
IEEE TRANSACTIONS ON TRANSPORTATION ELECTRIFICATION, VOL. 12, NO. 4, AUGUST 2026 7013

Real-Time Balancing Control of Reconfigurable
Battery Packs Using Reinforcement Learning
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Abstract—This article proposes a reinforcement learning (RL)-
based control framework for real-time state-of-charge (SOC)
balancing in reconfigurable lithium-ion battery packs. Traditional
battery management strategies, such as passive and active bal-
ancing, suffer from energy inefficiency and limited adaptability.
Reconfigurable battery systems offer enhanced flexibility through
dynamic switchable topologies. However, to fully exploit the
potential of the battery pack, an intelligent control policy to
determine the optimal battery configuration in real-time is
needed, which is a difficult task due to the large optimization
space. To address this challenge, the reconfiguration problem is
formulated as a Markov Decision Process (MDP), and a policy
optimization framework is proposed to guide switch decisions
based on observed cell states, such as the SOC of the individual
cells, in addition to the current pack configuration. The proposed
RL agent operates on a discrete action space and is guided by
a multiobjective reward function tailored for a battery manage-
ment application. To avoid the high cost associated with physical
battery training, we construct a linear surrogate model for
efficient simulation-based learning. The proposed RL controller is
evaluated against rule-based and greedy-based baselines, achiev-
ing superior SOC balancing performance with reduced switching
frequency and improved runtime. In addition, comparison to the
true optimal obtained by dynamic programming demonstrates
that the proposed RL controller achieves competitive results with
significantly lower computational cost.

Index Terms—Reconfigurable battery packs, reinforcement
learning (RL), state-of-charge (SOC) balancing, surrogate
modeling.

I. INTRODUCTION

ELECTRIC vehicles (EVs), e-bikes, and uncrewed aerial
aircraft are just a few devices that frequently employ

lithium-ion batteries as part of their propulsion systems [1],
[2]. To achieve the high-voltage and capacity requirements,
many devices use battery packs consisting of many cells
connected in parallel and/or series. For example, lithium-ion
battery packs in EVs are composed of hundreds of individual
cells [3]. However, multicell battery packs pose significant
challenges. A battery pack will always have cell imbalance,
such as variance in full charge capacity because of uneven
manufacturing procedures, varying degrees of aging caused
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by temperature fluctuations, or state-of-charge (SOC) swings
[4]. This imbalance further develops over time due to dif-
ferent operating conditions and unavoidable irregularities in
usage processes [5]. Significant consequences can arise, as
the weakest cell becomes a bottleneck for the battery pack’s
operation, dictating its discharge capacity. Additionally, the
differences among cells can significantly influence charging
efficiency, capacity, and lifespan of battery packs [6], [7], [8],
[9], [10], [11].

Various techniques have been developed to address this
imbalance. One common method is passive balancing, which
is widely adopted in the industry primarily because of its
cost-effectiveness and simplicity [12]. Passive balancing works
by dissipating excess energy from cells with a higher SOC
as heat through shunt resistors, thereby effectively reduc-
ing their charge levels [13]. However, a major limitation
of this approach is that it is a power-loss method where
dissipative energy is wasted as heat, therefore reducing the
overall efficiency of the battery pack. Another approach is
active balancing, which employs supplementary circuits to
transfer energy from cells with high charges to those with
low charges [14]. While active balancing is generally more
energy-efficient and less dissipative than passive methods in
terms of energy transfer, it lacks energy efficiency over-
all because the necessary supplementary circuit constantly
drains energy during operation. Furthermore, active balancing
requires more complex and sophisticated circuitry, which can
be costly, limiting its widespread adoption in the industry
compared with passive methods. Beyond the limitations of
these balancing methods, traditional battery systems with
fixed series and/or parallel connections inherently struggle to
handle cell differences, which directly leads to performance
degradation [15]. This fixed topology lacks the capability to
dynamically manage individual cell contributions, resulting in
a capacity loss and reduced energy efficiency.

To overcome these limitations, the concept of a dynam-
ically reconfigurable battery system has been proposed as
a promising alternative [16], [17], [18], [19], [20], [21].
Reconfigurable batteries can dynamically change their inter-
nal topology through switching circuitry, thereby presenting
a promising solution to address cell imbalance. However,
they require a control policy to continuously reconfigure the
series/parallel connection to achieve the desired objectives,
such as maximizing the discharge efficiency or maintaining
cell balancing. The complexity of this control task is ampli-
fied by the fact that battery behavior and performance are
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constantly changing based on various factors, such as the SOC,
state-of-health (SoH), temperature, and current distribution.
The intricate and often nonlinear interplay between these
factors makes identifying the best switch configuration a
challenge [19]. Moreover, as the scale of the battery pack
increases, the number of potential switch combinations can
become enormous, making this inherently a high-dimensional
optimal control problem.

Conventional methods, such as dynamic programming [22],
[23] and rule-based approaches [24], [25], face notable limi-
tations for battery reconfiguration. On the one hand, dynamic
programming or other model-based optimization approaches
can be computationally expensive as the number of cells
increases, limiting their practical applicability [26]. On the
other hand, rule-based approaches lack generalizability and
can only achieve suboptimal performance. For example, in
[27], every two neighboring cells are connected in parallel
when their voltage difference exceeds a predefined threshold;
otherwise, they are connected in series. While easy to imple-
ment, the optimal performance is not guaranteed, therefore
limiting the performance of the battery pack.

