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Abstract—Accurate State of Charge (SOC) estimation is essen-
tial for the safe and efficient operation of Electric Vehicles (EVs).
State-of-the-art data-driven models, particularly Convolutional
Neural Network (CNN)-based approaches, are capable of cap-
turing the nonlinear dynamics of lithium-ion batteries. However,
their performance may degrade under measurement noise and
operating-condition-induced distribution shifts, which limits their
robustness in real-world applications. This paper proposes a hy-
brid SOC estimation framework that combines a one-dimensional
CNN with a Cubature Kalman Filter (CKF). The proposed ap-
proach first employs the One-Dimensional Convolutional Neural
Network (1D-CNN) to extract temporal features from current,
voltage, and temperature measurements and generate an initial
SOC estimate. Subsequently, the CKF is integrated to refine the
CNN predictions by filtering measurement noise and improving
estimation stability and tracking capability. Experimental vali-
dation under multiple EV driving profiles demonstrates that the
proposed hybrid framework achieves higher estimation accuracy,
enhanced robustness, and improved reliability compared with
the standalone CNN-based estimator. The results highlight the
effectiveness of integrating deep learning and Bayesian filtering
techniques for advanced battery management applications.

Index Terms—Lithium-ion battery, SOC, 1D-CNN, CKF, EVs,
Battery Management System (BMS).

I. INTRODUCTION

Lithium-ion batteries are widely used in EVs due to their
high energy and power densities, low self-discharge rate, and
long service life. However, accurate SOC estimation remains
challenging because of complex electrochemical behavior,
strong nonlinearities, and varying operating conditions. As a
key parameter in a BMS, precise SOC estimation is essential
for safe operation, effective fault diagnosis, and the prevention
of overcharging and deep discharging [1].

Existing SOC estimation methods can be broadly classified
into conventional methods, model-based, data-driven, and hy-
brid approaches [2]. Conventional methods, such as coulomb
counting and lookup tables, are computationally efficient but
suffer from cumulative errors, sensitivity to initial condi-
tions, and limited adaptability to battery aging and dynamic

conditions [3]. Model-based methods combine mathematical
battery models with observers or nonlinear filters, such as
the Extended Kalman Filter (EKF) and Unscented Kalman
Filter (UKF) [4], achieving good accuracy when model fidelity
is high, but their performance degrades in the presence of
modeling uncertainties and parameter variations. Data-driven
approaches, including machine learning and deep learning
techniques such as Support Vector Machine (SVM), CNN,
and Long Short-Term Memory (LSTM) [5], learn nonlinear
mappings directly from measurable battery signals to estimate
SOC. These methods provide strong modeling flexibility and
improved robustness to noise compared to conventional meth-
ods and model-based approaches. However, their performance
is highly dependent on the availability of large, high-quality
datasets and may suffer from limited generalization capability
under unseen operating conditions or distribution shifts.

Hybrid SOC estimation frameworks have increasingly been
explored to mitigate the limitations of individual methods.
In such approaches, data-driven models are combined with
model-based filtering techniques to exploit complementary
strengths, thereby improving estimation accuracy, robustness,
and adaptability under complex operating conditions. For ex-
ample, in [6], hybrid Neural Network–Kalman Filter (NN–KF)
methods for lithium-ion battery SOC estimation are employed,
where initial SOC estimates are provided by Kalman filters
using equivalent circuit models derived from voltage and cur-
rent measurements, and neural networks subsequently refine
these estimates by learning nonlinear error corrections. In
[7], an EKF-CNN-Bidirectional Long Short-Term Memory
(BiLSTM) framework is proposed, in which an EKF generates
preliminary SOC estimates based on a Second-order RC model
(2RC) model, followed by convolutional and bidirectional
recurrent networks with an attention mechanism to capture
spatial and temporal dependencies in the data. Similarly, in
[8], an Adaptive Cubature Kalman Filter (ACKF) based on
an improved generalized minimum error entropy criterion is



introduced to estimate SOC, with adaptive noise covariance
tuning to enhance robustness under non-Gaussian noise con-
ditions.

