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Surrogate Model for Reconfigurable Battery
Packs Using Graph Neural Networks
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Abstract—This article presents a novel graph neural
network (GNN)-based surrogate model (GNN-SM) for pre-
dicting state evolution in reconfigurable battery packs.
By leveraging graph-based representations of battery cell
interconnections, the proposed approach addresses the
unique challenge of estimating the imbalance in state-of-
charge (SOC) and temperature of cells of a battery pack in
dynamic battery configurations. Unlike conventional meth-
ods that focus on instantaneous state estimation, our GNN-
SM predicts future SOC and temperature distributions by
considering both current system state and switch con-
figuration. The model architecture combines graph atten-
tion networks with pooling operations to effectively cap-
ture cell-to-cell interactions and battery pack-level dynam-
ics. Numerical results under constant current and con-
stant power discharge conditions demonstrate that GNN-
SMsignificantly outperforms baseline feedforward neural
network (FNN) and FNN-attention models, achieving up to
73.7% reduction in root-mean-square error for temperature
imbalance prediction and 46% reduction for SOC imbalance
prediction. Furthermore, the model provides a 1629-fold
speedup over high fidelity physics-based simulator while
maintaining mean absolute percentage errors below 2%
for temperature and 8% for SOC predictions. The scalabil-
ity of GNN-SM is further validated on a 100-cell reconfig-
urable battery pack, where the proposed approach achieves
high accuracy despite being trained on an extremely small
fraction of all possible configurations. Finally, robustness
analysis under sensor noise conditions demonstrates that
GNN-SM maintains reliable predictions even under high
noise levels.

Index Terms—Attention networks, cell imbalance, graph
neural network (GNN), reconfigurable battery packs, state-
of-charge (SOC).
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I. INTRODUCTION

THE increasing adoption of electric vehicles (EVs) [1], [2],
the integration of renewable energy sources into smart

grids [3], [4], [5], [6], and the growing demand for reliable
backup power systems in various applications from mobile
devices to electric planes all point to the critical role of battery
packs in modern technologies [7]. Lithium-ion battery packs
in EVs consist of hundreds of cells arranged in series and/or
parallel configurations to meet the high voltage and energy
requirements [8]. However, these complex battery systems face
challenges in their design and management. A key challenge
is cell imbalance, which arises from variations in battery cell
characteristics due to manufacturing inconsistencies, uneven
aging, and difference in operation conditions [9], [10]. This
can lead to state-of-charge (SOC) and temperature imbalance,
which can result in reduced battery pack lifespan, safety issues
such as overheating and thermal runaway, and diminished energy
efficiency [11], [12], [13], [14], [15].

While conventional battery management systems employ
techniques like cell balancing to mitigate these issues, their
effectiveness is often limited by the static nature of cell inter-
connections. To address these inherent limitations of fixed cell
topologies, reconfigurable battery packs, enabled by networks
of controllable switches, offer a promising solution [16], [17],
[18], [19]. Consisting of battery cells equipped with switching
circuits, reconfigurable battery packs allow dynamic reconfig-
uration of cell connections in series, parallel, or bypass con-
figurations. Such a reconfigurable architecture enables flexible
control over cell interconnections, allowing battery packs to be
dynamically configured in different modes such as all-serial, all-
parallel, or hybrid (serial–parallel-bypass) arrangements [20].
By dynamically altering the connections between battery cells,
reconfigurable battery systems can improve cell balancing, en-
hance lifespan and safety, and optimize energy efficiency [21],
[22]. For example, it is shown in [17] and [23] that reconfigurable
battery packs for cell balancing can achieve up to 22.4% longer
battery runtime.

The performance benefits of reconfigurable battery packs
have motivated more research into optimal reconfiguration
strategies [24], [25], [26]. Han et al. [24] investigated the
problem of minimizing battery charge equalization (BCE) time
through cell and module reconfiguration. The study reveals
a fundamental computational challenge that the number of
possible configurations scales exponentially with the increase
of the number of cells/modules in the reconfigurable battery
pack. While their proposed algorithms achieve near-optimal
BCE times with significantly reduced computation compared to
exhaustive search, effective real-time implementation requires a
fast and accurate surrogate model capable of rapidly evaluating
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how candidate configurations will affect cell state evolution.
The study in [25] showed that reconfiguration can substan-
tially improve energy capacity delivery by accounting for cell
state-of-health (SOH). In series-connected strings, deliverable
capacity is constrained by the weakest cell. Their SOH-aware
algorithm minimizes the bottleneck effect of weak cells by
grouping cells with similar SOH and improves the capacity
delivery by 10%–60%. Collectively, the authors in [24] and [25]
showed that balancing both speed and capacity requires models
that can predict how different topologies affect cell states over
time.

Beyond performance optimization, reconfigurable battery
packs must satisfy safety-critical hardware constraints during
topology transitions. Han et al. [26] analyzed the maximum
switch current encountered when reconfiguring battery con-
nections during series-to-parallel transitions. When cells with
different terminal voltages are suddenly connected in parallel,
substantial transient currents flow through the switches to equal-
ize the voltages. Their study shows that the larger the SOC
imbalance is the larger voltage spread, which yields higher
switch current spikes. This relationship reveals an important
connection between state prediction and hardware safety. While
instantaneous safety verification can use currently measured cell
states, predictive safety assessment requires a topology-aware
model capable of forecasting how cell states will evolve under
a given configuration.

To address this computational challenge, data-driven sur-
rogate models offer a promising alternative to physics-based
simulation. Attempts have been made in literature to address
this issue. For example, the authors in [17] and [23] investi-
gated several supervised learning approaches to predict optimal
topology in a reconfigurable battery pack. To generate training
data, a multiobjective optimization problem is formulated for
the topology selection, with objectives to maximize the sum of
all cell SOC values and to minimize the range of SOC values
across cells. By solving the multiobjective optimization problem
offline, the training data is obtained that is used to train various
machine learning models including FNN, support vector ma-
chines (SVM) [27], adaptive boost (AdaBoost) [28], k-Nearest
Neighbors (KNN) [29], and Random Forest (RF) [30] to predict
the best topology for the next control period. In particular, the
FNN model achieved the best performance with 72% testing
accuracy. While the authors in [17] and [23] demonstrated the
potential for modeling battery pack reconfiguration, flattening
topology into feature vectors and relying on exhaustive simu-
lation makes these approaches fundamentally limited in both
scalability and generalization. First of all, exhaustive simula-
tions, which enumerate all possible transitions between topology
pairs, are required for training data generation. Furthermore,
multiple simulations under different conditions are needed for
each configuration to capture the patterns of SOC changes.
Consequently, this approach developed by authors in [17] and
[23] became computationally intractable when the number of
cells increased, since the number of possible topologies grew
exponentially with pack size.