Reinforcement learning (RL), especially deep RL (DRL),
has emerged as a promising alternative due to its ability to
learn optimal control policies through interaction with the
environment [28], [29], [30]. For example, DRL has been
applied to online optimization of building energy management
systems [31], traffic flow control [29], EV energy manage-
ment strategies [32], charging scheduling [33], and control of
fuel cell-battery systems [34]. However, training RL agents
directly on physical battery hardware is impractical [35],
[36]. The trial-and-error process inherent to policy learning
requires repeated charging and discharging cycles, which
can accelerate battery degradation. Additionally, variations
in SoH across battery packs complicate generalization and
may require individual tuning or retraining. More critically,
deploying untrained agents on real hardware introduces safety
risks, such as executing unsafe switching actions that may
harm the system. On the other hand, training RL in a virtual
environment also poses a significant challenge. As the number
of cells increases, the action space also grows exponentially,
which makes the required training episodes grow significantly
as well.

Despite these challenges, recent work has begun exploring
RL for reconfigurable battery control. The study in [15]
proposed a DQN-based framework for reconfigurable battery
pack control using OCV-based states and a Boolean connec-
tivity array. The RL-based controller achieved 60% reduction
in voltage deviation against a fixed topology battery pack.
However, their approach employed a limited set of discrete
switch topologies with single-objective voltage deviation min-
imization, without explicitly considering switching frequency
or runtime optimization. Karnehm et al. [37] introduced
Amortized Q-Learning for a 12-cell reconfigurable battery
pack with safety-constrained action space, yet exhibited 20.3%
slower SOC balancing than simple rule-based control. Another
direction of research is introduced in [9], where the authors
developed an RL-based event-triggered model predictive con-
trol (RLeMPC) for cell balancing in fixed-topology battery

packs. The RL agent learns when to trigger computationally
expensive MPC optimization rather than learning the control
itself. They achieved 99% computation reduction by employ-
ing a DQN agent to determine trigger decisions (solve new
MPC versus reuse stored control sequence) based on average
and minimum voltages, average SOC, and pack current. How-
ever, this approach remains MPC-dependent, operates only in
fixed series topologies, and does not address battery pack
reconfiguration problems. These existing approaches reveal
critical gaps such as limited action spaces relative to system
complexity, single-objective reward formulations that ignore
practical tradeoffs between balancing performance and switch-
ing costs, a lack of rigorous benchmarking against optimal
control baselines, and the absence of computationally efficient
surrogate models for scalable training.

To address these challenges, this article proposes an
RL-based control framework for real-time reconfiguration of
lithium-ion battery packs. The reconfiguration problem is
formulated as a Markov decision process (MDP), and an on-
policy actor–critic architecture is employed to learn switching
strategies that balance the SOC across all cells while minimiz-
ing switching frequency and maintaining runtime efficiency. To
reduce training time and to ensure that the battery pack pro-
vides sufficient voltage to the load, the maximum number of
parallel connections is predefined. To enable safe and scalable
training, we construct a linear surrogate model that emulates
the electrical behavior of battery cells within a reconfigurable
pack. The learned policy is deployed and validated on a
physics-based simulator, and its performance is benchmarked
against rule-based and greedy-based controllers. Our results
demonstrate that the proposed RL framework can significantly
reduce SOC imbalance by 94.6% over 135 min. Compared
to dynamic programming in a short cycle, the proposed
approach achieves near-optimal balancing with significantly
reduced computational cost. In particular, for a short cycle
of 10 min, the benchmark dynamic programming approach
requires approximately four days of simulation time on our
desktop computing platform. The proposed approach, hence,
offers a viable solution for real-time practical deployment in
advanced battery management systems. Compared to existing
literature, the contributions of this article are summarized as
follows.

1) A large action space consisting of 256 valid switch
topologies is explored by the RL. Compared to literature,
7 topologies in [17] and 10 in [38], our approach offered
significantly higher flexibility.

2) A novel computationally efficient linear surrogate model
is proposed to address the computational bottleneck in
existing battery reconfiguration methods [15], [17], [37],
[38], which captures the SOC evolution as a discrete-
time linear time-invariant system with pack current and
switch configuration as inputs. The proposed surrogate
model can achieve 98.68% accuracy compared to a
high-fidelity electro-chemical-thermo battery simulation
model, while at the same time only requiring 0.012%
simulation time. It’s important to note that the surrogate
model does not model aging/degradation, as this article
focuses on short-term control only.
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3) Existing RL battery reconfiguration approaches, [15],
[17], [37], lack rigorous benchmarking beyond fixed-
topology or rule-based comparisons, with some [37]
even underperforming a rule-based baseline. Hence,
we performed comprehensive benchmark comparisons
against rule-based and greedy controllers. The proposed
RL-based reconfiguration controller achieves 49.7%
improvement compared to the greedy controller and
74.6% improvement compared to the rule-based con-
troller in SOC balancing.

4) To evaluate optimality, the proposed RL controller is
benchmarked against dynamic programming in two
settings.

a) Dynamic programming is applied to a ten-cell
pack for only two-steps due to the curse of
dimensionality.

b) To enable a longer-horizon comparison, we addi-
tionally applied dynamic programming analysis
on a reduced four-cell pack, which makes a six-
step (30-min) horizon tractable. In both cases, the
proposed RL-based reconfiguration policy shows
very comparable performance while requiring only
a fraction of real-time computation.

5) Unlike existing literature, [9], [15], [37], which present
only their final reward formulation without justification
or tuning guidelines, sensitivity analysis is conducted to
understand the influence of individual reward compo-
nents, providing insight into reward function calibration
to accommodate various scenarios.

The remainder of the article is organized as follows. Sec-
tion II presents the dynamics of battery packs, including the
cell and reconfiguration model. Section III introduces the sur-
rogate model used for efficient RL training, while Section IV
describes the proposed RL-based reconfiguration control algo-
rithm. Section V presents simulation results, including reward
sensitivity analysis and comparisons with baseline methods.
The article is concluded in Section VI with future work
directions.