Despite their demonstrated effectiveness, these hybrid SOC
estimation methods remain constrained by the inherent chal-
lenges of battery modeling, including reliance on simplified
equivalent circuit representations, sensitivity to model param-
eters, and limited capability to fully capture complex nonlinear
electrochemical dynamics under diverse operating conditions.
In this paper, a hybrid SOC estimation framework combining a
1D-CNN and a CKF is proposed. The 1D-CNN learns the non-
linear battery behavior directly from time-series measurements
of current, voltage, and temperature, eliminating the need for
equivalent circuit models. To improve robustness and reduce
estimation noise, the CKF is integrated to filter and correct the
1D-CNN-generated SOC predictions. As a result, the proposed
framework mitigates modeling uncertainties and parameter
sensitivity while maintaining high estimation accuracy.

The remainder of this paper is organized as follows. Section
II presents the SOC estimation problem formulation together
with an overview of the adopted 1D-CNN architecture and
CKF algorithm. Section III describes the datasets, experimen-
tal setup, and performance evaluation results. Finally, Section
IV concludes the paper.

A. Main notation

The state of charge is denoted by SOC. The battery mea-
surements include current Ik, voltage Vk, and temperature Tk.
The system state is defined as xk = SOCk. The nonlinear
dynamics are described by the state transition function fk(·)
and the measurement function g(·). Process and measurement
noises are wk and vk, with covariance matrices Qk and Rk,
respectively. The maximum capacity is Qmax. The initial SOC
estimate from the 1D-CNN is yk, while the CKF-refined
estimate is x̂k, with estimation error covariance Pk.

II. PROBLEM STATEMENT

Accurate SOC estimation in EVs batteries is critical for
safety, longevity, and efficient energy management, yet re-
mains challenging due to strong electrochemical nonlinearities
and highly dynamic operating conditions. To address these
limitations, hybrid approaches that combine deep learning with
filtering techniques have emerged as a promising solution for
robust and accurate SOC estimation.

A. 1D-CNN for SOC Estimation

CNN are fundamental to deep learning, and 1D-CNN layers
are well suited to modelling temporal dependencies and local
sequential structure in data such as time-series signals [9]. In
this context, 1D-CNN can automatically extract hierarchical
and local features from measurements like current, voltage,
and temperature, effectively modelling temporal dependencies,
short-term fluctuations, and long-term trends without manual
feature engineering. This capability makes them especially
effective for SOC estimation, where the relationship between
measured signals and SOC is highly nonlinear and governed

by complex electrochemical dynamics. The proposed 1D-
CNN architecture consists of two successive one-dimensional
convolutional layers with ReLU activations to extract tempo-
ral features from input sequences of length k. An adaptive
average pooling layer then compresses the resulting feature
maps, which are subsequently flattened and passed through
fully connected layers with ReLU and sigmoid activations to
produce the final SOC estimate. This architecture effectively
captures hierarchical patterns and nonlinear relationships in
sequential input data of length k for accurate SOC prediction.
In the next step, the SOC predicted by the 1D-CNN is used
as input to a CKF for smoothing and filtering , which further
smooths the SOC estimates and improves the robustness of
the SOC monitoring under measurement noise and transient
fluctuations.

B. SOC Filtering Using a CKF
Filtering techniques have long been applied to state esti-

mation from noisy data. Among these, the CKF is a non-
linear Bayesian filtering method that effectively smooths noisy
predictions by optimally combining the model output with the
system’s underlying dynamics [10]. This approach mitigates
the impact of measurement noise and transient fluctuations
in battery signals, yielding a more stable and reliable SOC
trajectory. To improve the stability of SOC predictions, a CKF
is applied to the 1D-CNN model outputs. The CKF is a non-
linear Bayesian filter that reduces the effect of measurement
noise and transient fluctuations [11]. Let yk denote the raw
SOC prediction from the trained 1D-CNN model at time step
k, and let xk denote the true state SOC. We define the SOC
estimation problem as a state-space model as follows (Eq. (1)).

xk+1 = fk(xk) + wk

yk = g(xk) + vk
(1)

where the f()̇ is the nonlinear state function given by Eq. (2)

fk(xk) = xk − Ik∆t

Qmax
(2)

where Ik is the battery current, Qmax is the maximum battery
capacity. The measurement function g(xk) = xk. The terms
wk and vk represent the process noise and measurement noise,
with covariance matrices Qk and Rk, respectively.