To scale up for the large number of cells that commonly
exist in EVs, we develop a graph neural network (GNN)-based
surrogate model (GNN-SM) for reconfigurable battery packs to
predict future variations of SOC and cell temperatures. Unlike
FNNs that flatten topology into fixed-length vectors and dis-
card physical connectivity, GNNs are specifically designed for
graph-structured data [31], [32], [33], making them a natural

Fig. 1. Workflow of the proposed GNN-SM framework for reconfig-
urable battery packs.

fit for battery packs where cells and switches form an inher-
ently graph-structured representation. Crucially, GNN-SM learn
local cell-to-cell interaction patterns through message passing
rather than memorizing global configuration mappings, enabling
generalization to unseen topologies and scaling to packs with
hundreds of cells without architectural changes. Recent works
have applied GNNs specifically within battery management sys-
tems. For example, graph attention networks (GATs) have been
employed for SOH estimation [34], graph convolutional learn-
ing has been used to capture degradation patterns from partial
discharge data [35], and GNN-based frameworks have been de-
veloped for voltage fault diagnosis in EV battery packs [36]. Re-
lated advances in other networked dynamical systems have also
highlighted the effectiveness of graph-based spatio-temporal
learning [37], [38]. However, these studies do not consider the
prediction of state evolution under dynamically reconfigurable
topologies, where the graph structure itself changes with each
switching decision.

The proposed GNN architecture naturally captures the phys-
ical connections and operational dynamics of reconfigurable
battery packs by representing both battery cells and switches
as nodes in a graph, with edges representing their physical con-
nections. The battery cell nodes contain state information such
as SOC and temperature, while switch nodes encode the mode
of connections between two adjacent cells. By processing this
graph-structured data through multiple GNN layers, our model
learns to aggregate information from neighboring nodes and
predict how different switch configurations affect the evolution
of cell states. An overview of the proposed end-to-end surrogate
modeling pipeline is shown in Fig. 1.

The GNN-SM is trained using simulation data generated from
a detailed experimentally validated electro-chemical-thermal
battery model that incorporates both electrical equivalent cir-
cuits and thermal dynamics [39], capturing the complex interac-
tions between battery cells in various reconfigurable topologies.
Numerical results demonstrate that, in all test conditions, the
proposed GNN-SM significantly outperforms traditional FNNs
and FNN-attention models in terms of estimation accuracy.
This predictive capability is particularly valuable for reconfig-
urable battery systems, where understanding the future impact
of different switching configurations can enable more effective
reconfiguration strategies and thermal management. The key
contributions of this article can be summarized as follows.

1) Unlike existing approaches that represent battery pack
configurations as flattened feature vectors, [17], [23], a
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Fig. 2. ECM of a single cell.

novel graph representation is developed to model recon-
figurable battery packs by treating both cells and switches
as heterogeneous nodes and the electrical coupling as
edges that capture the physical connections.

2) A key bottleneck in reconfigurable battery pack model-
ing is that the number of possible topologies grows as
2(M−1) with pack size M, making exhaustive data collec-
tion intractable. Our attention-driven GNN architecture
leverages message passing to learn transferable patterns
of cell-to-cell interactions, enabling accurate predictions
even when trained on an extremely small fraction (as low
as 3.5× 10−25%) of total possible configurations.

3) The proposed GNN-SM achieves 1629 times speedup over
physics-based simulation while maintaining prediction
errors below 2% for temperature and 8% for SOC im-
balance. The proposed model achieved up to a 73.7%
reduction in RMSE for temperature and a 46% reduction
for SOC imbalance prediction.

4) To test scalability of the proposed surrogate model, the
model is further evaluated on a large-scale 100-cell re-
configurable battery pack.

5) Model performance is examined under both constant
current (CC) and constant power (CP) discharge policies
to ensure robustness under diverse operating conditions.

6) To validate the proposed model performance for real-
world applicability, we assess the robustness of the model
to sensor measurement noise. The model maintains re-
liable predictions even under high noise conditions on
completely unseen 100-cell configurations.

The rest of this article is organized as follows. Section II
introduces the battery pack modeling methodology based on
integrated electro-chemical-thermal modeling. Section III ex-
plains the graph representation for the reconfigurable battery
pack system. Section IV elaborates on the architecture of the
proposed GNN-SM, while Section V describes the experimen-
tal configuration and analyzes the numerical results. Lastly,
Section VI concludes this article and outlines potential avenues
for future research.

II. DYNAMICS OF BATTERY PACKS

A. Cell Dynamics

The cell model adopted in this work is based on the equiva-
lent circuit model (ECM) [39], [40], [41], which combines an
electrical circuit with a two-state thermal model to capture both
the electrical and thermal dynamics of lithium-ion batteries (see
Fig. 2). The electrical behavior is characterized by two RC pairs

Fig. 3. Reconfigurable battery pack consisting of M cells.

and a series resistance, as follows:

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

ṡ = − η

3600Cn
I (2)

where s is the cell 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 resis-
tance 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) are functions
of SOC s and temperatures Tc and Ts, and can be expressed as

σ = fσ(s, Tc, Ts) (5)

where σ= {Voc, Ro, R1, R2, C1, C2}. In this article, parameters
in [39], which have been experimentally validated, are adopted
for a nominal battery cell.