II. DYNAMICS OF RECONFIGURABLE BATTERY PACKS

A. Cell Dynamics

This study employs a cell model based on the equivalent
circuit model (ECM) [39], [40], [41]. The model integrates
an electrical circuit representation with a two-state thermal
model to simultaneously capture the thermal and electrical
dynamics of lithium-ion batteries. The electrical characteristics
are represented by two RC pairs in series with a resistance
element, as shown in Fig. 1. The cell dynamics are described
by

V̇1 = −
V1

R1C1
+

I
C1

(1a)

V̇2 = −
V2

R2C2
+

I
C2

(1b)

v = VOC − V1 − V2 − IRo (1c)

where v represents the terminal voltage, VOC is the open-circuit
voltage, and I is the current (positive for discharge, negative

Fig. 1. ECM of a single battery cell.

for charge). The RC pairs are characterized by voltages V1, V2,
resistance R1, R2, and capacitance C1, C2, with Ro representing
the series resistance. The cell SOC is governed by

˙S OC = −
η

3600Cn
I (2)

where η is the coulombic efficiency and Cn is the nominal
capacity of the cell in Amp-Hour.

The thermal behavior is captured through a two-state model
incorporating core and surface temperatures

CcṪc = Q +
Ts − Tc

Rc
(3a)

CsṪs =
Tc − Ts

Rc
+

T f − Ts

Ru
(3b)

where Tc and Ts represent the core and surface temperatures,
respectively, T f is the ambient temperature, Cc and Cs are
the heat capacities of the core and surface, Rc represents
the conduction resistance between Tc and Ts, and Ru is the
convection resistance between the surface and the ambient
environment. The heat generation Q is calculated as [42]

Q = I (VOC − v) − I
Ts + Tc

2
dVOC

dT
. (4)

All model parameters (VOC , Ro, R1, R2, C1, C2) are func-
tions of SOC and temperature states Tc and Ts, making
the cell dynamics nonlinear. For this work, we adopt the
experimentally validated parameters from [40] and [42] for
a nominal cylindrical LiFePO4/graphite battery cell. The elec-
trical parameters (VOC , Ro, R1, R2, C1, C2) as functions of SOC
and temperature are taken from [40], while the entropic heat
coefficient dVOC/dT are based on the experimental measure-
ments in [42]. It is important to note that the thermal model
assumes natural air convection cooling [40], [42], which has
been adopted in literature for EV study [43], [44].

Remark 1: In a reconfigurable battery pack, when switching
configurations change, the current distribution among cells
changes, which in turn affects individual cell temperatures
through Joule heating [see (4)] [40]. Because all electrical
parameters (VOC , Ro, R1, R2, C1, C2) are functions of both
SOC and temperature, they must be continuously updated
based on the evolving thermal states (Tc, Ts). This coupling
between electrical and thermal dynamics necessitates the inte-
grated electro-thermal model to accurately predict battery pack
dynamics.

B. Battery Reconfiguration

These individual cell models are integrated into a recon-
figurable battery pack consisting of M cells interconnected
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Fig. 2. Reconfigurable battery pack consisting of M cells, with a three-switch-
per-connection architecture.

through a network of switches. Different switch architectures
are reviewed in [45], each providing a different compromise
between system flexibility and complexity. As shown in Fig. 2,
a three-switch-per-connection architecture is adopted in this
article, where switches enable dynamic formation of series
and parallel connections between adjacent cells while also pre-
venting open and short circuits. For example, when switch S i,2
is connected and both switches S i,1 and S i,3 are disconnected,
cell Bi is in a series configuration with its adjacent cells. On the
other hand, when switch S i,2 is disconnected and both switches
S i,1 and S i,3 are connected, cell Bi forms a parallel connection
with its adjacent cell Bi+1. Note that other switch status com-
binations for the three switches (S i,1, S i,2, S i,3) are prohibited
to prevent short or open circuits. This architecture provides
sufficient degrees of freedom for topology reconfiguration
while avoiding the limited flexibility of two-switch designs
or the excessive complexity of four-switch arrangements.

Formally, let B be a battery pack with M cells
(B1, B2, . . . , BM ∈ M) connected through a network of
switches as shown in Fig. 2, where each cell Bi has three
switches (S i,1, S i,2, S i,3) controlling its configuration. The
switch configuration for the entire battery pack is represented
by a vector sw = [sw1, sw2, . . . , swM], where each element swi

indicates the number of cells connected in parallel within the
group, including cell Bi. In other words

swi =

8̂̂̂̂
ˆ̂<̂
ˆ̂̂̂̂:

1, cell Bi is connected in series
2, cell Bi is part of a two-cell parallel group
3, cell Bi is part of a three-cell parallel group
...

...

k, cell Bi is part of a k-cell parallel group.

For example, when cell Bi is in a series configuration, swi = 1.
On the other hand, when cell Bi forms a parallel connection
with its adjacent cell Bi+1, resulting in a two-cell parallel
group, we have swi = swi+1 = 2. If multiple adjacent cells
are connected in parallel, the corresponding sw values (for
all the group) would reflect the total number of cells in that
parallel group. For instance, consider a full ten-cell pack with
the following configuration: cells B1–B3 form a three-cell
parallel group, cells B4 and B5 are in series, cells B6–B7 form
a two-cell parallel group, and cells B8–B10 are in series, as
shown in Fig. 3(a). The corresponding sw vector would be
[3, 3, 3, 1, 1, 2, 2, 1, 1, 1]. As another example, Fig. 3(b) shows
another pack configuration with sw of [1, 1, 4, 4, 4, 4, 1, 1, 2, 2].

Fig. 3. Examples of battery pack reconfiguration. (a) Configuration
with sw = [3, 3, 3, 1, 1, 2, 2, 1, 1, 1] and (b) configuration with sw =
[1, 1, 4, 4, 4, 4, 1, 1, 2, 2].

