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Thermal conditions significantly influence the battery performance and degradation, and thermal management
is vital for the safe, efficient, and reliable operation of battery-powered systems such as grid-tied energy storage
and electric vehicles. However, it is challenging to achieve rapid charging while minimizing the thermal impact
on battery health, particularly the more critical internal battery temperature is often overlooked. Therefore,
an intelligent charging control strategy is essential for effectively managing the thermal effects and enhancing
charging efficiency. Given that battery charging is a highly repetitive process throughout the entire life of
battery-powered systems, the historical operation data has a significant potential in the design of an effective
charging control strategy. This paper proposes a novel historical data-driven self-learning control approach
to iteratively optimize the battery charging strategy by applying convex mapping constraints derived from
historical state information. This approach introduces a historical state convex mapping constraint, combined
with a memory function to quantify the potential contribution of historical system state information and
input data to improve the future control performance. The formulated historical data-based constraints and
the memory function-enhanced cost function are then integrated into a model predictive control framework
to optimize the battery charging current trajectories iteratively. Furthermore, to ensure that the constraints
imposed on the battery electrical and thermal states are compatible with the self-learning control framework,
a cascading linearized thermoelectric battery model is introduced to characterize the battery dynamics.
Particularly, the internal temperature of the battery, which is not directly measurable in practical applications.
Extensive simulation studies have been conducted, and the results demonstrate that the proposed control
strategy can effectively regulate the internal temperature within a safe range while continuously optimizing
the charging efficiency. In addition, the computation time variability is significantly reduced, with the standard
deviation being decreased by approximately 80% compared to the standard MPC. The desirable control
performance and continuous optimization capability make the proposed control strategy highly applicable
to repetitive and complex engineering control problems.

1. Introduction operations in high temperature conditions may lead to the rapid growth
of the solid electrolyte interface layer and increase internal resistance,

The rapid development of the lithium-ion battery technology in the
past decade has made it a highly approachable solution applied in a
wide range of sectors, with the aim to mitigate the environmental and
air pollution issues arising from the fossil fuel-based economy [1,2].
Lithium-ion batteries are now extensively utilized in energy storage
systems (ESS) [3], smart grids [4], and electric vehicles (EVs) [5]. In

thereby reducing energy conversion efficiency. In extreme cases, high
temperatures may induce the separator to melt, leading to internal
short circuits and fires [8]. To mitigate these risks and ensure optimal
battery performance, it is generally desirable to maintain the operating
temperature within the range of 25-40 °C [9]. Achieving efficient

these applications, the battery management system (BMS) is essential
to monitor battery states and manage battery operations [6]. This is
particularly true for battery thermal management, which is critical in
determining the performance and lifespan of batteries [7]. Excessive
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operation with secure control strategies for lithium-ion batteries is
a primary requirement for a high-performance battery management
system.
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Nomenclature

Abbreviations

BMS
CC-CV
DASC
DDC
ESS
EVs
FLC
GPC
ILC
LSTM
ML
MPC
P2D
RL
RNN
SMPC
SOC
SOH
SPM

Symbols

w; ()
At

T,
u'(t)
u(t)

ocv

Battery Management System
Constant Current-Constant Voltage
DAgger-Based Stochastic Control
Data-Driven Control

Energy Storage System

Electric Vehicles

Fuzzy Logic Control

General Predictive Control
Iterative Learning Control

Long Short Term Memory
Machine Learning

Model Predictive Control
Pseudo-two-Dimension
Reinforcement Learning

Recurrent Neural Network
Stochastic Model Predictive Control
State of Charge

State of Health

Single Particle Model

solved optimal control input sequence (-)

sampling time interval (s)
memory function set (-)
historical model states set (-)

capacitance in the RC sub-circuit (F)

nominal capacity (As)

heat capacity of the battery internal

(Jkg™'K~1)

heat capacity of the battery surface

(Ukg™'K™)

the window size of the historical data to be

employed (-)
diagonal matrix (-)
charging current (A)
iteration number (-)

heat transfer coefficient between the bat-
tery internal and surface (Wm™'K~1)

heat transfer coefficient between the bat-
tery surface and ambient environment

(Wm™'K-1)
control length (-)
prediction horizon by MPC (-)

weighting factors in the cost function (-)

internal resistance ohmic heat (J)
internal resistance (Q)

resistance in the RC sub-circuit ()
time step (-)

ambient temperature (°C)

battery internal temperature (°C)
battery surface temperature (°C)
battery electric sub-model input (-)
battery thermal sub-model input (-)
open circuit voltage (V)

A% terminal voltage (V)
14 voltage of the RC sub-circuit (V)

In recent decades, a wide range of approaches have been proposed
to monitor and estimate the battery states, including SOC, voltage,
and temperature, based on which, charging and discharging control
strategies are designed. For instance, Xu et al. [10] utilized a coupled
electrochemical-thermal-capacity model to optimize the charging strat-
egy and limit the temperature rise. Liang et al. [11] developed a mul-
tilayer electrochemical-thermal coupled model for a serially connected
battery module, revealing the impact of C-rate shifts during two-stage
fast charging on local current density and temperature distribution,
emphasizing the significance of both electrochemical performance and
thermal management while designing the charging strategy. Although
these models yield accurate descriptions of the battery dynamics, the
complex modeling processes and significant computational demands
make them impractical for real-time control applications [12]. Recent
advancements in artificial intelligence have enabled the adoption of
various neural networks, such as Recurrent Neural Networks (RNN) and
Long Short-Term Memory (LSTM), for developing ‘Black-box’ battery
models. Zhu et al. [13] employed data-driven methods to analyze
battery thermal effects and demonstrated that an LSTM-based model
accurately predicts both short-term and long-term temperature varia-
tions. Wang et al. [14] compared the back propagation neural network
(BP-NN), radial basis function neural network (RBF-NN), and Elman
neural network (Elman-NN) in lithium-ion battery temperature predic-
tion within a metal foam thermal management system. Although neural
network (NN)-based models have shown significant progress, their
reliability still requires further validation. Furthermore, accurately cap-
turing battery internal temperature dynamics is crucial in designing an
effective charging control strategy, as the internal temperature typically
rises more rapidly than the surface temperature, posing a greater risk to
safety and performance. Another challenge in battery modeling is the
strong coupling between electrical and thermal dynamics. The electrical
model governs the voltage response to the charging current, while the
thermal model describes the heat generation and dissipation, which in
turn affect the battery performance and safety. The nonlinear nature
of the thermal model complicates the direct integration of thermal
dynamics into an efficient control framework.