B. Battery Reconfiguration

Individual cell models are integrated into a reconfigurable
battery pack consisting of M cells interconnected through a
network of switches. Different switch architectures are reviewed
in [42], each providing a different compromise between sys-
tem flexibility and complexity. As shown in Fig. 3, a three-
switch-per-connection architecture is adopted in this article,
where switches can be either open or closed, enabling dynamic
formation of series and parallel connections between adjacent
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cells. 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. The resultant battery pack architecture enables
dynamic adaptation of cell interconnections during operation.

Formally, let B be a reconfigurable battery pack with M
cells (B1, B2, . . ., BM ∈M) connected through a network of
switches as shown in Fig. 3, where each cell Bi has three
switches (Si,1, Si,2, Si,3) controlling its configuration. In other
words, the switch configuration for cells Bi, i = 1, . . . ,M − 1
determines its connection state swi with its adjacent cell Bi+1,
with the following notation:

swi =

{
1, for series connection between Bi and Bi+1

0, for parallel connection between Bi and Bi+1.

For example, when switch Si,2 is connected and both switches
Si,1 and Si,3 are disconnected, cell Bi would be in series
connection with cell Bi+1 and so swi = 1. On the other hand,
when switch Si,2 is disconnected and both switches Si,1 and
Si,3 are connected, cell Bi would be in parallel connection
with cell Bi+1 and so swi = 0. Note that other switch status
combinations are prohibited to prevent short circuit or open
circuit. Note also that swM does not necessarily need to be
defined.

Finally, the dynamics of each cellBi is given by (1)–(5). Given
a prediction horizon τ , we define the SOC and temperature
imbalance across cells as

Δs = max
1≤i≤M

si(τ)− min
1≤i≤M

si(τ) (6a)

ΔTc = max
1≤i≤M

Tc,i(τ)− min
1≤i≤M

Tc,i(τ). (6b)

Note that here the temperature imbalance is defined over the
core temperature Tc only. However, the work presented in this
article can be straightforwardly extended to the case of surface
temperature (Ts) imbalance.

Remark 1: The simulation of the reconfigurable pack model
described here requires significant computation, especially for
embedded control systems, as it involves 5M coupled differ-
ential equations for a pack with M cells, representing three
electrical states (V1, V2, s) and two thermal states (Tc, Ts) per
cell. These differential equations must be integrated simulta-
neously, along with additional algebraic equations to calculate
current, terminal voltage and heat generation for each cell (See
Section II-C below). Such a computational complexity makes
real-time prediction and control challenging for large reconfig-
urable battery packs with hundreds of cells. This motivates the

need for computationally efficient surrogate models that can
quickly predict state evolution while maintaining acceptable
accuracy for real-time control applications.

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−1] and
a total pack current demand Ip, the individual cell currents I =
[I1, I2, . . . , IM ]T are obtained by solving a linear system that
enforces the relevant circuit constraints. The current distribution
problem is formulated as

AI = C (7)

whereA ∈ RM×M is the topology-dependent coefficient matrix
and C ∈ RM is the constraint vector. The matrix A encodes
three categories of circuit relationships. First, for cells connected
in series, rows of A enforce uniform current flow by imposing
the condition Ii = Ip. Second, for cells connected in parallel,
Kirchhoff’s current law requires that the total current entering
the parallel group equals the sum of the individual branch
currents. This yields constraints of the form

∑
j∈P Ij = Ip,

where P denotes the set of parallel-connected cells within a
parallel group. Third, voltage consistency is enforced across
all cells within a parallel group. Specifically, for any two
parallel-connected cells i and j, the following condition is
imposed:

Ro,iIi −Ro,jIj = V̄OC,i − V̄OC,j (8)

where Ro,i and V̄OC,i = VOC,i − V1,i − V2,i denote the internal
resistance and “modified” open-circuit voltage of cell i, respec-
tively. The right-hand side vector C includes the corresponding
constraint values: Ip for current flow and conservation con-
straints, and VOC,i − VOC,j for voltage consistency constraints.
Solving the resulting system (7) yields the current distribution
vector I, which is then used to update the battery states according
to (1)–(5).

Example 1: For the pack shown in Fig. 4(a) with its config-
uration defined as sw = [1, 1, 2, 1, 1, 2, 2, 1, 1], the steady-state
current distribution (7) becomes the following: (9) shown at the
bottom of this page.

D. Constant Power Formulation

System (7) requires the pack current is known. When the
battery pack is operated under constant power mode, pack

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

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,3 −Ro,4 0 0 0 0 0 0
0 0 0 0 1 0 0 0 0 0
0 0 0 0 0 1 1 1 0 0
0 0 0 0 0 Ro,6 −Ro,7 0 0 0
0 0 0 0 0 0 Ro,7 −Ro,8 0 0
0 0 0 0 0 0 0 0 1 0
0 0 0 0 0 0 0 0 0 1

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

×

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

I1

I2

I3

I4

I5

I6

I7

I8

I9

I10

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

=

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

Ip
Ip
Ip

V̄OC,3 − V̄OC,4

Ip
Ip

V̄OC,6 − V̄OC,7

V̄OC,7 − V̄OC,8

Ip
Ip

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

. (9)
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Fig. 4. Examples of 10-cells battery pack reconfiguration.

current needs to be calculated as the pack terminal voltage is
time varying. Furthermore, for a reconfigurable battery pack,
the change of cell topology further complicates the calculation
of current for each cell. We first note that the solution of (7) can
be represented as

I = A−1

⎡
⎢⎢⎢⎣

0
c2(1− sw1)

...
cM (1− swM−1)

⎤
⎥⎥⎥⎦

︸ ︷︷ ︸
a

+A−1

⎡
⎢⎢⎢⎣

1
sw1

...
swM−1

⎤
⎥⎥⎥⎦

︸ ︷︷ ︸
b

Ip

= a+ b · Ip (10)

where ci = V̄OC,i−1 − V̄OC,i. For each cell i, the delivered
power can be defined as

Pi = viIi = (V̄OC,i − IiRi)Ii = V̄OC,iIi −RkI
2
k (11)

where vi, pi are the terminal voltage and power of cell i,
respectively. The total pack power PT is then

PT = P1 + P2 + . . .+ PM

[6pt] = VOC
T

⎡
⎢⎢⎢⎣
I1

I2
...

IM

⎤
⎥⎥⎥⎦ −

⎡
⎢⎢⎢⎣
I1

I2
...