C. Dynamics of Battery Packs

The electrical behavior of a reconfigurable battery pack is
governed by Kirchhoff’s current and voltage laws, which must
be satisfied across all admissible topological configurations.
Given a switch configuration vector sw = [sw1, sw2, . . . , swM]
and a total pack current demand Ipack, the individual cell
currents I = [I1, I2, . . . , IM]T can be obtained by solving a
linear system that enforces the relevant circuit constraints.

For cells connected in parallel, Kirchhoff’s current law
requires that the total current of the parallel group equals the
pack current. This yieldsX

j∈P

I j = Ipack (5)

where P denotes the set of parallel-connected cells within
a parallel group. In addition, voltage consistency is enforced
across all cells within a parallel group. Specifically, for any
two parallel-connected cells i and j, their terminal volt-
ages should be equal. Therefore, the following condition is
imposed:

V̄OC,i − Ro,iIi = V̄OC, j − Ro, jI j (6)

or equivalently

Ro,iIi − Ro, jI j = V̄OC,i − V̄OC, j (7)

where Ro,i and V̄OC,i = VOC,i − V1,i − V2,i denote the internal
resistance and “modified” open-circuit voltage of cell Bi,
respectively. Please see [46] for a similar treatment on parallel-
connected battery packs.

Finally, when cell Bi is connected in series, its current
satisfies

Ii = Ipack. (8)

The linear system (5), (7), and (8) can be compactly repre-
sented as

AI = C (9)

where A ∈ RM×M is the topology-dependent coefficient
matrix and c ∈ RM is the constraint vector, both extracted
from (5)–(8). Solving (9) yields I = A−1C.

Example 1: For the pack shown in Fig. 3(a) with its
configuration defined as sw = [3, 3, 3, 1, 1, 2, 2, 1, 1, 1], the
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steady-state current distribution (9) becomes (10), as shown
at the bottom of the page, solving of which yields

I1 =
Ipack

3
+

Ro,2
�
V̄OC,1 − V̄OC,2

�
+ Ro,3

�
V̄OC,1 − V̄OC,3

�
Ro,1Ro,2 + Ro,1Ro,3 + Ro,2Ro,3

(11a)

I2 =
Ipack

3
+

Ro,1
�
V̄OC,2 − V̄OC,1

�
+ Ro,3

�
V̄OC,2 − V̄OC,3

�
Ro,1Ro,2 + Ro,1Ro,3 + Ro,2Ro,3

(11b)

I3 =
Ipack

3
+

Ro,1
�
V̄OC,3 − V̄OC,1

�
+ Ro,2

�
V̄OC,3 − V̄OC,2

�
Ro,1Ro,2 + Ro,1Ro,3 + Ro,2Ro,3

(11c)
I4 = I5 = I8 = I9 = I10 = Ipack (11d)

I6 =
Ro,7Ipack + V̄OC,6 − V̄OC,7

Ro,6 + Ro,7
(11e)

I7 =
Ro,6Ipack − V̄OC,6 + V̄OC,7

Ro,6 + Ro,7
. (11f)

To sum up, the simulation of a reconfigurable pack involves,
for each time step, the construction of matrices A and C
by parsing the switch configuration vector sw to identify
series and parallel substructures and applying Kirchhoff’s laws
accordingly. Solving the resulting system (9) yields the current
distribution vector I, which is then used to update the battery
states in accordance with (1)–(4). This formulation supports
real-time computation of current distribution across topologies.

III. SURROGATE MODELING OF RECONFIGURABLE
BATTERY PACK

Implementing the cell dynamics and reconfigurable pack
dynamics described in Section II allows simulation of the
reconfigurable battery pack under various conditions. How-
ever, this requires solving the linear system (9) for each time
step, which can significantly increase the simulation time.
Such a long simulation time associated with high-fidelity phys-
ical models poses a significant challenge for RL algorithms,
as it substantially increases the computational cost of policy
training and delays convergence.

To overcome this issue, a surrogate model is developed
to predict the evolution of cell SOC in a reconfigurable
battery pack. More specifically, the following linear model is
employed:

SOC (k + 1) = A · SOC (k) + B · I (k) + C · sw (k) (12)

where SOC(k) ∈ RM denotes SOC for each cells at time
step k, I is the cell current for each cell at time step k
by solving (9), and sw is the switch configuration at time
step k. By setting the time step for this linear model to 5
min, (9) needs to be solved only every 5 min. The simulation
of (12) hence requires significantly less computation, suitable
for RL training. Finally, matrices A, B, and C are obtained
by fitting the linear model to simulation data generated from
the high-fidelity model described in Section II under various
initial conditions. It is important to note that while temperature
is not an explicit state in (12), thermal effects are implicitly
captured in A, B, and C through fitting on the high-fidelity
model data.

Remark 2: In all simulations with the surrogate model, we
use a time step of 5 min and assume that the current vector I
is constant within the time step period. We use a constant-
current (CC) discharge to focus only on the balancing concept,
which is commonly used in the cell-balancing literature [17],
[26], [38], [47]. Additionally, our framework can be used for
dynamic current profiles by reducing the time step so that
I can be updated more frequently. Validation under a dynamic
current profile remains a future work direction.

More specifically, to generate training data, the high-fidelity
model is simulated multiple times, each with different ini-
tial SOC, different initial temperature, and different switch
configurations. The model is simulated for 5 min, and the
terminated SOC is recorded. In other words, both SOC(k)
and SOC(k + 1) are now recorded. The matrices A, B, and
C are then found through least squares. In this article, 80%
of all recorded samples are randomly selected as the training
set, and the remaining 20% are used as the testing set. The
RMSE of the training set is 0.009051, while the RMSE of
the testing set is 0.009187. Fig. 4 presents a comparison of
the high-fidelity model described in Section II and the fit
linear surrogate model. It can be observed that after 15 time
steps, or equivalently 75 min, the linear surrogate model can
still replicate the behavior of the high-fidelity model really
well. Specifically, the average SOC error of all cells during
the discharge is 0.0029, and the maximum error is 0.0035,
demonstrating the high accuracy of this surrogate model for
RL training.