Battery charging control is a critical functionality in BMS. Inappro-
priate charging current trajectories can significantly impact the battery
performance and even accelerate battery aging. Although charging
batteries with a high current could achieve a fast charging speed, it also
significantly raises the battery temperature, particularly the internal
temperature. If the battery temperature exceeds its operational range,
the battery state of health (SOH) may suffer considerable deteriora-
tion [15]. This is however challenging to achieve a rapid charging while
imposing the minimal thermal impact on the battery health. Numerous
control approaches have been studied to optimize the battery charging
process. For instance, Zou et al. [16] developed a model predictive
control (MPC) framework applied to a simplified battery model, taking
into account the mutual impact of SOC and SOH during the charging
process. Tian et al. [17] introduced a battery charging methodology
based on an explicit MPC, which employs piecewise linearization of
the original nonlinear battery model to curtail computational expenses.
The fuzzy logic control (FLC) is also widely adopted in BMS due to
its high performance in managing complex nonlinear systems. Hsieh
et al. [18] conducted a thorough investigation into the deployment of
FLC within BMS, proposing a FLC-based charging controller for lithium-
ion batteries designed to regulate the charging activities securely within
a safe operational range. Rahim et al. [19] employed a boost-buck
converter and developed a real-time fuzzy logic controller based on
battery states, which achieves precise modulation of the pulse width
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modulation (PWM) duty cycle. However, most control strategies focus
on algorithm architecture and control logic, often overlooking the large
amounts of historical data accumulated during each charging cycle,
which can have significant potential for continuously optimizing the
charging current trajectory. Although some data-driven methodologies
have been explored for BMS, their applications are mainly limited
to battery modeling for accurate battery state estimation [20-22]. A
notable research gap remains in utilizing historical data to refine the
control algorithm design, which could substantially enhance the control
performance and robustness of the controller.

Most battery charging control strategies rely on analytical meth-
ods [23], while the integration of data-driven techniques for optimizing
charging currents with respect to internal temperature management
remains unexplored. Data-driven control (DDC) algorithms extract la-
tent system characteristics from historical data to enhance the control
adaptability and performance. One of the DDC approaches is integrat-
ing the historical information into the model construction in the control
framework. For instance, Rueda-Escobedo et al. [24] formulated a DDC
algorithm for discrete time-delay systems, which integrates historical
data information into the model development and the state feedback
gain design. In some direct DDC methodologies, the configuration and
parameters of the control framework are ascertained directly from the
empirical system data [25]. Persis et al. [26] employed the input and
output data to formulate a data-dependent system matrix, avoiding the
intricate process of physical modeling and parameter identification.
However, these data-driven algorithms remain primarily focused on
system dynamic modeling and parameter identification, with limited
contributions to the development of the control structure and logic.

In recent years, reinforcement learning-based (RL-based) control ap-
proaches have been widely adopted to learn optimal control strategies
by evaluating the action cost through the value function. However, the
reinforcement learning strategy is hampered by low learning efficiency
and high computational demands. The iterative learning control (ILC)
progressively approaches the optimal control performance by contin-
uously correcting control inputs using historical error information,
but it does not support real-time prediction and optimization of the
system behavior. The model predictive control (MPC) has emerged as
a widely adopted control algorithm in practical engineering systems,
attributing to its excellent flexibility in dealing with input and state
constraints [27]. For instance, Drgona et al. [28] conducted an ex-
tensive study on the deployment of MPC in building energy control,
covering a range of topics including modeling, simulation, and the
design of control algorithms, providing a valuable framework for the
application of MPC in relevant domains. Karamanakos et al. [29]
explored the implementation of both direct and indirect MPC within
the realm of power electronics control, and a comprehensive analysis of
the stability and computational complexity of the MPC was conducted.
However, a significant limitation of MPC is its strong reliance on the
accuracy of the underlying model. The fusion of the latest data-driven
technology with the MPC framework to solve complex control problems
is becoming an emerging hot field of research [30].

To address the aforementioned challenges, a historical data-driven
self-learning control strategy is proposed for the battery charging pro-
cess. By incorporating a memory function that evaluates the contri-
bution of past actions and iteratively refines the search space, the
proposed method avoids the blind exploration typical of RL approaches
and significantly reduces the computational burden. Furthermore, the
integration of iterative optimization within the model predictive con-
trol framework enables the control strategy to achieve superior pre-
dictive performance and enhanced robustness for engineering systems
featuring parameter uncertainty and various operating conditions.

The primary objective of this work is to charge the battery SOC from
an initial state to a desired target while limiting the rise in battery
cell internal temperature. In addition, charging speed is incorporated
as a key element of the overall control objective. Motivated by the
basic principles of ILC and MPC, a historical data-driven self-learning
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control strategy is proposed for the battery charging management. The
proposed method introduces a novel historical-state convex mapping
constraint together with a memory function embedded in the cost func-
tion. This memory function quantitatively captures the contribution
of historical state and input information, enabling the controller to
progressively refine the input trajectory. Furthermore, to guarantee
compatibility with the constraint-handling mechanisms, a cascaded
linearized thermo-electric battery model is formulated. This model
ensures that constraints on both the electrical and thermal states,
particularly internal temperature and terminal voltage, are accurately
enforced throughout the charging process. By leveraging historical state
information, the proposed framework iteratively optimizes the control
input trajectory, achieving precise and efficient charging regulation.
Finally, comprehensive studies are performed to evaluate the control
performance and computational efficiency of the proposed approach.
The results demonstrate that the method can effectively optimize con-
trol inputs without incurring additional computational burden relative
to a standard MPC.

The remainder of this paper is organized as follows: Section 2
presents the cascading linearized thermoelectric battery model. Sec-
tion 3 illustrates the development of the historical state convex map-
ping constraints and the formulation of the memory function. Sec-
tion 4 illustrates the overall framework of the proposed historical
data-driven self-learning control for the battery charging process. Sec-
tion 5 discusses the results and analysis. Finally, Section 6 concludes
this paper.

2. Cascading linearized thermoelectric battery model

The battery charging process is inherently complex, involving cou-
pled interactions among several key variables, including the SOC,
terminal voltage, and internal temperature. A major challenge in de-
veloping model-based battery charging control strategies lies in the
strong coupling between the electrical and thermal dynamics. Fur-
thermore, the nonlinear nature of battery thermal dynamics makes it
challenging to incorporate the associated constraints directly into a
standard linear MPC framework. To address this issue, a cascading
linearized thermoelectric battery model is developed to decouple the
electrical and thermal sub-models. Specifically, the thermal dynamics
are reformulated as a linear model with respect to the squared charg-
ing current. The resulting linearized thermal model is then cascaded
with the electrical model. By embedding this cascaded model into the
proposed self-learning MPC framework, the approach enables more
efficient constraint handling and improves the coordination between
both the thermal and electrical objectives.

