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Abstract—This paper presents a control framework based on
reinforcement learning (RL) for achieving real-time state-of-
charge (SOC) balancing within reconfigurable lithium-ion battery
systems. Reconfigurable battery architectures provide enhanced
flexibility via dynamically adjustable circuit topologies. Realizing
their full capabilities requires an intelligent controller that can
determine optimal topologies in real-time. This work addresses
the problem by modeling the reconfiguration task as a Markov
Decision Process and developing a policy optimization approach
that directs switching actions according to cell states. The pro-
posed RL agent operates on discrete action space and is guided
by a multi-objective reward function. In particular, the controller
is designed to balance the tradeoff among SOC equalization
performance, switching effort, and runtime. To avoid the high
cost associated with physical battery training, a surrogate model
is proposed for efficient simulation-based learning. The surrogate
model provides an accurate approximation of the battery pack
dynamics while significantly reducing the computational burden
during training. The proposed RL controller is evaluated against
rule-based and greedy-based baselines, achieving superior SOC
balancing performance with improved runtime. Specifically, the
proposed controller achieves a final SOC spread of 0.0163 V,
corresponding to more than 17% improvement over the greedy-
based controller and 58% improvement over the rule-based
controller.

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

I. INTRODUCTION

ELECTRIC vehicles and many other devices rely on
lithium-ion battery packs containing hundreds of cells

[1], [2]. These multicell packs inevitably suffer from cell
imbalance due to manufacturing variations and aging, with
the weakest cell limiting pack performance [3]–[6]. Current
balancing methods have fundamental limitations. Passive bal-
ancing wastes energy as heat [7], while active balancing
requires complex, costly circuitry that continuously drains
power [8]. While fixed topologies cannot dynamically man-
age individual cells, causing performance degradation [9],
reconfigurable battery systems offer a solution by dynamically
adjusting internal topology [10], [11]. However, controlling
these systems is challenging due to nonlinear battery be-
havior and exponentially growing switch combinations [10].
Conventional approaches like dynamic programming become
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computationally prohibitive at scale [12], [13], while rule-
based methods achieve only suboptimal performance [14],
[15]. Deep reinforcement learning (DRL) presents a promising
alternative [16]–[21]. However, training on hardware risks
battery degradation and safety [22], while virtual training faces
significant simulation time that is impractical for large battery
systems.

Despite the promise of DRL for battery reconfiguration,
existing approaches exhibit critical limitations. The study in
[9] demonstrated a DRL-based controller that reduced voltage
deviation by 60%, but it relied on a limited set of discrete
topologies and a single-objective formulation that ignored
switching cost and runtime efficiency. More recently, [23]
explored AI-assisted reconfiguration for cell balancing, yet
restricted their action space to only seven valid topologies,
fundamentally limiting the controller’s adaptability across di-
verse operating conditions. Furthermore, existing approaches
lack rigorous benchmarking against provably optimal con-
trol strategies, making it difficult to quantify how closely
learned policies approximate optimal performance. This paper
directly addresses these gaps by proposing a multi-objective
RL framework that explores all 256 valid configurations and
benchmarks performance against both greedy controllers and
dynamic programming solutions.

This paper proposes an RL-based control framework us-
ing an actor-critic architecture to learn switching strategies
that balance SOC while minimizing switching frequency. We
develop a linear surrogate model achieving 98.68% accuracy
with 0.012% computational time compared to high-fidelity
simulation. Our approach explores 256 valid topologies (versus
7 in [23]), reduces SOC imbalance by 91.6% over 105 minutes,
and achieves 17.2% and 58.3% improvements over greedy and
rule-based controllers respectively.

The remainder of the paper is organized as follows. Sec-
tion II presents the battery packs and reconfiguration model.
Section III introduces the surrogate model and the proposed
RL control algorithm. Section IV provides simulation results.
Section V concludes the paper with future work directions.