IV. RL-BASED RECONFIGURATION CONTROL

The control of reconfigurable battery packs requires intel-
ligent decision-making to determine the optimal switch

2666666666666664

1 1 1 0 0 0 0 0 0 0
Ro,1 −Ro,2 0 0 0 0 0 0 0 0

0 Ro,2 −Ro,3 0 0 0 0 0 0 0
0 0 0 1 0 0 0 0 0 0
0 0 0 0 1 0 0 0 0 0
0 0 0 0 0 1 1 0 0 0
0 0 0 0 0 Ro,6 −Ro,7 0 0 0
0 0 0 0 0 0 0 1 0 0
0 0 0 0 0 0 0 0 1 0
0 0 0 0 0 0 0 0 0 1

3777777777777775
×

2666666666666664

I1
I2
I3
I4
I5
I6
I7
I8
I9
I10

3777777777777775
=

2666666666666664

Ipack
V̄OC,1 − V̄OC,2
V̄OC,2 − V̄OC,3

Ipack
Ipack
Ipack

V̄OC,6 − V̄OC,7
Ipack
Ipack
Ipack

3777777777777775
(10)
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Fig. 4. Comparison of the high-fidelity model and linear surrogate model
with random reconfiguration at each time step. The step size is 5 min. Top:
individual cell SOC trajectories of the high-fidelity model and linear surrogate
model. Bottom: the RMSE between the two models over time steps.

configuration that balances the SOC across all cells while
minimizing switching frequency and maintaining efficiency.
Due to the high dimensionality and nonlinearity of the system,
conventional control techniques such as rule-based logic or
optimization-based scheduling become impractical or compu-
tationally costly, especially as the number of cells increases. In
contrast, RL offers a data-driven approach capable of learning
effective policies through interactions with the environment.
To leverage RL, the reconfiguration problem is formulated as
an MDP, as described below.

A. RL Algorithm

The reconfigurable battery pack control algorithm is sum-
marized in Algorithm 1. In this work, we adopt proximal
policy optimization (PPO) [48] as the foundation for develop-
ing our control framework. PPO is selected over value-based
methods such as deep Q-network (DQN) [49] and advantage-
actor–critic (A2C) [50] due to its clipped surrogate objective,
which explicitly constrains policy update magnitude. This
property is particularly advantageous for our problem, where
the large categorical action space (256 configurations) can
lead to unstable Q value estimates in DQN or high-
variance gradient updates in A2C. The empirical validation
of this choice against baseline RL algorithms is provided in
Section V-A. The battery reconfiguration problem is modeled
as an MDP defined by a tuple (S,A, P, r, γ), where the
state space, S, encodes the SOC of individual cells, action
space A represents discrete switch configurations, r represents
immediate reward, and γ is the discount factor representing
a tradeoff between long-term returns and immediate gains.
The policy πθ(a|s) is parameterized by an actor network
with parameters θ, which outputs a distribution over the
action space given state s. The value function of a state s,

Algorithm 1 RL-Based Battery Pack Reconfiguration

Vφ(s), is estimated using a separate critic network with
parameters φ. The agent uses two separate neural networks for
actor and critic, each with three hidden layers (256–128–64,
Tanh activations). The actor outputs logits over 256 actions,
and the critic outputs a scalar state value. The agent collects
trajectories through interaction with the proposed surrogate
environment and updates both networks using mini-batch
samples of the interactions. The critic is trained by minimizing
the mean-squared temporal difference (TD) error

LVF (φ) = E
h�

rt + γVφ

�
st+1

�
− Vφ (st)

�2
i
. (13)

The actor is updated to maximize the expected advantage-
weighted log-probability of actions as

∇θJ (πθ) = Eπθ

"X
t

∇θ log πθ (at |st) · At

#
(14)

where πθ(at |st) represents the probability of selecting action
at in state st under the parameterized policy, and At represent
the advantage function. This objective guides the policy toward
selecting actions that yield higher advantage values. However,
directly applying this gradient can result in instability due
to excessively large updates. To enforce stability, a clipped
surrogate objective that restricts the update step is applied [48]

LCLIP (θ) = Et
�
min

�
rt (θ) Ât, clip (rt (θ) , 1 − ε, 1 + ε) Ât

��
(15)
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where rt(θ) = (πθ(at |st))/(πθold (at |st)) is the probability ratio
between the new and old policies, and ε is a hyperparameter
that controls the clipping range.

Ât estimates how much better an action at is compared to
the average return in state st

At = rt + γVπ
�
st+1

�
− Vπ (st) . (16)

To encourage exploration behavior of the actor network πθ
during training, an entropy bonus H(πθ(st)) = E [− log πθ(st)]
is added to the actor’s loss LCLIP(θ). The overall actor objective
becomes

LCLIP+H (θ) = LCLIP (θ) + βH (17)

where β is a weighting coefficient used to control the entropy
term contribution.

B. Action Space

The action space A encompasses all possible switch config-
urations for the reconfigurable battery pack. For a pack with
M cells, the action at time step t is represented as

at =
�
swt

1, swt
2, . . . , swt

M

�
. (18)

It is important to note that this work assumes that a power
converter is connected between the battery pack and the load
so that the output voltage is regulated at the desired operating
voltage for the load [17], [51]. Additionally, to maintain a min-
imum nominal terminal voltage of 6 × 3.3 V = 19.8 V (where
3.3 V is the nominal cell voltage), the number of switches
allowed in parallel is limited to 4. This voltage constraint
ensures adequate power delivery and prevents system under-
voltage conditions. As a result, the action space is reduced
from the full space of 2M−1 to the following constrained subset:

A =

4X
j=0

 
M − 1

j

!
(19)

where
�M−1

i

�
represents the number of binary configurations

with i parallel connections.
In the proposed RL framework, the actor network outputs a

discrete action index it ∈
n
1, 2, . . . ,

P4
j=0

�M−1
j

�o
representing

a categorical choice among the valid configurations. Given
the current system state, the actor outputs a softmax over
all valid logits, producing a categorical distribution over all
feasible action indices. The selected index it is then mapped
to the corresponding switch configuration at using a predefined
lookup table L

at = L (it) . (20)

This abstraction allows the RL agent to operate with a
discrete action index while ensuring that every selected action
corresponds to a physically valid and safe switch config-
uration, improving both learning stability and operational
feasibility.