2.1. Battery electric circuit model

Generally speaking, the models for LiFePO, battery cells can be
categorized into electrochemical models, equivalent circuit models, and
data-driven neural models. Electrochemical models are more accurate
in capturing the battery states, but are computationally expensive, mak-
ing them not suitable for real-time control applications [31]. The neural
network-based models are regarded as ‘Black-Box’ approaches, limiting
their reliability and interpretability within the control framework. In
contrast, the equivalent circuit model has been widely adopted due
to the simple structure and straightforward parameter identification,
while retaining a comparable accuracy [32]. A first-order equivalent
circuit model (Thevenin circuit model) is illustrated in Fig. 1, U,
denotes the open-circuit voltage of the battery, which corresponds to
the terminal voltage when the battery does not have any external load.
V and i represent the terminal voltage and current, respectively. R,
is the internal resistance of the battery. The RC sub-circuit is used to
characterize the battery relaxation effect. Based on this circuit model,
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Fig. 1. Thevenin circuit model.

the corresponding discrete-time formulations can be derived as follows:

soc(t) = soc(t — 1) — At /C,, = i(t — 1)

' 1
= soc(ty) — At/C, Z i(j) @
J=ty
V= Uacu - Vl - i(t)RO’ 2

where 4z is the sampling time interval in seconds, C, is the nominal
capacity of the battery, measured in ampere-second As. V; is the
voltage of the RC sub-circuit, V(¢) is the terminal voltage, 7, is the
initial time step. In this study, the charging current i(r) is assigned as
negative.

For simplicity, the open-circuit voltage U,,., is modeled as a function
of the battery SOC and expressed as f,.,:

Uper(t) = foep(soc(r)). 3)

The internal resistance R, is represented as a function of the internal
battery temperature 7}, of the battery, given by fx:

Ry = fr(T;,(0)). @

where f,., and f are implemented using look-up tables, as detailed in
the following section.

A first-order RC sub-circuit is employed to represent the slow-
varying diffusion voltage within the battery cell, under the assump-
tion that the load current remains constant over each sampling inter-
val. Consequently, the voltage ¥V, is obtained based on the dynamic
behavior of the corresponding RC network.

Vity=a, Vit — 1)+ bji(t = 1), 5)
where,
a4
a =e RiCy ) 6)
_ 4
by =Ri(1—-e Ri), (@]

By combining the above equations, the electric sub-model for a
Lithium-ion battery can be described as follows:

soc(t) = soc(t — 1) — At /C,, = i(t — 1)
Vit)=a Vit -1 +bit—1) (€)]
V(1) = Uy, —i(0) * fr(T;,®) = V()

2.2. Battery thermal model

During the operation of a battery, heat is generated within the cell
and conducted to the surface before ultimately dissipating into the sur-
rounding environment. Temperature is a critical factor that affects both
battery performance and degradation. In general, a battery thermal
sub-model consists of three fundamental components: heat generation
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within the cell, heat conduction through the battery structure, and
boundary conditions governing the heat exchange with the ambient
environment.

The battery heat generation arises from multiple sources, including
the ohmic resistance, electrolyte decomposition, and side reactions. The
ohmic component, determined by the direct-current resistance of the
electrodes and internal materials, restricts current flow and converts
electrical energy into heat. When the battery operates within a safe
voltage and temperature range, ohmic heating is typically the dominant
source, whereas the contributions from electrolyte decomposition and
side reactions are negligible [33]. Therefore, in this study, the heat
generation is modeled as follows:

Q, =i(’R, ©)

The energy balance equation, derived from the law of energy con-
servation, forms the basis for computing heat generation and dissi-
pation within the battery. In this study, a simplified lumped thermal
sub-model is adopted, which assumes uniform temperature across the
internal and surface regions and a spatially uniform heat generation
rate. The ambient temperature is treated as constant. Under these
assumptions, a lumped thermal model with fixed boundary conditions
is formulated based on the energy balance equation:

dTy
Cpl dt = Q.l +kl (Tsf _Tin)

(10)
dr,

€t =t (1, =T,) 45 (1,7,

where T}, denotes the battery internal temperature, T, is the battery
surface temperature. 7, is the ambient temperature. Q; denotes the
ohmic internal resistance heat. C,; and C,, are the heat capacities of
the battery interior and the shell, respectively. k, is the heat transfer
coefficient between the battery and the shell. k, is the heat transfer
coefficient between the battery shell and the environment. To ex-
press the thermal model in discrete time, the following definitions are
introduced:
T _z-1
dt ~ At

Then, the final battery thermal model with internal temperature

dynamics in discrete time is formulated as follows:

#* T(t) = i * (T+1)-TQ)). (11D

k k
T,t+1)= <1 - Atc—p‘l> T,,(®) + Atc—;lTSf(t)+

At . N2

2 (i1 Ry)

n a2)
T+ 1) = dghT,0 + (1 - Ar%) T, (4

Al
kZTa C_pz
2.3. Complete thermoelectric model

In this study, the battery charging process is formulated as an
optimal control problem executed over repetitive iterations. Given
the nonlinear coupling between the electrical and thermal states with
respect to the input current. To ensure the application of convex
optimization in the general MPC framework, a cascading linearized
thermoelectric battery model is introduced as follows:

Battery thermal sub-model:

xp(t+1) = Ap % xp(t) + By = u(t) + Cr (1), (13)

where x;(1) = [T,,(0),T,;O]" Cp = [0,k,T,At/Cp]". ut) = i(t)*. The
other system matrices are defined as follows:

- AL arzh [M]
2 ! Br=| %n a4
T & ke [ Br ?
At s 1 At—cp] 0
Battery electric sub-model:
xp(t+1)=Ag * xg() + Bg = u'(?) as)
V(®) = focp(soc(®) — i(t)  fr(T;, (1) = V1 (1)
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where x (1) = [soc(t), Vi(DIT, «'(t) = i(?),

oo _[-ay/c,
AE_[O “1]’ BE_[ by ] (16

In the proposed cascaded linearized thermoelectric model, the non-
linear coupling between the thermal dynamics and the electrical sub-
system is captured by the relationship u(r) = u/(¢)?, where '(t) = i(t)
denotes the actual charging current. Under this formulation, the two
linearized sub-models are hierarchically integrated within the control
framework to ensure simultaneous regulation of the internal tempera-
ture and electrical states.

3. Historical data-driven self-learning control

The model predictive control (MPC) is widely applied in practical
engineering systems, where a predictive model is used to estimate fu-
ture system behavior and evaluate a cost function over a finite horizon.
Based on these predictions, the MPC computes the optimal control
inputs to achieve the desired performance. However, the effectiveness
of the conventional MPC depends heavily on model accuracy and
robustness. To improve control performance, this work proposes a his-
torical data-driven self-learning framework that iteratively refines the
control strategy using accumulated operational data. In the proposed
approach, historical state-mapped constraints and a memory function,
which represent the minimum cumulative future cost inferred from past
data, are incorporated into the MPC formulation to iteratively optimize
the control input trajectory.