To apply the CKF filtering, we assume the system has a
Gaussian distribution; this assumption is commonly adopted
in the literature to simplify Bayesian inference and filtering
derivations, particularly in Kalman-based and Gaussian ap-
proximation methods [7], [8]. According to this assumption,
the state vector xk obeys a Gaussian distribution N (x̂k, Pk).
Based on the third-degree spherical cubature integration rule,
2n sigma points are selected to approximate the probability
distribution as follows (Eq. (3)):

X
(i)
k−1 = x̂k−1 +

√
Pk−1 ψ

i, i = 1, . . . , 2n. (3)

Here, ψ(i) denote the unit sigma points defined as

ψi =

{√
n ei, i = 1, . . . , n,

−
√
n ei−n, i = n+ 1, . . . , 2n,

(4)



where ei is the i-th unit vector, and n is number of state.
Using these sigma points, the one-step predicted state esti-

mate x̂k|k−1 and the predicted error covariance matrix Pk|k−1

are computed as (Eq. (5))

x̂k|k−1 =
1

2n

2n∑
i=1

X̂
(i)
k ,

Pk|k−1 =
1

2n

2n∑
i=1

(
X̂

(i)
k − x̂k|k−1

)(
X̂

(i)
k − x̂k|k−1

)T

+Qk−1.

(5)

Then, the set of new sigma points obtained using the predicted
mean and covariance in Eq. (5) and the measurement model
ŷ
(i)
k . Thus, the predicted measurement mean and covariance

and cross covariance are given as (Eq. (6))

ŷk|k−1 =
1

2n

2n∑
i=1

ŷ
(i)
k ,

Sk|k−1 =
1

2n

2n∑
i=1

(
ŷ
(i)
k − ŷk|k−1

)(
ŷ
(i)
k − ŷk|k−1

)T

+Rk,

P xy
k|k−1 =

1

2n

2n∑
i=1

(
X̂

(i)
k − x̂k|k−1

)(
ŷ
(i)
k − ŷk|k−1

)T

.

(6)

by computing the predicted mean and covariance Eq. (5) based
on the spherical cubature integration rule in Eq. (4), the update
step of the SOC estimation is similar to the standard Kalman
filter (Eq.(7))

Kk = Pxkyk
S−1
k|k−1,

x̂k = x̂k|k−1 +Kk

(
yk − ŷk|k−1

)
,

Pk = Pk|k−1 −KkSk|k−1K
T
k

(7)

III. EXPERIMENTAL EVALUATION AND RESULTS

This section presents the experimental protocol and the
obtained results used to assess the proposed SOC estimation
framework. The evaluation is structured into three parts: (i)
the dataset and driving profiles employed for training and
testing, (ii) the preprocessing pipeline and evaluation metrics,
and (iii) a quantitative and qualitative analysis of SOC estima-
tion performance under different temperatures and operating
conditions.

A. Dataset Description

Accurate SOC estimation requires datasets that capture the
diverse and dynamic operating conditions of EVs. To ensure
robustness and generalization, this study employs controlled
laboratory data obtained from LiFePO4 batteries (1.1 Ah) for
training and realistic driving data for testing, from the dataset
reported in [12]. For training, Dynamic Stress Test (DST)
profiles were recorded in a temperature chamber, where SOC,
voltage, current, and temperature were measured at discrete
temperatures of −10◦C, 0◦C, 10◦C, 25◦C, 30◦C, and 50◦C.
These DST profiles include various current steps and regen-
erative charging events, providing comprehensive coverage

of SOC, voltage, and current dynamics over a wide thermal
range. For testing, the trained model was evaluated under re-
alistic driving conditions using the Supplemental Federal Test
Procedure Driving Schedule (US06) and the Federal Urban
Driving Schedule (FUDS), conducted at the same temperature
conditions. These profiles exhibit rapid and complex variations
in current and SOC, enabling an assessment of the model
performance under near real-world EVs operating conditions.