II. DYNAMICS OF BATTERY PACKS

A. Cell Dynamics

The cell model adopted in this work is based on the
equivalent circuit model (ECM) [24], [25], which combines
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Fig. 1. The equivalent circuit model of a single battery cell.

an electrical circuit with a two-state thermal model to capture
both the electrical and thermal dynamics of lithium-ion batter-
ies. The electrical behavior is characterized by two RC pairs
and a series resistance (see Fig. 1), with dynamics governed
by:

V̇1 = − V1

R1C1
+

I

C1
, (1a)

V̇2 = − V2

R2C2
+

I

C2
, (1b)

v = VOC − V1 − V2 − IRo, (1c)

where v is the terminal voltage, VOC is the open-circuit
voltage, and I is the current (positive for discharge, negative
for charge). The RC pairs are characterized by voltages V1

and V2, resistance R1 and R2, and capacitance C1 and C2,
with Ro representing the series resistance. The cell’s SOC is
govern by

ṡ = − η

3600Cn
I, (2)

where s is the SOC, η is the coulombic efficiency and Cn is
the nominal capacity of the cell in Amp-Hour. The thermal
behavior is modeled using core and surface temperatures:

CcṪc = Q+
Ts − Tc

Rc
, (3a)

CsṪs =
Tc − Ts

Rc
+

Tf − Ts

Ru
, (3b)

where Tc is the core temperature, Ts is the surface temperature,
Tf is the ambient temperature, Cc and Cs are the heat
capacities of the core and surface respectively. Rc is the
conduction resistance between Tc and Ts, while Ru is the
convection resistance between Tf and Ts. The heat generation
Q is given by

Q = I(Voc − v)− I
Ts + Tc

2

dVoc

dT
. (4)

All model parameters (Voc, Ro, R1, R2, C1, C2) vary with
SOC s and temperatures Tc and Ts, and can be expressed as
σ = fσ(s, Tc, Ts), where σ = {Voc, Ro, R1, R2, C1, C2}.
In this paper, the experimentally validated parameters in [26],
[27] are adopted.

Fig. 2. Reconfigurable battery packs consisting of M cells.

B. Battery Reconfiguration

The individual cell models are integrated into a recon-
figurable battery pack consisting of M cells interconnected
through a three-switch-per-connection architecture (Fig. 2).
The resultant battery pack architecture enables series/parallel
reconfiguration between adjacent cells. Each cell Bi has
three switches (Si,1, Si,2, Si,3) that determine whether it con-
nects to cell Bi+1 in series (swi = 1) or parallel (swi =
0). Given pack current Ip and switch configuration sw =
[sw1, sw2, . . . , swM−1], the individual cell currents I are
calculated by solving

AI = C, (5)

where A ∈ RM×M enforces the following: (1) Ii = Ip for
series cells, (2) current conservation

∑
j∈P Ij = Ip for any

parallel group P , (3) voltage consistency for parallel cells

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

where V̄OC,i = VOC,i − V1,i − V2,i is the “modified” open-
circuit voltage of cell i. The constraint vector C contains
the corresponding values, and solving equation (5) yields the
current distribution for updating battery states via equations
(1)–(3).

III. RL-BASED RECONFIGURATION CONTROL

A. Reconfigurable Battery Pack Surrogate Model

The high-fidelity model from Section II requires solving
linear system (5) at each time step, making RL training
computationally expensive. We address this by developing a
linear surrogate model:

SOC(k + 1) = A · SOC(k) +B · I(k) + C · sw(k), (7)

where SOC(k) ∈ RM represents cell SOCs, I is the current
distribution obtained by solving (5), and sw(k) is the switch
configuration. Using 5-minute time steps significantly reduces
computational cost by requiring currents I calculation only at
these intervals. Matrices A, B and C are obtained via least
squares fitting to high-fidelity simulation data generated under
random initial conditions. We assume constant current dis-
charge for the pack within each time step, a valid assumption
in cell balancing literature [13], [23]. To evaluate the proposed
surrogate model, the high-fidelity model is used to generate
training data, each with different initial SOC, different initial
temperature, and different switch configuration. Using an
80/20 train-test split, the surrogate model achieves RMSE of
0.009051 on training dataset and 0.009187 on testing dataset.