3.1. Self-learning MPC formulation

To continuously improve control performance using historical state
data, the battery thermal sub-model is reformulated as a prediction
model, where the predicted state %, (j|¢) and the predicted control input
u;(j|1) satisfy the following general expression:

2 G+ 110 =A%G | D+ Bu (G | 1)+ CE + ), 17

where j =0,1,..., N, — 1, N, denotes the prediction horizon. k is the
iteration number. The initial predicted state is defined as %,(0 | 1) =
x,(1). The system matrices are defined as A € R™", B € R™" C € R".
The control objective is to monitor and regulate the battery internal

temperature within a safe range while ensuring rapid charging from
the initial SOC to the desired setpoint. To achieve this objective within
the MPC framework, an appropriately designed cost function has been
formulated as follows:

N,-1
T = Y LG+ 110 = x,(+ )], 6w G | 9)

i=0

N:—l

= Y I5G+TID=xt+ )T OL&G +111)
j=0

= x,(t+ D]+ 6ul (G | OHSu(j | 1),

18

where Q and H are weighting factors that are adopted to balance
the significance of the control performance and the input variation
cost. The term x, denotes the reference state trajectory, éu,(j | 1) =
u (G | 1) —u(j — 1| 1) is the predicted control increment sequence.
This formulation ensures a balanced consideration of both the system
tracking performance and the efficiency of the control input.

Constraints are inherent in practical engineering systems, with their
permissible ranges typically defined by physical limitations and safety
regulations. Therefore, it is essential to ensure that the optimal solution
obtained under a given cost function satisfies these constraints during
control algorithm development. For the system model under consider-
ation, it is assumed that constraints are imposed on both the system
states and control inputs, as defined below:

Upin < uk(t) < Umax>  Xmin < xk(t) < Xmax- (19)
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The general formulations of the constraints can be rewritten as:

Tu () < AL@),  Tx(t) < AL, (20)

where It € RZmxm  x g R2nxn,

u _ Im X _ In
= [_Im] - = [_In] @D

Then, a general constrained dynamic optimization problem is for-
mulated as follows:
N,-1

min ), (%G + 110 - x( +DITOM& G+ 110
uy 20

= x,(t+ D]+ 6up (j | DHSu(j | )

S.t.

G+ 1|0 =A%G | )+ Bu(j | )+ C@t +i),
Tu (1) < AL, T x, (1) < ALD).

(22)

3.2. Formulation of historical states and memory function datasets

Solving the optimization problem defined in Eq. (22) based solely on
the predictive model and system constraints may lead to unreliable out-
comes, particularly in complex or uncertain environments. To enhance
the evaluation of the potential contribution of historical state informa-
tion and input data in optimizing future control input trajectories, a
novel memory function is introduced. This function leverages historical
system states x, (¢) and input variations 6u, (#) to estimate the minimum
achievable cumulative cost associated with corresponding state-input
pairs. The formulation of the memory function is presented as follows:

M (N) = L, (x (N +1),6u,(N))

T T (23)
= x, (N + DTOx, (N + 1) + 6u, (N)T Héuy(N),

M (1) = L (x,(t+1),6u, (1) + M (t+1), t<N 24)

It is noteworthy that the memory function is evaluated in a back-
ward recursive manner. Specifically, for each iteration, the terminal
memory function value M, (N) is evaluated first. The memory function
at each preceding time step is then recursively determined by moving
backward in time, utilizing the previously computed memory value
and the cost function at the current time step. This backward recur-
sive structure progressively reduces the cumulative estimated future
costs as the computation approaches the beginning of the iteration.
By leveraging the computed memory function in conjunction with the
historical data from the previous iteration (k — 1), the sets of historical
state information and their associated memory function values can be
systematically constructed as follows:

Xy = {210, x4 (1), o, xp (M) ] (25)

My = { M1 (0), My (1), ..., My (N)}. (26)

3.3. Development of convex mapping constraints

To enable the integration of historical trajectories into the current
optimization process, a convex hull encompassing all possible convex
combinations of historical states is constructed through convex opti-
mization techniques. This convex hull represents a set of points formed
by weighted combinations of historical states, subject to the following
conditions:

.
y= 0%, @7)
=1

,
D0,=1,0,20j=1,...r (28)
=1
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where 0 is the coefficient, r is the number of the elements in x. x can
be a vector, scalar, or point in an affine space. The convex hull of a set
C, denoted as convC, is defined as the set of all convex combinations
of points in C [34], as follows:

r r
convC = {Zejxj |x; €C.0,20,j=1,....r, ) 0 = 1} (29)
j=1

j=1
Building upon the above convex optimization preliminaries, convex

hulls of the memory function and historical states, which incorporate
information previously interacted with the system in the past iterations,
are constructed to refine the last control input in the prediction horizon
of the current iteration. The mathematical formulations of the defined
convex hulls are presented as follows:

d
convM,_,(t) = { > 9k_l,ij_l(t+j)}, (30)
j=—d
d
convX,_ () = { X O X (1 +j)} , (31
j=—d
where d is the window size of the historical data to be employed, and
d
O, > 0.and Y 0,y ;=1 (32)

To integraée t‘ile derived convex hulls into the control framework
and refine the solution obtained from the general MPC formulation,
a convex hull constraint based on the historical state information is
imposed on the last predicted state %,(N,, | r). This constraint ensures
that the last state in the prediction horizon remains within the convex
hull of the historical state set X, _, thereby contributing to the stability
of the closed-loop system.

d
RN, 1= Y Oy Xy (t+ N, + ). (33)
j=—d
Then, the cost function is augmented by the corresponding smallest
convex hull of the memory function dataset convM,_,(t+N,). The lifted
formulation of the new cost function is defined as follows:
d
T =T+ Y, 0y My (14 N, + ), (34)
j=—d
where all the non-negative coefficients 6,_, ; are the same as those used
in the convex hull of historical states in Eq. (33).
Thereby, the optimization problem (22) is reformulated as the
minimization of the index with respect to the control input u,(r) and
coefficients 6;_; ;.

d
min ,J, () + 0, M,_t+N,+j
o.M 0 (0 j;d -1 Mie-1( ptJ)
s.t.
G+ =A%G | O+ Bu(G | )+ Ct + i),
Tup(t) < AN, Tx, (1) < AX), (35)
d
Opry 2 0,.and Y O,y =1,
j=—d
d
R (N, [ D= Y Oy Xpoy(t+ N, + )

Fig. 2 intuitivelyjilhistrates the convex mapping process using the
historical state data x,_,(f) and memory function M,_,(r). Specifically,
the proposed historical data-driven self-learning control algorithm uti-
lizes the convex mapping constraints derived from the historical states
and the smallest memory function convex hull within the d-neighbor
[t —d,t + d] at time step ¢ of the previous iteration to optimize the
control input in the current iteration.

The core idea of the memory-function-enhanced cost formulation is
to evaluate the contribution of the historical dataset and to constrain
the terminal predicted state within the resulting convex region using
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Fig. 2. Historical data convex mapping.

an optimized coefficient. This guarantees that the terminal predicted
state always lies within the convex hull of the historical state set,
thereby enabling continuous refinement of the control input trajectory.
Importantly, the memory function is integrated in a way that preserves
the standard quadratic MPC cost structure and maintains the general-
izability of the loss function. In addition, the memory-function term
is constructed from stored historical data, which is known at each
computation step and does not introduce extra uncertainty into the
optimization.