IM

⎤
⎥⎥⎥⎦

T ⎡
⎢⎣
Ro,1

. . .

Ro,M

⎤
⎥⎦
⎡
⎢⎢⎢⎣
I1

I2
...

IM

⎤
⎥⎥⎥⎦

= VOC
T I− ITRI

where VOC = [V̄OC,1, V̄OC,2, . . . , V̄OC,M ] and R = diag
(Ro,1, Ro,2, . . . , Ro,M ). Substituting I = a+ b · Ip yields

PT = VOC
T (a+ bIp)− (a+ bIp)

TR(a+ bIp)

= VOC
T (a+ bIp)− (bTRbI2

p + 2aTRbIp + aTRa).

Rearranging terms yields

bTRbI2
p + (2aTR−VOC

T )bIp + PT

+ (aTR−VOC
T )a = 0 (12)

which is a quadratic equation over the scalar variable Ip. There-
fore, given requested pack power PT , solving the quadratic

Fig. 5. Graph representation of a reconfigurable battery pack with M
cells.

equation (12) for the positive real root yields pack current Ip.
Substituting IP in (10) provides the individual currents of all
cells within the pack that is required for the reconfigurable
battery pack to deliver the total power PT .

III. GRAPH REPRESENTATION OF CELL TOPOLOGIES

Reconfigurable battery packs can be naturally represented as
a graph structure that captures both the physical connectivity and
the operational states of the system. As illustrated in Fig. 5, we
model switches and battery cells as different types of nodes,
where their interactions and physical connections are repre-
sented by edges. The switches, which control the series-parallel
configurations, are represented as one type of node carrying
binary state information. The battery cells form another type
of nodes, containing their respective state variables such as s
andTc. The physical layout of battery packs determines the edge
connections. For the reconfigurable battery pack shown in Fig. 3,
edges exist between adjacent switches and between switches
and their connected battery cells. The graph-based approach
effectively captures the dynamic reconfigurability of the battery
pack and allows us to model how the cell topology influences
the state evolution of the battery pack.

Formally, we define our graph structure as follows. Let
G = (V,E) be an undirected graph representing the battery
pack structure, where V is the set of nodes and E is the set
of edges. The node set V consists of two disjoint subsets:
V = Vs ∪ Vb, where Vs = {v1, v2, . . ., vM−1} represents the set
of switch nodes and Vb = {v1, v2, . . ., vM} represents the set of
battery cell nodes. Each node vi ∈ V carries features such as
switch status for vi ∈ Vs and SOC for vi ∈ Vb. We denote the
feature for node vi as xvi

. An undirected graph representation is
adopted because the current direction is state-dependent and im-
plicitly reflected in node features, while thermal propagation is
inherently bidirectional. Thus, undirected message-passing nat-
urally aligns with electro-thermal interactions in reconfigurable
battery packs. More details of the features will be discussed in
Section V-A. The edge set E represents physical connections,
i.e.,

E = {(i, j)| node i is physically connected to node j}.
The adjacency matrix Ā = [Āij ] ∈ R|V |×|V | is defined as

Āij =

{
1, if (i, j) ∈ E

0, otherwise.
(13)

IV. GNN-BASED SURROGATE MODEL

GNNs have emerged as powerful architectures for modeling
complex systems with dynamic relationships [43], [44]. For re-
configurable battery pack modeling, several GNN variants such
as graph convolutional networks (GCNs) [43] and GATs [44] can
be considered. While GCNs offer a straightforward approach
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Fig. 6. GNN-SM architecture used in this article. The model consists of
three sequential GAT layers that process the input graph representation
of the battery pack. Each GAT layer performs message passing between
nodes to capture cell-to-cell interactions. The processed features are
then aggregated through global pooling operations (max and mean
pooling) before being fed into an MLP to produce the final scalar output.

Fig. 7. Architecture of the FNN-attention model used for
benchmarking.

to aggregate neighbor information using fixed weights based
on graph structure, GATs dynamically assign different levels of
importance to neighboring nodes using an attention mechanism.
This property is particularly crucial for reconfigurable battery
packs, where the influence of one cell on another can vary sig-
nificantly based on their electrical connection state. Therefore,
GATs are used in this article. In the rest of this article, we use
“GNNs” and “GATs” interchangeably.

Given SOC variation Δs and temperature variation ΔTc as
defined in (6), the goal of the GNN-SM is to learn and predict
Δs and ΔTc while accounting for the dynamic reconfigurable
topology. The proposed GAT architecture is shown in Fig. 6,
which consists of three GAT layers that process both the battery
cell and switch node features while leveraging the graph struc-
ture defined in Section III. The input of the first GAT layer is the
original nodes features,x = {�x1, �x2, . . ., �x|V |}, �xi ∈ RF , where
F is the number of features in each node. After the message
passing process, new node features are produced as the output of
this layer, denoted as x′ = {�x′1, �x′2, . . ., �x′|V |}, �x′i ∈ RF ′ , where
F ′ represents the embedding size.

In each GAT layer, the first step is to transform the features
of each node into a high-level representation parametrized by
W ∈ RF ′×F . After that, a self-attention operation is applied at
every node as follows:

αij =
exp

(
LeakyReLU

(
�aT1 W�xi + �aT2 W�xj

))
∑

k∈Ni∪i exp
(
LeakyReLU

(
�aT1 W�xi + �aT2 W�xk

))
where αij is the normalized attention coefficients representing
the importance of node j’s features to node i, Ni is a set of i’s
node neighbors, and �a ∈ R2F ′ is the attention learnable weight
vector. The final output features for each node are determined by

computing a linear combination of the features using the normal-
ized attention coefficients as �x′i = tanh(

∑
j∈Ni∪i αijW�xj),

where tanh is used to add nonlinearity.
After the GAT layers transform the node features, both global

max pooling and global mean pooling operations are employed
to aggregate information across all nodes in the graph, as fol-
lows:

�xmax = MaxPool(�x′1, �x
′
2, . . ., �x

′
|V |) (14)

�xmean = MeanPool(�x′1, �x
′
2, . . ., �x

′
|V |) (15)

where x′i represents the final node features from the last GAT
layer. The pooled features are concatenated to form a fixed-size
representation �xglobal = [�xT

max, �x
T
mean]

T , which is then pro-
cessed through FNN with ReLU activation

h = ReLU( �Wf �xglobal + bf ) (16)

where �Wf and bf are the learnable weights and bias of the
multilayer perceptron (MLP) layer. To prevent overfitting, a
dropout layer with rate of 0.2 is applied.