Authorized licensed use limited to: OAKLAND UNIVERSITY. Downloaded on July 23,2026 at 23:07:08 UTC from IEEE Xplore.  Restrictions apply. 



Action
𝑎𝑡

State
𝑠𝑡

Reward
𝑟𝑡

Agent

Environment

Simulation data for surrogate fitting

Surrogate 
Model

High-Fidelity Electro-

Thermal Model

Fig. 3. RL training loop for reconfigurable battery pack balancing, where the agent interacts only with the surrogate model during training. The surrogate
model environment provides an efficient approximation of pack dynamics for policy learning.

B. Proposed RL Framework

The reconfigurable battery pack control problem is formu-
lated as a Markov Decision Process (MDP) and Proximal
Policy Optimization (PPO) [28] is used as the foundation of
our control framework (see Fig. 3). The MDP is defined by
(A,S, P, r, γ), where action space A represents switch con-
figurations, S is the state space, r denotes immediate reward,
and γ is the discount factor. The actor-critic architecture uses
separate networks (256-128-64 hidden layers, Tanh activa-
tions) where the actor πθ(s) outputs a distribution over 256
discrete switch configurations and the critic Vϕ(s) estimates
state values. The critic minimizes the temporal difference (TD)
error as follows.

LV F (ϕ) = E
[
(rt + γVϕ(st+1)− Vϕ(st))

2
]
, (8)

where rt is the immediate reward at time t. The actor maxi-
mizes the clipped advantage-weighted loss as follows.

LCLIP(θ) = Et

[
min

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

)
+ βH

]
,

(9)
where rt(θ) =

πθ(at|st)
πθold

(at|st) is the probability ratio between the
new and old policies, and ϵ controls the clipping range, β
weights the entropy term which can be defined as:

H(πθ(st)) = E [− log πθ(st)]. (10)

Ât represents the advantage estimation of action at compared
to the average return achieved starting from state st, and it
can be defind as:

Ât = rt + γVϕ(st+1)− Vϕ(st). (11)

1) State and Action Spaces: The state at time t is repre-
sented by all cell SOCs at the current time step

st = [SOCt
1, SOCt

2, . . . , SOCt
M , swt−1

1 , . . . , swt−1
M−1], (12)

where SOCi represents the SOC of cell Bi. Episodes ter-
minate when any cell SOC falls below 0.3 to ensure safe
operation.

The actions represent the switch configurations

at = [swt
1, sw

t
2, . . . , sw

t
M−1]. (13)

To maintain minimum voltage requirements (19.8V), parallel
connections are limited to 4, constraining the action space to
A =

∑4
j=0

(
M−1

j

)
. The actor network outputs a discrete action

index that maps to valid configurations (256) via the lookup
table L such as:

at = L(it). (14)

2) Reward Function: The proposed multi-objective reward
function balances three objectives SOC imbalance reduction,
switching frequency reduction, and runtime maximization.

rt = wSOC ·RSOC + wsw ·Rsw + wtime · 1, (15)

where wSOC , wsw, and wtime controls reward function prior-
ities. The SOC balancing term is defined as:

RSOC = −Var
[
SOCt

1, . . . , SOCt
M

]
, (16)

while the switching penalty is used to discourage frequent
switch changes and it can be defined as

Rsw = −
M∑
i=1

1
[
St−1
i ̸= St

i

]
. (17)

The three-term reward structure reflects practical tradeoffs
inherent to battery management. The SOC variance term
RSOC penalizes charge spread across cells, directly incen-
tivizing equalization throughout the discharge process. The
switching penalty Rsw is included because frequent topology
changes introduce mechanical wear on switching components
and can induce transient disturbances in the current distri-
bution. Finally, the constant runtime reward encourages the
agent to sustain pack operation as long as possible before
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TABLE I
COMPARISON OF THE PROPOSED APPROACH VS BASELINE CONTROLLERS

Metrics Rule-based Greedy-based Proposed algorithm
∆SOC 0.0391 (±0.008) 0.0197 (±0.004) 0.0163 (±0.003)
Runtime 133.25 (±4.91) 105.3 (±4.09) 133.45 (±4.6)

Switch changes 5.79 (±0.44) 3.054 (±0.57) 4.3 (±0.33)

any cell reaches the discharge cutoff of 0.3 V, aligning the
learned policy with the broader objective of maximizing usable
energy delivery of the pack. The weights wSOC , wsw, and
wtime allow tuning of the relative priority of each objective
depending on the target application.