Additionally, to enhance the consistency and stability of the pro-
posed algorithm, the historical state data and the corresponding mem-
ory function values at the initial and terminal sampling time steps are
augmented in accordance with the following expressions:

Xpo10+ ) =X 1(0), —d<j<0
M, O+j))=M;_10), -d<j<0 (36)
X (N +d)=X,_(N), 0<j<d
M, ((N+d)=M;_(N), 0<,j<d

At each time step ¢ of the kth iteration, the memory function-
enhanced optimization problem defined in Eq. (35) is solved to obtain
the optimal control input sequence uj(#). The first element of this
sequence is then applied to the system model, as expressed below:

wi(0) = [1,0,... Ol (o). 37)

The proposed memory function-enhanced control strategy utilizes
the historical state information to refine the control input trajectory
at each iteration, improving both the accuracy and efficiency over
the conventional MPC approach. As illustrated in Fig. 3, the proposed
historical data-driven self-learning control framework operates through
a closed-loop iterative process. At each iteration, the control input is up-
dated based on the historical state information and the resulting system
response, which is subsequently stored and fed back to initialize the
next iteration. This iterative feedback mechanism enables continuous
refinement of the control policy and ensures stable convergence of the
control process.

4. Overall control framework for battery charging process
4.1. Battery model parameters

In this study, the parameters used in the thermo-electric battery
model were adopted from our previous works [35,36], in which identi-
cal electrical and thermal sub-model structures were employed. In these
works, a comprehensive parameter identification was experimentally
conducted on a prismatic LiFePO,-Graphite battery, with a nominal
capacity of 10 Ah and a nominal voltage of 3.2 V. Furthermore,
since embedding micro-sensors within the cell core is experimentally
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Initialization:

My (£) = Li(x(t + 1), 6w () + M(t +1), t<N

Calculate:
M (N) = x,(N + 1)"Q(x, (N + 1) + 8w, (N)"H Sw,(N) —
X = {0 (0), 25 (1), -+, 31 (N)}

Reach
iteration
K

Yes

Obtain u,*(t) by solving

Output U'(Y
utput Uic(t) optimization problem (35)

Apply u,*(t) to the thermal sub-model (13)
Apply \/uy = (t) to the battery electric sub-model (15)

End

Store x,(t)

Fig. 3. The flowchart of the proposed historical data-driven self-learning
control framework.

\ Tams /

Fig. 4. Battery thermal model.

challenging, internal temperature measurements were approximated
using a three-sub-cell configuration, in which both central and surface
temperatures were instrumented, as illustrated in Fig. 4. The identified
parameters were rigorously validated through a direct comparison
between model simulations and experimental measurements for both
the electrical and thermal subsystems, achieving a maximum validation
voltage error RMSE of approximately 3.4mv and internal temperature
RMSE of T;, 0.82 °C. The complete experimental setup and measure-
ment procedures are documented in detail in [35], and will not be
repeated in this paper due to the page limit.

The parameter identification results are summarized in Table 1, and
the functions f,., and f are obtained from look-up tables using linear
interpolation, with reference to Tables 2 and 3. In the experiments, the
ambient temperature was maintained at 27 °C, while both the initial
internal and surface temperatures were set to 29 °C.

According to the safe operating limits of LiFePO, batteries, con-
straints on the charging current, terminal voltage, and SOC must be
imposed throughout the charging process, with the SOC required to
increase from 0.1 to 0.9. According to the battery properties of the
studied LiFePO,-Graphite battery, the applied current is limited to 30 A
at a 3C charging rate. The constraint for voltage V,,,, is set as 3.65 V,
which is typically a cut-off voltage for LiFePO, batteries.
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Table 1

Model parameters.
Parameters Values Unit
a, 0.981 -
b, 1.8e—4 -
k, 1.264 Wm™'K!
ks 0.33 Wm™K!
Cy 263.8 Jkg™'K!
Cp 31.2 Tkg™'K!
C, 36000 As

Table 2

SOC and U,,.,,.

soc 09 0798 0.695 0.593 0.491 0.389 0.287 0.186 0.085
U,,(V) 333 3325 3.299 3.292 3.290 3.278 3.251 3.215 3.057

Table 3
T,, and R,.
T,, (°C) -10 0 10 23 32 39 52
R, () 0.0259 0.0180 0.0164 0.0152 0.0125 0.0124 0.0120

In the implementation, the maximum charging current rate con-
straint is applied as a standard input constraint within the MPC for-
mulation. Since the optimization variable is defined as the scaled input
u(t) = i()* in thermal sub-model, the original bound —30A < i(r) <0A
is equivalently expressed as

0 < u(?) <900. (38)
The terminal voltage constraint
26VSV({) <365V (39)

is also reformulated into an input-dependent constraint through the
electric sub-model. Through the relation

V(t) = Uy (s0c(t)) — i(0) - £ (Tin®) — V1 (®), (40)
the upper voltage limit V(1) < 3.65V yields a current-dependent
inequality

Upey (s00(1)) = V(1) = 3.65

i(t) > (41)

Fr(Tin®)
Since the charging current is defined as negative in this study (i(r) =
—4/u(t)), the above constraint can be converted into an admissible
bound on the input u(7) at each sampling step:

2

U —V;(t) —3.65

iy < [ D 5260) ~ M) . 42)
Fr(Tn®)

All quantities on the right-hand side are known at the current time step,
meaning that the resulting constraint remains linear with respect to
the optimization variable and can be enforced directly within the MPC
framework while ensuring voltage safety.

The SOC constraint is defined as

0.1 < soc(r) < 0.9. (43)

By reformulating the current and voltage limits into input-compatible
expressions, all safety requirements are enforced explicitly within the
MPC solver without introducing additional nonlinear state constraints,
thereby maintaining both computational tractability and operational
safety throughout the charging process.

4.2. Control framework

The primary objective of this study is to address the challenge of
regulating the battery internal temperature within a designed safety
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Algorithm 1 Historical data-driven self-learning control algorithm for
battery charging process.

1: Given: K: number of iterations;

2: N: control length in one iteration;

3: N,: MPC prediction horizon;

4: (ug,uy, -, uy):initial action sequence following the CC-CV charging
profile;

: (xg, X1, , Xy, Xy4p): initial state sequence following the CC-CV
charging profile;

: O, H: weighting factors in the cost function;

(o))

for k=1to K do
x;(0) < x

10: 1, (0) < ug

11: if k == 1 then

12: Calculate initial memory function set M and state set X from
initial state sequence;

13: end if

14: forr=1to N do

15: Obtain u}(7) by solving optimization problem (35);

16: u;c*(t) — = Jui®);

17: Apply (1) to the battery thermal sub-model (13) and u*(t)

to the battery electric sub-model (15) to obtain battery states x,();
18: end for
19: Mp(N) = x, (N + DT OGN + 1) + Su, (N)T Huy (N);

20: M (1) = Li(x (t + 1), 6u, (1) + Mt +1), t<N;
210 X = {x00), %, (1), -, x (N}
22: end for
Charging current i Tiw Ty
soc, v __

Charging process

Electric

Constraint for i

sub-model

e

Thermal
sub-model

Memory
function

Fig. 5. Control framework.