Remark 2: The proposed GNN architecture is implemented
using PyTorch Geometric [45]. The first GAT layer projects
the input features (F = 2 for Case I, F = 3 for Case II) to
24 dimensions, and the subsequent two GAT layers maintain
the 24-D representation. Tanh activation is applied after each
GAT layer. Layer normalization is applied after the final GAT
layer to stabilize training. After the GAT layers, global mean
pooling and global max pooling operations aggregate the node
features to a 192-D vector. The MLP regression head consists of
two fully connected layers with a dropout layer. The first layer
reduces the dimension from 192 to 24 with ReLU activation,
and the final layer outputs a scalar prediction. The model is
trained using mean squared error (MSE) loss with the Adam
optimizer and a learning rate of 0.0003 with a batch size of 1024.
Hyperparameters were selected based on validation MSE. The
hyperparameters search ranges are as follows. The learning rate:
{0.001, 0.0005, 0.0003, 0.0001}, the number of GAT layers:
{2, 3, 4}, the embedding dimensionF ′ {24, 32, 64, 96, 128}, the
number of attention heads:{2, 4, 8}, the MLP hidden dimension:
{16, 24, 32}, and the dropout rate: {0.1, 0.2, 0.3}.

V. NUMERICAL RESULTS

A. Experimental Setup and Data Generation

To generate a comprehensive dataset for evaluating the GNN-
SM, we simulate a 10-cell reconfigurable battery pack, where
cells have different amp-hour capacities due to cell-to-cell vari-
ations. Given the series-parallel configuration options between
adjacent cells, a 10-cell battery pack yields 512 (i.e., 29) unique
configurations. For each configuration, we perform 10 different
simulation runs, each with randomized initial conditions across
all cells. The initial core temperature Tc of each cell is 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. Each simulation episode runs
for 500 s with a constant discharge current of 1.5 A, allowing
sufficient time for thermal and SOC dynamics to evolve. At the
end of each simulation, we record two key metrics: the final Δs
and the finalΔTc according to (6). This data generation approach
resulted in 5120 total simulation runs (512 configurations with
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TABLE I
EXPERIMENT PARAMETERS

Algorithm 1: GNN-SM Training for Reconfigurable Battery
Packs.

Initialize: Topologies SW , horizon τ , discharge policy
P , Electro-chemical-thermal simulator Sim(·), feature
case κ, GNN fθ
Output: Trained parameters θ

1: Dataset D ← ∅
2: for all sw ∈ SW do
3: si(0) ∼ U(0.8, 1.0) for all i = 1, . . . ,M
4: Tc,i(0) ∼ U(17.5 ◦C, 27.5 ◦C) for all i = 1, . . . ,M
5: {s(τ),Tc(τ)} ← Sim(s(0),Tc(0), sw,P, τ)
6: y ← [Δs,ΔTc]
7: For all i = 1, . . . ,M :

8: x(vb,i)←
{
[si(0), Tc,i(0)], κ = I

[si(0), Tc,i(0), Ii(0)], κ = II
9: For all j = 1, . . . ,M − 1: x(vs,j)← [swj ]

10: D ← D ∪ {(G,x, y)}
11: end for
12: for epoch n = 1 to N do
13: for all mini-batches B ⊂ Dtrain do
14: ŷ ← fθ(G,x) for all (G,x, y) ∈ B
15: L← 1

|B|
∑

(G,x,y)∈B ‖y − ŷ‖2

16: Update θ to minimize L
17: end for
18: end for

ten runs each). The training pipeline follows Algorithm 1, and
the used simulation parameters are listed in Table I.

Two GNN-SMs are trained, each with different features for
the battery cell nodes. In Case I, only the battery states such as
si and Tc,i are used as input features in the battery cell node,
with si being used when the goal is to predict Δs and Tc,i being
used when the goal is to predict ΔTc. In Case II, the discharge
current of the individual battery cell is added as an additional
input feature. In both scenarios, the switch status swi is used as
an input feature for the switch node, as discussed in Section III.
The finalΔs andΔTc measurements serve as the target variables
for both models.

For benchmarking, two baseline approaches are considered:
an FNN consisting of four fully connected layers with ReLU
activation function that processes battery cell states and switch
configurations as a flattened vector input [17], and an FNN-
attention model, proposed in literature for vehicle platooning
control [46], which employs self-attention mechanism with four

TABLE II
MODEL PERFORMANCE COMPARISON UNDER CC DISCHARGE POLICY

(CASE I)

attention heads to capture cell-to-cell interactions. As shown
in Fig. 7, the FNN-attention baseline model begins with a
linear layer (feature extractor) that processes the flattened graph
features (battery cell states and switch configurations) through
a linear layer followed by layer normalization. This initial
processing allows the network to extract relevant features from
the input data independently. The processed features are then fed
into the self-attention mechanism, comprising query, key, and
value vectors, which feed into a multihead self-attention layer.
The self-attention layer enables the network to dynamically
weigh the importance of different battery cells’ states and their
interconnections. Following the attention mechanism, a residual
connection combines the output of the attention layer with the
processed features, allowing the network to preserve important
individual cell information alongside the relational data. The
final linear layer processes this combined information to predict
the output.

For evaluation, both constant current and constant power
discharge scenarios are considered. We start the simulation with
10 cells, and later scale it to a larger reconfigurable battery pack
with 100 cells to test the scalability of the proposed GNN-SM.