C. State Space

The state space captures the essential information required
for optimal switch configuration decisions. At each time
step t, the state is defined as

st =
�
S OCt

1, S OCt
2, . . . , S OCt

M , swt−1
1 , swt−1

2 , . . . , swt−1
M

�
(21)

where S OCt
i represents the SOC of the cell Bi at time t.

This state representation provides the agent with complete
information about the current charge distribution across all
cells in addition to the current switch connections, enabling
it to make informed decisions about switch configurations to
minimize SOC imbalance.

To ensure safe battery operation and prevent overdischarge,
episodes terminate when any cell reaches an SOC below 0.3.
This termination condition reflects realistic safety constraints
in practical battery management systems while also allowing
sufficient discharge depth for meaningful balancing perfor-
mance evaluation.

D. Reward Function

The reward function is designed as a multiobjective function
that balances SOC equalization, switching frequency, and
runtime maximization. The total reward at each time step is
formulated as

rt = wS OC · RS OC + wsw · Rsw + wtime · 1 (22)

where wS OC , wsw, and wtime are weighting factors that
control the relative importance of each objective, and the
constant “1” represents a fixed reward per time step for
the runtime objective. The SOC balancing term encourages
uniform charge distribution

RS OC = ∆S OCt−1 − ∆S OCt (23)

where ∆S OCt = max1≤i≤M S OCt
i − min1≤i≤M S OCt

i represents
the SOC imbalance across all cells at time t. This term rewards
the agent for reducing the difference between the maximum
and minimum SOC values.

The switching penalty term discourages frequent switch
changes and can be defined as

Rsw = −

MX
i=1

1
�
S t−1

i , S t
i

�
(24)

where S t
i represents the connection set (S t

i,1, S
t
i,2, S

t
i,3) between

cells i and i + 1 at time t and 1[·] is the indicator function that
equals 1 when the condition is true and 0 otherwise. This term
applies a negative reward for each switch state modification,
to encourage a stable operation and reduce wear on switching
components.

V. RESULTS AND DISCUSSIONS

This section presents the performance evaluation of the
proposed RL-based reconfiguration control algorithm. During
training, the RL agent interacts exclusively with the data-
driven surrogate model, which predicts the SOC of the pack
of the next step given the switch configurations. Interact-
ing with the surrogate model enables thousands of episodes
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Fig. 5. Training curves of the proposed agents versus two benchmarks (A2C
and DQN).

to be simulated in a fraction of the time required by the
physics-based model described in Section II. Once training
is complete, the trained RL agent is evaluated and tested on
the physics-based model to assess its performance. To evaluate
proposed RL and baseline controllers, we adopted a ten-cell
reconfigurable battery pack, where cells have different amp-
hour capacity due to cell-to-cell variations. Specifically, in the
high-fidelity model, the nominal cell capacity of the ith cell
is sampled as Cn,i ∈ [2.0, 2.3] Ah, and the series resistance
is modeled as Ro,i = αiRo, where αi ∈ [1.0, 1.2] (up to 20%
variation). These heterogeneous parameters directly affect the
per-cell voltage and SOC dynamics, and therefore, all reported
evaluations are conducted under nonidentical cell behavior.
Given the constrained configurations among cells, a ten-cell
battery pack yields 256 unique configurations. Each simulation
run begins with randomized initial conditions across all cells.
The initial surface Ts and core temperatures Tc of each cell are
randomly sampled from the range [17.5 ◦C, 27.5 ◦C], while
the initial SOC values are randomly assigned between 0.8 and
1.0, representing batteries in a high charge state. The pack is
being discharged under a 1A CC discharge policy. The run is
terminated when one cell’s SOC reaches below 0.3.

To ensure the best performance across all RL algorithms,
we conducted a grid search over key hyperparameters. For the
proposed approach, the search ranges were: learning rate {1 ×
10−4, 3× 10−4, 7× 10−4, 1× 10−3}, β {0.01, 0.017, 0.03, 0.06},
γ {0.95, 0.99, 1.0}, batch size {5000, 10 000, 20 000} and num-
ber of epochs per rollout {4, 8, 10, 12}. The final hyperparam-
eters used are learning rate 3 × 10−4, β = 0.03, γ = 1.0,
ten epochs per rollout, 10 000 steps of batch size, and 200
million total time steps. Similarly, grid-based hyperparameter
search was employed for baseline algorithm’s hyperparameters
tuning.

A. Comparison With Baseline RL Algorithms

To evaluate the learning efficiency and policy stability of
the proposed RL framework, we compare its training perfor-
mance against two widely used baseline algorithms: A2C [50]
and DQN [49]. All algorithms were trained using identical
environmental conditions and reward structures, with a total
of 800 000 rollout steps.

Fig. 5 illustrates the training curves for each method, where
the solid lines represent the mean episodic reward across
eight independent runs (using different random seeds), and
the shaded regions indicate the standard deviation. As shown,
the proposed approach consistently outperforms both A2C
and DQN, achieving faster convergence and higher average
rewards. Notably, the proposed agent stabilizes after approx-
imately 400 000 rollouts, while the A2C and DQN methods
either converge much more slowly or exhibit erratic perfor-
mance due to their less stable update rules [52]. Specifically,
DQN suffers from higher variance during training, likely due
to unstable Q value estimates, particularly in high-dimensional
discrete action spaces [53]. A2C performs more consistently
but converges to a suboptimal plateau relative to the proposed
algorithm.