Historical data

Objective, ]
convex constraints

constraints

threshold while achieving a rapid charging process. Algorithm 1 pro-
vides the control procedure of the proposed historical data-driven
self-learning control approach for the battery charging process. In this
control strategy, to ensure the application of convex constraints from
both battery electric and thermal models, the primary control logic is
applied to the battery thermal sub-model, and the battery electric sub-
model is linked through the nonlinear connection of the model inputs
to enforce constraints on the electric states.

Fig. 5 intuitively illustrates the overall control framework. In the
implementation of the proposed battery charging control framework,
the battery thermal sub-model is treated as the primary model within
the self-learning MPC framework, while the electric sub-model func-
tions as a subordinate model for monitoring the battery electrical states.
Consequently, the thermal sub-model states are directly formulated into
the cost function in the MPC framework. In contrast, constraints from
the electric sub-model are enforced by converting the state constraints
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into equivalent constraints on the charging current, thereby regulating
the direct control input u,(f), ensuring safe and efficient charging
operation on both thermal and electric states.

5. Results and discussion
5.1. Validation of cascaded model constraints

To evaluate the impact of state constraints from the cascaded sub-
model, a comparative study was performed with and without enforcing
the terminal-voltage constraint. The controller was configured with: the
number of iterations K is set to 10, the prediction horizon is N, = 15,
the weighting factors in the cost function Q = diag[10,0], H = 20,
and the internal temperature constraint is set to 38 °C. The results are
shown in Fig. 6.

When the terminal-voltage constraint is not applied (Fig. 6(a)),
the charging-current trajectories become progressively smoother across
iterations, demonstrating the self-learning capability of the proposed
framework. However, the terminal voltage exceeds the allowable limit
(Fig. 6(a2)) because the controller prioritizes rapid charging. In con-
trast, when the voltage constraint is enforced, the terminal voltage (Fig.
6(b2)) remains consistently below the prescribed upper bound. The
internal temperature stays stable once reaching the threshold, as shown
in Figs. 6(a3) and 6(b3).

These results confirm both the effectiveness and necessity of incor-
porating state constraints from the cascaded electrical sub-model, and
demonstrate the stable convergence and strong self-learning capability
of the proposed historical-data-driven convex-mapping strategy.

5.2. Effect of prediction horizons

The prediction horizon N, plays a crucial role in balancing control
performance and computational burden. Fig. 7 displays the system
response under different N, configurations in a matrix format, where
the rows (a)—(c) correspond to N » values of 15, 30, and 45, respectively,
while the columns (1)-(3) represent the optimized control current
trajectory, terminal voltage output, and internal temperature evolution
profile over 10 iterations.

As shown in Figs. 7 (al), (bl), and (c1), increasing N, noticeably
reduces the fluctuation of the optimized charging current, leading to
improved control stability. At N,=45, the charging current trajectories
exhibit considerable stability even in the early stages of the itera-
tion process, achieving faster convergence compared to N,=15. Fig. 7
(a2), (b2), and (c2) illustrate the terminal voltage outputs. Due to the
constraints imposed by the cascaded electric sub-model, all terminal
voltage outputs are consistently maintained below 3.65 V. Additionally,
as N, increases, A similar stabilization effect is observed in the terminal
voltage outputs. Figs. 7 (a3), (b3), and (c3) illustrate the evolution
of the battery internal temperature. Since the internal temperature
is the primary regulated variable, it is noteworthy that the profiles
remain relatively consistent as N, increases. While larger horizons
enhance stability and convergence, they also increase computational
cost. Therefore, it is essential to determine an appropriate balance
between control performance and computational efficiency according
to different application requirements.

5.3. Analysis of weighting factors

In this study, the cost function is formulated to balance control per-
formance in regulating the battery internal temperature and optimizing
charging efficiency. The control input and output are significantly
influenced by varying weighting factor configurations. Therefore, a
comparative analysis is conducted using three distinct configurations:
H =10; H = 20; H =40, while keeping all other parameters the same,
the prediction horizon N, = 15. To explicitly evaluate the impact of
the cost function weighting factor, the internal temperature threshold



X. Han et al. Journal of Energy Storage 152 (2026) 120430

4.0 45

- = CCcv
3.8 oy Iter. 2
- _ _ _ _ 57 N lter. 4
> 40/ g § tor 5
< S 349 . g Y Iter. 10
§ qé’ 321 - — ccev “()\-::
£ 830 £
S o] Iter. 2 =
© > 284 Iter. 4
Iter. 6
2.6 Iter. 8
24 Iter. 10 N i
0 600 1200 1800 0 600 1200 1800 2400 0 600 1200 1800 2400
Time(s) Time(s) Time(s)
(a1) 40 (a2) 45 (a3)
_ - - ccev
PN lter. 2
, - N Iter. 4
Iter. 6
2 40+ 7 ’ A \ Iter. 8
= o
o © - - ccev <
5 5 3.0 Iter. 2 =
Q > 284 Iter. 4
Iter. 6
2.6 Iter. 8
24 Iter. 10
0 600 1200 1800 0 600 1200 1800 2400 0 600 1200 1800 2400
Time(s) Time(s) Time(s)
(b1) (b2) (b3)

Fig. 6. (a) Results with cascading terminal voltage constraint; (b) Results without cascading terminal voltage constraint. (N, = 15, H = 10,T,, = 38 °C).
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Fig. 8. Effect of various weighting factors. (a) H = 10; b) H =20; ¢) H =40. (N, = 15,T,, = 40 °C).

in this simulation is set to 40 °C. Fig. 8 (a), (b), and (c) present the
control results for H = 10, 20, and 40, respectively. It is evident
that as the weighting factor H for the input increment cost increases,
the algorithm increasingly prioritizes charging efficiency during the
optimization of the charging current trajectory. Specifically, Fig. 8 a(1),
a(2), and a(3) demonstrate that a larger H leads to a more stable
optimized charging current trajectory. This is primarily due to the in-
creased penalty on éu in the cost function, which effectively suppresses
the fluctuation of the control input. in Fig. 8 (b3) and (c3), as the
iteration increases, a noticeable rise in battery internal temperature
is observed as it approaches the temperature threshold. Furthermore,
Fig. 8 (b2) and (c2) exhibit a slight increase in the terminal voltage.
These results demonstrate the adaptability of the proposed historical
data-driven self-learning control algorithm in balancing various control
objectives.

5.4. Robustness analysis under parameter uncertainty

To evaluate the robustness of the proposed method against battery
parameter uncertainties, two levels of stochastic perturbations: 5% and
10% Beta distributions were applied to the battery internal resistance
and capacity parameters to account for aging and inter-cell variability,
defined as:

C' ~C,-(1 - Beta(2,5) - kg) 44)

R ~ Ry - (1 + Beta(2,5) - kp) (45)

where k; € {5%,10%} denotes the uncertainty level. The Beta distribu-
tion, characterized by finite mean and variance, naturally aligns with
the physical constraints of battery parameters, such as bounded internal
resistance and capacity variations within finite ranges [27].