B. Performance Evaluation With CC Discharge

Recall that the proposed GNN-SM is evaluated against two
baseline approaches, FNN and an FNN-attention models, for
predicting both Δs and ΔTc. Our evaluation metrics include
root-mean-square error (RMSE), which quantifies prediction
accuracy with lower values indicating better performance, and
mean absolute MAPE (MAPE, %), which provides a relative
measure of prediction error as a percentage of the true value. The
MAPE metric is particularly valuable for comparing prediction
accuracy across different scales of measurements, such as be-
tween ΔTc and Δs predictions. Please note that for brevity, we
report MAPE in all tables as “%.” The evaluation is conducted
using different percentages of training data (50%, 30%, and
10%) to assess model robustness under limited data availabil-
ity. For each training split, a validation set is constructed by
withholding 20% of the training set size from the remaining
(nontraining) data. Results are presented under two scenarios:
(Case I) without individual cell currents as an input feature (see
Table II) and (Case II) with individual cell currents as input
feature for all models (see Table III).

For ΔTc prediction, the proposed GNN-SM demonstrates
superior performance across all training data configurations. As
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TABLE III
MODEL PERFORMANCE COMPARISON UNDER CC DISCHARGE POLICY

(CASE II)

Fig. 8. Comparison of mean absolute MAPE for ΔTc and Δs
predictions by the proposed GNN-SMs with respect to training data
percentages.

shown in Table II, GNN-SM achieved RMSE values of 0.094,
0.109, and 0.223 for 50%, 30%, and 10% training data, respec-
tively, significantly outperforming both FNN and FNN-attention
models. In the second experiment, the individual cell current
is included as an additional input feature for both GNN-SM
and baselines. The GNN-SM’s performance improved further,
achieving RMSE values of 0.074, 0.1, and 0.173 across the three
training data configurations. This improvement suggests that
the GNN network effectively leverages the additional current
information to enhance prediction accuracy.

For Δs prediction, the results follow a similar pattern, with
the proposed GNN-SM demonstrating consistently superior per-
formance. In Case I, the GNN-SM achieved RMSE values of
0.02, 0.02, and 0.023 for 50%, 30%, and 10% training data,
respectively. These results represent a substantial improvement
over both the FNN and FNN-attention models. Similarly, in the
second experiment where the individual cell current is included
as an input, the GNN-SM performance improved further, with
RMSE values reducing to 0.015, 0.015, and 0.019 across the
three training configurations. Notably, the GNN-SM architecture
maintained robust performance even with limited training data
(10%). This data efficiency comes from the fact that the GNN-SM
learns transferable cell-to-cell interaction patterns at the neigh-
borhood level rather than memorizing global configuration-
specific mappings.

Fig. 8 provides a visual comparison of the proposed GNN-
SM’s MAPEs for both ΔTc and Δs predictions across different
training data percentages. In Fig. 8 (Case I), we observe that
Δs prediction errors show a gradual increase as training data
decreases, ranging from 10.46% with 50% training data to 12%

with 10% training data. The ΔTc prediction errors follow a
similar trend but with notably lower error rates, increasing from
1.9% to 4.4% as training data is reduced. With individual cell
currents as input feature, Fig. 8 (Case II) demonstrates improved
performance, particularly for Δs predictions, with errors de-
creasing to 7.7% with 50% training data. This improvement can
be attributed to the addition of discharge current as an input
feature, which either needs to be measured for each cell or
needs to be calculated using the network topology [47] (hence
requiring additional complexity for real-time implementation).

The performance advantage of the GNN-SM over baseline
models is most evident in ΔTc prediction, where the pro-
posed GNN-SMs achieve significantly lower errors across both
metrics—with RMSE values ranging from 0.094 to 0.223 and
MAPE between 1.9% and 4.4%, compared to both FNN (RMSE:
0.357-0.44; MAPE: 7.14–8.75%) and FNN-attention models
(RMSE: 0.393–0.453; MAPE: 8.19-9.20%) across all training
conditions. The superior performance of the GNN-SM can be
attributed to its graph-structured inductive bias. Unlike FNN,
which flattens the topology into a fixed-length vector and dis-
cards the physical connectivity between cells, the GNN-SM’s
message passing propagates state information along edges that
directly reflect the series and parallel relationships between
adjacent cells. This means the model’s internal representations
are grounded in the actual circuit structure, allowing it to reason
about how a given switch configuration will redistribute current
and affect state evolution across the pack. Furthermore, the
addition of individual cell current as an input feature provides
valuable information about the battery topology, enabling the
model to better capture the behavior of the battery pack. How-
ever, as discussed earlier, it requires extra computation or sensors
to obtain individual cell currents for real-time implementation.

C. Generalization to Unseen Configurations

While the previous results demonstrate strong performance
across different training data percentages, the generalization to
unseen configurations is not tested. In other words, in the pre-
vious evaluations, both training data and test data are randomly
sampled from the entire dataset, giving the surrogate models the
opportunity to train over all possible configurations. Though this
is not an issue for a small battery pack, it may not be feasible to
collect data for all configurations when the number M of cells
increases.

In this section, we randomly select 51 configurations (10%
of the total 512 possible configurations) and reserved them
exclusively for testing, ensuring these configurations were never
seen during training. From the remaining 4610 samples, we
created three training scenarios using 50% (2305 data samples),
30% (1536 data samples), and 10% (461 data samples) of the
data. It’s important to note that when creating training dataset
(for 50%, 30%, and 10%), data are sampled randomly (from the
remaining 4610 samples) regardless of its configuration features.
Tables IV and V present the models’ performance on unseen
configurations for Case I and Case II, respectively. While some
performance degradation is observed when tested on completely
unseen configurations, the GNN-SM maintains significantly bet-
ter performance demonstrating that it has learned transferable
local interaction rules rather than memorizing configuration-
specific mappings.
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TABLE IV
PREDICTIONS FOR UNSEEN CONFIGURATIONS UNDER CC DISCHARGE

POLICY (CASE I)

TABLE V
GENERALIZATION FOR UNSEEN CONFIGURATIONS UNDER CC DISCHARGE

POLICY (CASE II)

For Case I, without individual cell current as an input feature
(see Table IV), the GNN-SM achieves remarkable ΔTc predic-
tion accuracy with RMSE values of 0.122, 0.109, and 0.212
across the three training scenarios, significantly outperforming
both FNN and FNN-attention models. The MAPE values for
ΔTc prediction remain consistently low, ranging from 2.21%
to 4.3%, while baseline models show errors up to 11.68%. For
Case II with individual cell current (see Table V), the GNN-SM’s
superior performance becomes even more evident. ForΔTc pre-
diction, the GNN-SM maintains excellent accuracy with RMSE
values of 0.1, 0.109, and 0.151, while baseline models show
considerably higher errors. Particularly noteworthy is the GNN-
SM’s performance in Δs prediction in Case II, where it achieves
remarkably low MAPE (7.59%, 9.8%, 10.18%) compared to the
baseline models (14.44%–18.40%).

