with bounded DC-link ripple, feasible duty command, and bounded 
battery-current tracking error. The similar switching-level responses of the PI and NMPC–
EKF–LUT controllers are expected because both controllers use the same power stage, 
operating limits, and feasible current trajectories. 

The battery-management-oriented scenarios further showed that the high-initial-
SOC and high-ambient-temperature cases remain within the imposed voltage and ther-
mal limits during the simulated interval. In these cases, strong voltage limiting or severe 
thermal derating is not activated. Therefore, the results should be interpreted as verifica-
tion of battery-side constraint handling rather than as evidence of large controller separa-
tion under all operating conditions. The main value of the NMPC–EKF–LUT framework 
is its ability to incorporate estimated internal states, LUT-updated battery parameters, and 
explicit operating constraints into the charging-command calculation. 

The FEM thermal assessment showed that the induction motor stator-assisted charg-
ing path can be evaluated using the exported electrical current waveform. Under the sim-
ulated charging-only cases, the motor temperature remained within the investigated ther-
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mal boundaries. The thermal difference between the PI and NMPC–EKF–LUT cases was 
negligible because both cases used similar charging current profiles. In contrast, post-full-
load motor operation produced significantly higher temperatures, indicating that residual 
motor heat, initial temperature, cooling condition, and elapsed charging time are domi-
nant factors in induction motor-based IBC thermal design. 

The engineering-oriented verification confirmed the simulation-based feasibility of 
the proposed IBC system within the defined model boundary. The converter transient re-
sponse, grid-current compliance, battery voltage and thermal constraints, duty-command 
feasibility, DC-link behavior, sensor requirements, and motor thermal response were 
checked systematically. However, these results do not constitute experimental validation. 
A hardware prototype, hardware-in-the-loop testing, experimentally measured battery 
LUTs, and real-time NMPC implementation are still required before practical deploy-
ment. 

Overall, the proposed NMPC–EKF–LUT framework is most valuable as a constraint-
aware, battery-management-oriented supervisory control method for integrated EV 
chargers. It complements converter-level current and voltage regulation by introducing 
predictive constraint handling and estimated internal battery states. The combined aver-
age-model, switching-model, FEM, and engineering-oriented verification workflow pro-
vides a useful basis for future hardware validation and real-time implementation. 
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Abbreviations 
The following abbreviations are used in this manuscript: 

BMS Battery-management system 
ECM Equivalent circuit models 
EIS Electrochemical impedance spectroscopy 
EKF Extended Kalman filter 
EMI Electromagnetic interference 
EV Electric vehicle 
FEM Finite element method 
HPPC Hybrid pulse power characterization 
IBCs Integrated battery chargers 
LUT Lookup table 
NMPC Nonlinear model predictive control 
OBC On-board charger 
OCV Open-circuit voltage 
PFC Power factor correction 
PWM Pulse Width Modulation 
SOC State of charge 
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ZCD Zero-current detection 
ZVS Zero-voltage switching 
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