The CCCV charging profile is adopted as the initial solution for iter-
ative optimization. Comparative results under both uncertainty levels
demonstrate the strong capability of the proposed method. As shown
in Figs. 9 (a3) and (b3), the internal temperature remains strictly
below the specified threshold 37 °C, demonstrating consistent thermal
management performance. The voltage responses (Figs. 9 (a2) and (b2))
confirm that the algorithm effectively maintains the terminal voltage
within the safe upper bound of 3.65 V throughout the charging process.
Figs. 9 (al) and (b1) illustrate the evolution of charging current across
iterations. Notably, the current profiles under 10% noise exhibit more
pronounced fluctuations during the early iterations compared to the
5% case. However, both scenarios ultimately converge to stable and
smooth current trajectories in subsequent refinements. The consistency
of results between the 5% and 10% noise scenarios demonstrates the
inherent robustness of the proposed method to significant parame-
ter uncertainties. These results verify the model fidelity and inherent
robustness of the proposed approach with parameter variability and
degradation.

5.5. Sensitivity of initial solutions

To investigate the sensitivity of the proposed method to different
initial solutions, a comparative study was conducted under a stringent

10



X. Han et al.

Journal of Energy Storage 152 (2026) 120430

45
. ----ccev
A2 R Iter.2
,,,,,,,,,, . \ lter.4
404 i g Iter.6
% N . ol i lter.8
O T Iter.10
----Cceyv b
Iter.2 =
lter.4 =
Iter.6
Iter.8
Iter.10;

1200
Time(s)
(a1)

0 600 1800 2400 0 600

Time(s)

1200 1800 2400 0

(a2)

600

1200 1800 2400
Time(s)

(a3)

45

Current(A)

40

Tin(oc)

Iter.2
Iter.4
Iter.6
Iter.8

----CCcv
Iter.2
lter.4
G Iter.6
lter.8
Iter.10

\

N

Iter.10
0 600 1200 1800 2400 0 600 1200 1800 2400 0 600 1200 1800 2400
Time(s) Time(s) Time(s)
(b1) (b2)
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Fig. 10. (a) Results with CCCV initialization;(b) Results with pure MPC initialization.

thermal constraint of 34 °C, representing only a 5 °C margin above
the initial battery temperature of 29 °C. Two distinct charging profiles
were adopted as the initial references: the conventional CCCV charging
profile (Figs. 10 (al-a3)) and a pure MPC-solved profile (Figs. 10
(b1-b3)). This comparison assesses how the choice of initial solution

11

influences the convergence behavior and control performance of the
self-learning control framework under challenging thermal limits.

The results reveal notable differences between the two initializa-
tion strategies. When initialized with the CCCV profile, the method
experiences mild convergence difficulties during early iterations, as
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Table 4
Computation time statistics for different planning horizons.
Horizon MPC Ours
length Mean Std Max Min Mean Std Max Min
5 0.094 0.015 0.140 0.081 0.086 0.004 (173%) 0.096 0.081
10 0.110 0.017 0.158 0.097 0.105 0.003 (/82%) 0.120 0.099
20 0.143 0.019 0.202 0.129 0.138 0.004 (179%) 0.156 0.131
40 0.199 0.025 0.291 0.179 0.193 0.005 (180%) 0.221 0.184
0.30
B standard MPC
I Ours
0.25
—
\11_3/0.20 .
3 {
E .
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i 4
0.10- ¢
5 10 20 40
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Fig. 11. Computation time comparison.

reflected by fluctuations in the charging current (Fig. 10 (al)) and
insufficient temperature regulation (Fig. 10 (a3)). Nevertheless, the al-
gorithm gradually stabilizes and achieves effective temperature control
in subsequent iterations. In contrast, although the initial MPC-based
profile itself does not fully satisfy the thermal constraint and produce
a stable input trajectory under such a restrictive temperature limit,
the proposed method quickly converges toward a smooth and stable
charging trajectory. The internal temperature was successfully limited
at the specified threshold, and the fluctuations in current profiles were
substantially reduced. Additionally, the voltage response (Fig. 10 b2)
remains well-regulated within the safety limit of 3.65 V throughout the
charging process.

This comparative analysis confirms that initialization strategy plays
a critical role in determining the performance of iterative optimization,
especially when the feasible region is severely restricted by stringent
thermal limits. This sensitivity arises because the proposed convex-
mapping constraint is constructed from historical operational data, and
the subsequent optimization is guided by the initial reference trajec-
tory. Consequently, an initial solution that provides a more balanced
trade-off between charging intensity and thermal safety is preferable, as
it facilitates more robust convergence and ensures effective satisfaction
of the imposed constraints.

5.6. Computation efficiency analysis

The computation efficiency of the proposed control framework was
evaluated across multiple prediction horizon lengths and benchmarked
against a standard MPC approach. Table 4 provides detailed statistics
of the computation time required to determine the optimal action per
step in one iteration. Across all horizon settings, the proposed method
achieves mean computation times that are comparable to or slightly
lower than those of standard MPC. Notably, the standard deviation of
computation time is reduced by approximately 80% compared to the
standard MPC, indicating a significantly more stable and predictable
computational burden. This improvement can be attributed to the
incorporation of the convex mapping constraint, which effectively nar-
rows and refines the feasible solution space, thereby ensuring more
stable and consistent solving time costs, even at the longest horizon
of 40 steps.

12
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Table 5

Computation time standard deviation comparison (N, = 10).
Methods SMPC [27] DASC [27] Ours
Std 1.346 0.003 0.003

Table 5 compares the computation-time standard deviations of the
proposed methods with two benchmark charging strategies, namely
the Stochastic MPC (SMPC) charging strategy and the learning-driven
DAgger-Based Stochastic Control (DASC) method [27]. Notably, the
proposed method achieves a computation-time standard deviation of
approximately 0.003 with a prediction horizon of 10, which is compa-
rable to that of DASC but significantly lower than that of SMPC. These
results confirm the computational stability of the proposed approach
and its suitability for real-time battery charging applications, where
maintaining predictable and consistent online computation time is
essential.

To provide a more intuitive comparison, Fig. 11 visualizes the full
distribution of computation times using violin plots. The proposed
method exhibits tighter and more concentrated distributions across
all horizon lengths, confirming the stable computational behavior.
In contrast, standard MPC exhibits heavier upper tails, particularly
at longer horizons, indicating a greater chance of occasional pro-
longed computations. The consistent compact shape of the computation
time distributions of the proposed strategy demonstrates improved
computation determinism, an essential property for reliable real-time
implementation.

These findings confirm the real-time feasibility of the proposed
method. The combination of low mean computation time and re-
duced variability demonstrates that the proposed self-learning MPC
framework can effectively optimize control inputs without incurring
additional computational burden relative to conventional MPC.