B. Control Performance Evaluation

To evaluate the real-world applicability of the proposed
RL controller, we deployed the optimal policy, trained by
interacting with the surrogate model environment only, on the
physics-based battery simulator. A total of 47 independent test
scenarios were conducted, each with randomized initial condi-
tions to assess the generalization capability and robustness of
the controller under diverse operating conditions. Specifically,
in each scenario, the initial SOC and temperatures (Tc and Ts)
of each cell are uniformly sampled from [0.8, 1] and [17.5 ◦C,
27.5 ◦C], respectively.

The RL controller’s performance was benchmarked against
two classical baselines: a rule-based controller and a model-
based greedy controller, detailed as follows.

1) The adopted rule-based baseline is inspired by [27],
which, at each time step, identifies four pairs of adjacent
cells with the lowest combined SOC values and connects
them in parallel. This is based on the observations that
cells with the lowest total SOC should draw less current
relative to higher ones; thereby, connecting them in
parallel would naturally help equalize the pack during
discharge. Although simple, this method reflects prac-
tical heuristics commonly used in embedded battery
management systems.

2) The model-based greedy controller applies a greedy
single-step optimization. At each control step, the
algorithm exhaustively evaluates all valid switch config-
urations by simulating a one-step-ahead SOC evolution
for each configuration using the physics-based model.
The switches that result in the lowest projected one-step-
ahead ∆S OC across cells are selected and executed. This
baseline is more computation-intensive and is consid-
ered a short-horizon near-optimal policy for comparison
purposes.

Fig. 6 and Table I summarize the results of the 47-
run evaluation, where “∆S OC” is defined as the difference
between the maximum and minimum individual SOCs within
the pack, “∆S OC” is the average ∆S OC across all time steps,
“Runtime” denotes the time, in minutes, taken for at least one
individual cell’s SOC to fall below 0.3 during discharging, and
“Switch change” represents the average number of changes
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Fig. 6. Comparison of ∆S OC across 47 test runs using a rule-based, greedy
controller, and the proposed RL controller. Dashed lines indicate the average
∆S OC for each method.

TABLE I
COMPARISON OF THE PROPOSED APPROACH VERSUS

BASELINE CONTROLLERS

per time step in each connection set (S 1, S 2, S 3) among
cells, where each change represents a transition between
series and parallel. For example, if the current sw equals
[3, 3, 3, 1, 1, 2, 2, 1, 1, 1] and in the next step the controller
decides to change sw to [2, 2, 1, 1, 1, 2, 2, 1, 1, 1] then the
number of changes for this step is 1 because (S 2,1, S 2,2, S 2,3)
changed from parallel to series while all the other switches
stayed the same. Taking the average of these changes during
the whole test run (episode) yields the Switch change. Please
note that the best value for each metric is highlighted in bold.

The proposed RL controller consistently outperforms both
baselines across all four key metrics: ∆S OC, ∆S OC, runtime,
and number of switch changes. For SOC balancing, the RL
controller achieves the lowest ∆S OC and ∆S OC with 0.0183
(σ = 0.0033) and 0.038 (σ = 0.0113), respectively, compared
to [0.0391 (σ = 0.0089) and 0.052 (σ = 0.0113)] and
[0.0197 (σ = 0.0048) and 0.039 (σ = 0.0144)] for the
rule-based and greedy approaches, respectively. Notably, the
RL controller maintains the lowest standard deviation, which
shows robustness and stability. Additionally, it maintains a
higher runtime (135.95 min) and requires the fewest average
switch operations (2.556), indicating a more efficient and less
aggressive switching policy. These results highlight the RL
controller’s ability to strike a balance between performance
and operational efficiency. Figs. 7 and 8 further illustrate
the SOC evolution and the ∆S OC for two test episodes
using the RL controller. The SOC levels of all ten cells
converge smoothly, demonstrating effective balancing without
oscillatory or erratic switching behavior.

Fig. 7. Performance of RL controller balancing a ten-cell reconfigurable
battery pack. Top: individual cell SOC trajectories over time. Middle: the
change in ∆S OC over time. Bottom: change in switch configurations ∆sw at
each time step.

Fig. 8. Performance of RL controller balancing a ten-cell reconfigurable
battery pack. Top: individual cell SOC trajectories over time. Middle: the
change in ∆S OC over time. Bottom: change in switch configurations ∆sw at
each time step.

These results collectively demonstrate the superiority of
the proposed RL-based controller over both rule-based and
greedy-based baselines, affirming its potential for deploy-
ment in dynamic and high-dimensional battery reconfiguration
tasks.
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TABLE II
PROPOSED RL CONTROLLER VERSUS TRUE MINIMUM POLICY

C. Comparison With Optimal Switching Policy

To further assess the effectiveness of the proposed RL
controller, we aimed to benchmark its performance against
optimal switch configurations. However, exhaustively evaluat-
ing all possible switching sequences across an entire discharge
cycle is computationally intractable. For a ten-cell pack with
256 possible switch combinations per time step and over
27 time steps per episode, the total number of simulations
required exceeds realistic computational resources.