D. Performance Evaluation With CP Discharge

To evaluate the robustness of the proposed GNN-SM under
more practical operating conditions, we conducted experiments
using a CP discharge policy of 30 W. Unlike the CC scenarios,
the CP discharge policy presents a more challenging test as
individual cell currents vary dynamically based on the pack’s
reconfiguration and the cells’ states. This dynamic current dis-
tribution makes CP discharge a more realistic and stringent
evaluation, as it better represents real-world EV applications
where the battery pack operates under varying current demands.
As shown in Table VI, the proposed GNN-SM demonstrates great

TABLE VI
MODEL PERFORMANCE COMPARISON UNDER CP DISCHARGE POLICY

TABLE VII
PREDICTIONS FOR UNSEEN CONFIGURATIONS UNDER CP DISCHARGE

POLICY

performance under the CP discharge policy across all training
data settings. For temperature prediction ΔTc, the GNN-SM
achieves consistent RMSE of 0.103, 0.115, and 0.107 for 50%,
30%, and 10% training data respectively. The MAPE, in all
cases, remains below 0.82%. In contrast, the FNN baseline
shows significantly higher errors ranging from 0.96% to 1.77%,
while the FNN-attention model shows errors between 0.87% to
1.3%. The GNN-SM performance is even better in SOC pre-
diction, Δs, where it achieves RMSE values of 0.0063, 0.0079,
and 0.017, with MAPEs of 4.6%, 5.4%, and 12.92%. The Δs re-
sults represents notable improvement over both baselines, which
show MAPEs ranging from 15.39% to 19.84% and 17.43% to
23.91% for FNN and FNN-attention respectively.

The generalization capability of the GNN-SM to unseen con-
figurations under CP discharge policy is shown in Table VII.
The GNN-SM maintains robust performance when tested on
completely unseen battery pack configurations, which is a sim-
ilar behavior to previous experiments. For ΔTc prediction, the
GNN-SM achieves RMSE values of 0.106, 0.104, and 0.139 with
MAPEs of 0.8%, 0.822%, and 1.05% across the three training
scenarios. The baseline models show notably higher errors, with
FNN reaching up to 2.2% and FNN-attention up to 1.31%. For
Δs prediction on unseen configurations, the GNN-SM contin-
ues to demonstrate superior performance, achieving MAPEs of
4.62%, 4.89%, and 11.96%, while FNN and FNN-attention mod-
els show errors ranging from 19.95% to 23.64%, respectively.

The results clearly demonstrate that the GNN-SM sustains
strong prediction performance even with limited training data,
confirming that data efficiency is a key advantage for practical
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TABLE VIII
MODEL ARCHITECTURE AND COMPUTATION COMPARISON

applications where collecting extensive training data across all
possible configurations is expensive or time-consuming.

E. Comparison of Computational Requirements

This section discusses the architectural characteristics and
computational requirements of the three models, as compared
in Table VIII. The proposed GNN-SM has a moderate number
of parameters (24 337) compared to the FNN (25 185) and
FNN-attention (21,009) models. While the FNN uses a simple
architecture with four layers of decreasing dimensions (256, 64,
16, 1), and the FNN-attention model employs an embedding size
of 52 with 4 attention heads, the GNN-SM achieves superior per-
formance using an embedding dimensionF ′ of 24 and 4 attention
heads. However, the GNN-SM does require longer training time
(87.77 min for 50% training data) compared to the FNN (27.45
min) and FNN-attention model (31.61 min) when trained on
a standard desktop computer with an NVIDIA RTX 3070 Ti
GPU. All models were trained using the Adam optimizer with a
batch size of 1024, with learning rates of 0.00025 (FNN), 0.0001
(FNN-attention), and 0.0003 (GNN-SM). At inference time on
CPU, the two baselines are extremely lightweight (0.01 ms per
sample), while the GNN-SM takes a little more time (55 ms) due
to graph construction and message passing. Finally, memory us-
age remains small for all models: the FNN and GNN-SM require
103 KB, and the FNN-attention model is slightly more compact
at 90 KB. Overall, although the GNN-SM introduces additional
computational in training time and CPU inference latency, this
cost is a reasonable tradeoff given its significantly improved
prediction accuracy across both experiments. It is worth noting
that the training cost is incurred offline only, whereas online
deployment depends mainly on inference latency and memory
usage.

F. Scalability Analysis

Since modern EVs typically employ battery packs consisting
of hundreds of cells [8], this study conducts experiments on a
significantly larger reconfigurable battery pack of 100 cells. The
100-cell reconfigurable battery pack presents greater complexity
compared to the 10-cell reconfigurable battery pack studied in
previous experiments, both in terms of the number of possible
topologies and the cell-to-cell interactions that must be captured.

Exhaustively simulating a 100-cell battery pack
(299 = 6.33× 1029 topologies) is computationally intractable,
unlike a 10-cell pack (29 = 512), making a generalizable
surrogate model essential. For training, we simulated 2000
unique topologies uniformly sampled from the full topology
space, under randomized initial conditions. We then evaluated
its performance across two 500-sample test sets: a standard
test set drawn from the same 2000 training topologies but
under new operating conditions, and a “Test*” set consisting of
500 topologies not included in the training set. This approach

TABLE IX
MODEL PERFORMANCE USING 100 CELLS RECONFIGURABLE BATTERY

PACK

rigorously assesses the model’s accuracy on both familiar and
never-seen configurations.