5.7. Evaluation of continuous optimization performance

To evaluate the continuous optimization capability of the proposed
data-driven self-learning battery charging control algorithm, Table 6
summarizes the evolution of the mean and standard deviation of the
charging current across 10 iterations under different internal tempera-
ture limitations. Additionally, to further verify the robustness of the
iterative refinement process, the optimization results obtained using
both CCCV and standard MPC charging profiles as initial conditions
were compared under the stringent temperature limit of 34 °C.

As shown in Table 6, the mean charging current exhibits stable
convergence trends across all temperature thresholds. The values grad-
ually increase during the initial iterations to reduce the overall charging
duration and then stabilize once convergence is achieved. The reduc-
tion in mean current when decreasing the temperature limit further
demonstrates the controller’s ability to adaptively regulate the charging
rate in response to stricter thermal constraints. Moreover, comparisons
between the two initialization strategies at 34 °C further indicate that
the proposed method effectively mitigates the influence of the initial
solution; regardless of whether the process starts from a CCCV-based
profile or a standard MPC-generated profile, the mean charging current
converges toward nearly identical steady-state values.

Furthermore, the evolution of the standard deviation provides ad-
ditional information on the smoothness and stability of the optimized
trajectories. For all temperature limits, the standard deviation decreases
consistently with iterations, confirming that the controller progres-
sively suppresses fluctuations in the charging current. Notably, in the
34 °C® case, the initial current exhibits noticeable fluctuation due
to the stringent thermal constraint. However, after several iterations,
the variability is reduced to comparable variability (about 4.61-4.62).
These results collectively confirm the robustness and repeatability of
the continuous optimization mechanism, irrespective of the starting
solution.
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Table 6
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Comparisons of Mean and Standard deviation of charging current under different internal temperature limitations.

Iters. Mean of charging currents

Standard deviation of charging currents

40 °C 39 °C 38 °C 37 °C 34 °C@ 34 °C® 40 °C 39 °C 38 °C 37 °C 34 °C@ 34 °C®
1 -18.321 —18.097 —-16.525 -15.149 -18.186 -13.397 8.350 7.224 7.618 11.120 7.538 5.194
2 —-19.686 —18.996 —18.000 —-15.795 —-15.576 —13.242 6.062 5.435 5.118 9.773 6.379 5.347
3 -20.189 -19.212 —-18.049 —-16.682 -13.890 —13.550 4.734 4.836 4.993 5.822 5.433 4.614
4 -20.194 -19.219 —18.063 -17.026 -13.301 —13.546 4.693 4.829 4.944 4.948 4.882 4.610
5 —20.200 —19.220 —18.069 -17.045 -13.355 —13.537 4.662 4.831 4.917 4.876 4.764 4.612
6 -20.213 -19.220 -18.070 -17.057 -13.353 -13.351 4.645 4.833 4.897 4.859 4.752 4.612
7 -20.219 -19.220 —-18.071 -17.065 -13.346 -13.525 4.629 4.836 4.880 4.847 4.751 4.612
8 —20.224 -19.219 —18.069 -17.072 -13.348 -13.517 4.616 4.839 4.866 4.842 4.733 4.610
9 —20.225 —19.218 —18.065 -17.086 —13.346 —13.510 4.605 4.841 4.854 4.841 4.730 4.612
10 -20.220 -19.217 —-18.061 -17.093 -13.354 -13.503 4.601 4.843 4.843 4.839 4.708 4.614

34 °C@ is the result obtained with CCCV charging profile as the initial solution.

34 °C® is the result obtained with the standard MPC charging profile as the initial solution.

Table 7
Charging duration improvement compared with a reference charging strategy.
40 °C 39 °C 38 °C 37 °C 34 °C
GPC [36] (s) 1498 1579 1674 1786 -
Ours (s) 1428 1500 1590 1686 2133
Improvement (s) 70 79 84 100 -
x10°
Iter. 2
10- Iter. 4
g Iter. 6
Z Iter. 8
= Iter. 10
=]
L
>
—
O 54
(S
(O]
=
0 - —
50 650 1250
Time(s)
Fig. 12. Memory function evolution. (N » =20,T,, =40 °C).

Fig. 12 illustrates the evolution of the memory function across iter-
ations. The magnitude of the memory function decreases consistently
with the iterations, reflecting the progressive refinement of the internal
representation of historical information. This reduction indicates that
the proposed historical data-driven self-learning control framework
continually improves the control performance and corrective capabil-
ity, ultimately driving the control process toward stable convergence
and effective achievement of charging objectives.

Table 7 compares the charging durations achieved by the proposed
control strategy and that of an existing constrained general predictive
control (GPC) method [36] under different internal temperature thresh-
olds. Across all comparable temperature limits, the proposed strategy
consistently achieves shorter charging durations while satisfying the
same thermal constraints. For instance, at 37 °C, the charging duration
is reduced by 100 s, with similar improvements observed at other
specified temperature thresholds. These results highlight the enhanced
charging efficiency delivered by the proposed method and confirm
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its adaptability in optimizing the charging duration across a range of
thermal limitations.

These quantitative results confirm the continuous optimization ca-
pability of the proposed method. It iteratively refines both the control
accuracy and smoothness of the charging current trajectory, exhibits
robustness to different initial conditions, and effectively adapts to strin-
gent temperature constraints. These findings indicate the strong itera-
tive refinement behavior and reliable learning ability of the proposed
data-driven self-learning battery charging control algorithm.

6. Conclusions

The battery thermal management is a critical function of the battery
management system, particularly under fast charging conditions where
thermal impacts on the battery health must be carefully balanced. This
study formulates the battery charging process as a repetitive control
problem and develops a historical data-driven self-learning control
strategy integrated into a model predictive control framework. The
main conclusions can be drawn as follows:

(1) A cascading linearized thermoelectric battery model is devel-
oped to capture the coupled electrical and thermal dynamics of the
battery, including both internal and surface temperature dynamics.
This model provides reliable thermal references for control and enables
comprehensive performance evaluation.

(2) A novel memory function is incorporated to leverage histor-
ical data and apply convex constraints within the self-learning MPC
structure. This approach significantly improves the robustness of the
proposed method against model uncertainty and parameter variability.

(3) The proposed control strategy effectively maintains the internal
battery temperature within safe limits throughout the charging process.
In addition, charging efficiency and current trajectory stability are
significantly enhanced through the iterative self-learning mechanism.

(4) The convex mapping constraint further improves computational
reliability by narrowing and refining the feasible solution space, result-
ing in more stable and consistent computation times compared to the
conventional MPC.

(5) Extensive simulation studies have shown that the proposed
control strategy can effectively regulate the internal temperature within
a safe range while continuously optimizing the charging efficiency.
Furthermore, the computation time variability is significantly reduced,
with the standard deviation being decreased by approximately 80%
compared to the conventional MPC.

Future work will focus on the experimental validation and practical
implementation of the proposed control strategy in real-world bat-
tery management systems under various charging conditions, including
real-time and online deployment in embedded platforms. In addition,
incorporating battery aging models into the control framework will be
explored to balance fast charging with long-term degradation, enabling
lifetime-aware charging optimization strategies.
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