IV. RESULTS

This section evaluates the proposed RL-based reconfig-
uration control. The RL agent is trained on the surrogate
model for computational efficiency, enabling thousands of
episodes in minimal time, following by testing on the physics-
based high fidelity model discussed in Section II. We use a
10-cell reconfigurable battery pack with cell-to-cell capacity
variations, yielding 256 unique configurations under voltage
constraints. The initial conditions are randomized, such that
Ts, Tc ∈ [17.5C, 27.5C] and SOCs ∈ [0.8, 1.0]. The battery
pack undergoes a constant-current 1A discharge until any cell
SOC drops below 0.3.

To evaluate the performance of the proposed RL controller,
the best-performing RL policy, trained by interacting solely
with the surrogate model, is tested on the physics-based sim-
ulator. A total of 47 independent test runs, each with random
initial conditions, are performed. Two baselines are used to
compare the proposed RL policy: a rule-based, and a model-
based greedy controller. The rule-based baseline, inspired from
[15], connects four pairs of adjacent cells with the lowest
combined SOC in parallel at each time step. This allows
the lower-SOC cells draw less current to help equalize the
pack during discharge. The model-based greedy controller per-
forms single-step optimization by evaluating all valid switch
topologies through one-step-ahead SOC simulation using the
physics-based model. The topology with the lowest ∆SOC is
selected and executed. This baseline serves as a short-horizon
near-optimal approach for comparison.

Table I summarizes the 47-run evaluation, where “∆SOC”
is the maximum-minimum SOC difference within the pack,
“Runtime” is the time (minutes) until any cell’s SOC drops
below 0.3, and “Switch change” is the average number of
series-parallel transitions per time step in each connection
set (S1, S2, S3). The proposed RL controller consistently
outperforms both baselines. The RL controller achieves the
lowest ∆SOC of 0.0163 (σ = 0.003), compared to 0.0391
(σ = 0.0089) and 0.0197 (σ = 0.0048) for the rule-based
and greedy approaches, respectively. Notably, the RL con-
troller maintains the lowest standard deviation, which shows
robustness and stability. Additionally, it maintains a higher
runtime of 133.45 minutes (compared to 133.25 and 105.3
for rule-based and greedy-based respectively) but with more

switch changes (4.3), an acceptable tradeoff given the 17.2%
improvement in SOC equalization. Fig. 4 shows the SOC
evolution and ∆SOC during a test episode under the RL
controller. All 10 cells converge smoothly, showing effective
equalization.

These results collectively demonstrate the superiority of
the proposed RL-based controller over both rule-based and
greedy-based baselines.

V. CONCLUSION

This paper presents a reinforcement learning-based control
framework for real-time SOC balancing in reconfigurable bat-
tery packs. The proposed approach successfully addresses the
computational challenges of controlling reconfigurable battery
systems by developing a linear surrogate model that achieved
98.68% accuracy while requiring only 0.012% computational
time compared to high-fidelity simulation. The effectiveness of
the proposed controller is validated through testing on a 10-cell
reconfigurable battery pack under randomized initial SOC and
temperature conditions. Compared with both rule-based and
greedy-based baselines, the RL controller achieved the best
balancing performance, producing the lowest ∆SOC while
also maintaining strong runtime performance. Future work will
focus on experimental validation on physical battery hardware
to further validate the proposed controller. In addition, extend-
ing the framework to jointly consider temperature balancing,
degradation-aware control, and larger battery packs with more
complex switching architectures would further strengthen the
practical applicability of the proposed approach.
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