B. Preprocessing and Metrics

Before training the 1D-CNN for SOC estimation, the bat-
tery data were preprocessed by dividing the time series into
overlapping sequences of length K = 20. For each sequence
starting at index i, the input is a matrix containing K consec-
utive samples of current (I), voltage (V ), and temperature (T )
(Eq.(8)):

Xi =


Ii Vi Ti
Ii+1 Vi+1 Ti+1

...
...

...
Ii+K−1 Vi+K−1 Ti+K−1

 , yi = SOCi+K .

(8)
where the target yi is the SOC at the last step of the

sequence.
Each input feature x ∈ {I, V, T} was normalized to the

range [−1, 1] using Min-Max scaling. The scaling parameters
(xmin, xmax) were computed on the training set only and then
applied unchanged to the test set, as defined in Eq. (9).

xnorm = 2 · x− xmin

xmax − xmin
− 1 (9)

where xmin and xmax denote the minimum and maximum
values of the input in the dataset.

The performance of SOC estimation was evaluated using
the Root Mean Square Error (RMSE) (Eq. (10)) and Mean
Absolute Error (MAE) (Eq.(11)) as follows:

RMSE =

√√√√ 1

N

N∑
i=1

(
SOCi − ŜOCi

)2

, (10)

MAE =
1

N

N∑
i=1

∣∣∣SOCi − ŜOCi

∣∣∣ . (11)

where SOCi is the true SOC at time step i, ŜOCi is the
predicted SOC, and N is the total number of predictions.
To evaluate the benefit of the hybrid approach, the metrics
were calculated first using only the 1D-CNN predictions
and then using the 1D-CNN predictions refined by the CKF
(1D-CNN+CKF), allowing a quantitative comparison of SOC
estimation accuracy with and without filtering enhancement.

C. Experiments Evaluation and Obtained Results

a) Objective of the experiments: The objective of this
study is to evaluate the accuracy and robustness of the
proposed hybrid 1D-CNN+CKF method for SOC estimation
under realistic operating conditions. The experiments aim



to assess the estimation performance under different driving
profiles and temperatures, and to quantify the benefit of
combining data-driven prediction with probabilistic filtering.

b) Training protocol and model parameters: The pro-
posed 1D-CNN model was trained for 100 epochs with a batch
size of 64 using the Adam optimizer and the mean squared
error (MSE) as the loss function. The MSE is defined as:

MSE =
1

n

n∑
i=1

(
SOC true

i − SOCpred
i

)2
, (12)

where SOC true
i and SOCpred

i denote the true and predicted
SOC at time step i, and n is the number of samples.

To improve estimation stability and reduce prediction noise,
the 1D-CNN outputs were refined using a CKF, as described in
Section II-B. The model was trained until convergence on the
training dataset and evaluated on unseen data corresponding
to the US06 and FUDS driving profiles. The reference SOC
used for evaluation is obtained using the coulomb counting
method, which estimates the battery charge level by tracking
the amount of electric charge removed over time. In this
approach, the battery is assumed to be fully charged at the
initial time instant, i.e., SOC(t0) = 100%, and its charge
decreases as current is drawn during discharge. The SOC at
any time t is then computed as Eq.(13):

SOC(t) = SOC(t0)−
1

Qnom

∫ t

t0

I(τ) dτ, (13)

where Qnom denotes the nominal battery capacity and I(τ)
is the measured current. The integral term represents the total
charge extracted from the battery, while Qnom normalizes it
into a dimensionless SOC value. This method provides a
reference SOC trajectory, which is used as ground truth to
evaluate the performance of the proposed estimation method.
Finally, estimation accuracy is assessed using the RMSE and
MAE, which quantify the deviation between the estimated and
reference SOC.

c) Results and discussion: The proposed hybrid ap-
proach achieved an RMSE of less than 4% and an MAE of
less than 3% for both the US06 and FUDS datasets, indicating
accurate SOC estimation under dynamic operating conditions.