Table IX presents the results of both ΔTc and Δs predictions
of the proposed model in addition to the baseline models. For
the standard test, the GNN-SM demonstrates exceptional perfor-
mance. For temperature prediction (ΔTc), the GNN-SM achieves
an RMSE of 0.026 with a very low MAPE of 0.165%, substan-
tially outperforming both the FNN (0.031 RMSE, 0.2129%) and
FNN-attention (0.052 RMSE, 0.381%) models. Similarly, for
SOC prediction (Δs), the GNN-SM achieves an RMSE of 0.0015
with a MAPE of only 0.695%, compared to 0.839% for FNN and
2.7% for FNN-attention. The results demonstrate that the GNN-
SM’s superior performance observed in smaller battery packs
successfully scales to larger packs. The GNN-SM’s performance
on completely unseen configurations [“RMSE*” and “%*” in
Table IX)] shows a consistent superiority of the GNN-SM. For
ΔTc prediction, the GNN-SM achieves as RMSE of 0.857 with
MAPE of 4.53%, significantly outperforming the FNN (1.486,
7.923%) and FNN-attention (1.369, 6.983%) models. For Δs
prediction on unseen configurations, the GNN-SM maintains
robust performance with an RMSE of 0.013 and MAPE of
5.007%, while the baseline models show higher errors of 6.637%
(FNN) and 5.607% (FNN-attention). The experiments confirm
that the GNN-SM is scalable and generalizes exceptionally well
even with training data of 3.5× 10−25% of the total possible
topologies, because its message-passing mechanism learns local
cell-to-cell interaction rules that remain valid across unseen
configurations, rather than memorizing global topology-specific
mappings.

To further validate the computational efficiency for real-time
deployment, Table X compares inference times across different
pack sizes. For the 100-cell pack, the high-fidelity electro-
thermal model requires 104.3 s to simulate a 500-s horizon,
whereas the proposed GNN-SM completes inference in only
64 ms, which is about 1629 times faster. This concludes that
while the GNN-SM incurs marginally higher inference latency
compared to the FNN baselines, its inference time remains
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TABLE X
INFERENCE TIME COMPARISON ACROSS DIFFERENT PACK SIZES

TABLE XI
GNN-SM ROBUSTNESS TO SENSOR NOISE ON UNSEEN CONFIGURATIONS

(100-CELL PACK)

well within real-time requirements while delivering improved
prediction accuracy.

G. Robustness to Sensor Noise

To evaluate the practical applicability of the proposed GNN-
SM under real-world conditions, we assess its robustness to sen-
sor measurement noise on unseen configurations. We evaluate
the trained GNN-SM from Section V-F by adding zero-mean
Gaussian noise to the input features during inference on the
500 unseen configurations (Test* dataset). Table XI presents the
results. For temperature prediction (ΔTc), the model degrades as
noise increases. With moderate noise (σ = 0.5 ◦C), the MAPE
increases only marginally from 4.53% to 4.81%. And even
under high noise conditions (σ = 1.5 ◦C), the model maintains a
single-digit percentage error at 9.5%. For SOC prediction (Δs),
the model exhibits remarkable robustness. With 2% SOC noise,
the MAPE increases from 5.007% to 5.85%. Under 5% noise,
the MAPE is 5.91%. Even with 10% SOC noise, the MAPE
only reaches 6.38%, representing a mere 1.37 percentage point
increase from the noise-free baseline. These results confirm
that the proposed GNN-SM retains acceptable accuracy under
realistic sensor noise on completely unseen configurations. The
robustness comes from the GNN’s neighborhood aggregation,
hence, local measurement noise on any single node is naturally
attenuated.

VI. CONCLUSION

This article introduced a novel GNN-SM) for predicting state
evolution in reconfigurable battery packs. The proposed model
utilized the graph representation of the reconfigurable battery
pack by modeling both cells and switches as different types
of nodes connected by edges representing their physical con-
nections. The GNN-SM successfully addressed the challenges
of modeling both SOC and temperature imbalance in dynamic
battery configurations by leveraging the natural graph struc-
ture of the battery pack topology. Numerical results showed
that GNN-SM consistently outperformed FNN and FNN-
attention baselines across all evaluation metrics. For temperature

prediction, the model achieves an RMSE as low as 0.074 and a
MAPE less than 2%, while SOC prediction errors remained un-
der 10% in most scenarios. The GNN-SM demonstrated 74% and
46% lower RMSE for temperature and SOC imbalance predic-
tion, respectively, compared to conventional FNN approaches.
Notably, the model maintained robust performance even with
limited training data (10% of available data) and successfully
generalized to completely unseen battery configurations. The
scalability evaluation on a 100-cell battery pack further val-
idated the approach, where the GNN-SM maintained excep-
tional accuracy despite being trained on merely 3.5× 10−25%
of all possible configurations. The model’s effectiveness was
demonstrated with both constant current and constant power
discharge policies. Additionally, robustness evaluation under
sensor measurement noise demonstrated that the GNN-SM main-
tained reliable predictions on unseen configurations, with MAPE
remaining below 6.5% for SOC and below 10% for temperature
even under high noise conditions.

While the GNN-SM demonstrated significant improvements
in prediction accuracy and scalability, the following limitations
remain to be addressed. First, the computational overhead,
while manageable for real-time applications, may require further
optimization for ultralow-latency embedded systems. Second,
the current study relied on data generated from an experimen-
tally validated electro-chemical-thermal simulator rather than
real-time data from a physical reconfigurable hardware testbed.
Although the simulator captured complex electrical and thermal
coupling, the model’s transfer learning capabilities and its abil-
ity to generalize to real-world environmental unpredictability
remain to be fully validated in hardware. Furthermore, the cost
implications of hardware implementation, including switching
circuits and sensors, will be addressed. Lastly, the GNN-SM
estimated the state imbalance over a predefined fixed horizon. In
practice, different lithium-ion battery applications may require
varying prediction horizons from seconds to several minutes.
Currently, the GNN-SM required retraining for each desired
horizon length. Addressing these limitations through hardware
validation, more comprehensive evaluation against alternative
GNN architectures, architectural ablation studies on components
such as the attention mechanism and graph depth, and horizon-
conditioned architectures, as well as extending the framework
to incorporate battery degradation mechanisms such as capacity
fade and resistance growth, represents a promising direction for
future research.
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