To overcome this, we limit the discharge cycle to only two
steps, enabling a complete dynamic programming evaluation
of all possible switch sequences over those two steps to
find the true minimum ∆S OC. This involves an exhaustive
simulation of all 256 × 256 = 65 536 switch combinations
per test scenario. Due to the use of a physics-based battery
simulator, each such test requires approximately four days
of computation time using a standard desktop computer with
a 3.0 GHz processor, 32 GB of RAM, and an NVIDIA
RTX 3070 Ti GPU. In total, we performed 16 such runs to
get the optimal switch configurations and the true possible
minimum ∆S OC. To compare against this benchmark, we
evaluated two RL agents: 1) an RL agent trained on full-
length episodes but evaluated in two-step episodes; and 2) an
RL agent trained on two-step episodes, which matches the
horizon of the optimal baseline. It is important to note that
both RL agents are trained by interacting with the surrogate
model only, and it takes about 7 h of training time using our
standard desktop computer described earlier to train the RL
agent. Additionally, to validate the proposed method for longer
time steps, we investigate a four-cell battery pack where we
can obtain dynamic programming results for six time steps (30
min of simulation time) within a practical amount of time.
Because of the exponential increase in required simulation
for dynamic programming, the simulation of seven time steps
exceeds realistic computational resources; hence, six-time-step
dynamic programming is implemented.

As shown in Table II, both RL agents achieve near-optimal
performance in both experiments (four-cell and ten-cell battery
packs). In the short-horizon ten-cell pack, the full-episode
RL agent yields an average ∆S OC of 0.115, while the two-
step RL agent achieves 0.104. These values are close to the
minimum possible ∆S OC of 0.097 obtained through dynamic
programming. Similarly, in the long-horizon four-cell pack
experiment, the RL controller achieves 0.0342 and 0.0383 for
the full-episode and six-step-episode RL agents, respectively,
while the minimum possible average ∆S OC is 0.0294. The rel-
atively small performance gap in both experiments highlights
the RL policy’s ability to approximate optimal decision-
making even when trained under different scenarios. These
experiments demonstrate that the proposed RL framework,

TABLE III
IMPACTS OF REWARD WEIGHTING

despite relying on high-level approximations during training,
can generalize well and perform competitively with respect
to optimal control strategies in both short- and long-horizon
tasks—with dramatically lower computational demands.

D. Tradeoff Analysis of Reward Function Components

To understand the influence of individual reward com-
ponents, we conduct a sensitivity analysis by varying the
weighting parameters of the multiobjective reward function.
In this analysis, the SOC balancing term is always given
primary importance (wS OC = 1), while the switching penalty
(wsw) and runtime bonus (wtime) are adjusted to observe their
effects on policy behavior. Please note that for each reward,
weighting parameters, hyperparameters (learning rate, entropy
coefficient, epochs, etc.) were re-tuned to ensure optimal
performance under the modified reward structure. The results
are summarized in Table III.

When the agent is trained with a pure SOC-focused reward
(wsw = 0, wtime = 0), it achieves the lowest ∆S OC value of
0.0099, indicating excellent balancing performance. However,
this comes at the cost of aggressive switching, with an average
of 4.11 switch changes per time step. This result highlights
the tendency of the agent to overoptimize SOC uniformity
at the expense of switching efficiency. Introducing a nonzero
switching penalty (e.g., wsw = 0.01, wtime = 0) reduces the
average switch changes to 1.984, albeit with a slightly worse
balancing performance (∆S OC = 0.023). Further increasing
the switching weight (wsw = 0.1) yields the lowest switching
activity (0.6259), but with a corresponding drop in balanc-
ing quality (∆S OC = 0.0243). A similar trend is observed
when the runtime bonus is activated. Adding a small time
reward (wtime = 0.01, wsw = 0) increases the runtime to
135.98 min and results in ∆S OC = 0.0123, with switch
changes increasing to 4.28. A stronger runtime emphasis
(wtime = 0.1) further boosts runtime to 136.52 min, while
still maintaining reasonable SOC balancing (∆S OC = 0.0107).
However, the switching rate remains high in these cases.
An additional configuration was tested where both the switch
penalty and the runtime bonus were applied simultaneously
(wsw = 0.03, wtime = 0.1, wS OC). This setup was designed to
balance all three control objectives concurrently. This config-
uration achieves the best overall performance, with a ∆S OC
of 0.0183, a runtime of 135.95 min, and an average switch
change of 2.556.
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VI. CONCLUSION

This article presents an RL control framework for real-time
SOC balancing in reconfigurable lithium-ion battery packs.
By modeling the reconfiguration task as an MDP, the pro-
posed method leverages a policy optimization strategy to
determine optimal switch configurations that minimize SOC
imbalance while maintaining efficiency and reducing switch-
ing frequency. The ECM, integrated with thermal dynamics,
provides a high-fidelity simulation environment that accu-
rately captures the complex electro-chemical-thermal behavior
of lithium-ion batteries. However, its computational expense
makes it unsuitable for real-time control or large-scale training.
To address this limitation, a linear surrogate model is devel-
oped to emulate the ECM’s behavior with significantly
reduced computational cost, enabling safe and efficient training
of the RL agent. Extensive experimental validation demon-
strates the superiority of the proposed RL-based controller
over conventional approaches such as the rule-based controller
and greedy controller. The multiobjective reward function
effectively balances SOC equalization, switching efficiency,
and operational runtime, with sensitivity analysis revealing
optimal weighting parameters for practical deployment. Com-
prehensive evaluation against optimal switching policies, as
obtained by dynamic programming, in short-horizon scenarios
further validates the effectiveness of the approach, with the
RL agent achieving performance close to the true minimum
while requiring dramatically lower computational resources.
With that being said, the following limitations of this work
should be acknowledged. The linear surrogate model does not
explicitly capture aging/degradation dynamics. Future work
will focus on extending the framework to larger battery
packs and developing adaptive strategies for varying oper-
ating conditions, such as SoH. In particular, experimental
validation on physical battery hardware will be pursued to
further validate the transfer learning capabilities and real-
world applicability of the proposed approach. Additionally, the
framework should be validated under time-varying discharge
profiles and extended to a liquid-cooled battery pack model
by refitting the surrogate model coefficients.
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