Tables I and II show the influence of temperature and
driving profiles. In all tested conditions, the hybrid 1D-
CNN+CKF consistently outperforms the standalone 1D-CNN.
For the US06 cycle, RMSE decreases from 5.50–6.09%
to 2.46–3.21%, while MAE decreases from 4.08–4.69%
to 1.84–2.37%. For the FUDS cycle, RMSE decreases
from 4.90–5.77% to 1.94–2.72%, and MAE decreases from
3.54–4.14% to 1.42–2.04%. On average, the CKF refinement
reduces the estimation error by approximately 50%.

Figures 1–4 corroborate the quantitative improvements re-
ported in Tables I and II by illustrating the effect of CKF
refinement on SOC trajectories. The plot shows the battery
SOC (%) over discrete time steps. The red solid line represents
the true SOC from Coulomb counting, smoothly decreasing
during discharge. The black dashed line shows the standalone

TABLE I: SOC estimation performance of 1D-CNN and 1D-
CNN+CKF models for the US06 driving profile at different
temperatures.

Temp (°C) 1D-CNN 1D-CNN+CKF
RMSE (%) MAE (%) RMSE (%) MAE (%)

25 5.51 4.26 2.46 1.84
30 6.09 4.69 2.63 2.02
50 5.50 4.08 3.21 2.37

TABLE II: SOC estimation performance of 1D-CNN and 1D-
CNN+CKF models for the FUDS driving profile at different
temperatures.

Temp (°C) 1D-CNN 1D-CNN + CKF
RMSE (%) MAE (%) RMSE (%) MAE (%)

25 4.90 3.54 1.94 1.42
30 5.77 4.14 2.68 2.00
50 5.23 3.68 2.72 2.04

1D-CNN estimate, exhibiting high-frequency fluctuations and
transient deviations, particularly during rapid current variations
such as acceleration and regenerative braking. The blue solid
line depicts the hybrid 1D-CNN+CKF estimate, which closely
follows the true SOC, attenuating noisy spikes and maintaining
a smoother, physically consistent trajectory. This improvement
arises from the CKF’s Bayesian fusion mechanism, which
treats the 1D-CNN output as a noisy measurement, reducing
measurement noise and transient errors. The hybrid approach
enhances stability and tracking accuracy under highly dynamic
conditions and across temperatures, although relative gains
decrease under thermal extremes (e.g., 50◦C on US06) due to
stronger parameter drift and nonlinearities not fully captured
by a fixed filter. These findings motivate further work on
temperature-aware modeling (e.g., Qnom(T ) and polarization
effects) and adaptive CKF tuning with temperature and SOC
dependent noise covariances to preserve accuracy and reliabil-
ity under extreme conditions.

Fig. 1: SOC estimation at 30°C for the US06 profile.



Fig. 2: SOC estimation at 50°C for the US06 profile.

Fig. 3: SOC estimation at 30°C for the FUDS profile.

Fig. 4: SOC estimation at 50°C for the FUDS profile.

IV. CONCLUSION

This paper proposed a hybrid 1D-CNN+CKF framework
for SOC estimation by combining data-driven learning with
Bayesian filtering. The 1D-CNN captures nonlinear battery
dynamics from time-series data, while the CKF improves
stability by reducing noise and transient errors. Experimental
results on US06 and FUDS driving cycles under various tem-
peratures show that the proposed method consistently outper-
forms the standalone 1D-CNN, with around 50% reduction in
RMSE and MAE, confirming its effectiveness and robustness

in dynamic conditions. Despite these advantages, the approach
is limited by its dependence on training data quality, fixed
CKF covariance settings that do not fully capture temperature
and aging effects, and the lack of real-time implementation
validation. Future work will address these issues through
adaptive covariance tuning, temperature-aware modeling, and
embedded system deployment.
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