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Abstract
Battery management systems (BMSs) are essential for accessing and managing battery performance informa-
tion, with state of health (SOH) estimation providing insights into the battery’s life expectancy. Electrochemical 
impedance spectroscopy (EIS) is a non-destructive method for SOH assessment. However, collecting EIS data 
across diverse operating conditions and battery types is both time-intensive and costly, presenting challenges 
related to data distribution and heterogeneity. This work investigates a lightweight gradient-based fusion strat-
egy to enable collective learning across independently trained models without sharing raw data. Specifically, 
the collective inference via gradient aggregation (CIGAR) algorithm is applied to multiple convolutional neural 
network–bidirectional long short-term memory models trained on disjoint EIS datasets. The approach is evalu-
ated on a real-world SOH prediction task, demonstrating that gradient-based collective learning can facilitate 
knowledge exchange among models under compatible conditions. The results highlight both the potential and 
the limitations of CIGAR in heterogeneous battery scenarios, indicating that further optimisation and validation 
on larger and more diverse datasets are required to improve robustness and generalisation.

Keywords  Machine learning · Collective intelligence · State of health · Electrochemical impedance 
spectroscopy · Lithium-ion battery

1  Introduction

Due to their high energy density and fast power delivery, lithium-ion batteries (LIBs) play a crucial role in the 
energy storage sector, making them the technology of choice for applications such as electric vehicles (EVs), 
portable electronics, and grid-scale energy storage [16, 28]. Recognising their importance in the battery industry, 
the electronics sector has increasingly focused on researching and improving the reliability of LIBs. One of the 
critical parameters in assessing the capacity, performance, and lifetime of LIBs is their state of health (SOH) [13]. 
Reliable SOH predictions can be integrated into a battery management system (BMS) to prevent malfunctions 
and performance deterioration by scheduling maintenance ahead of time or sending warnings before defects 
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reach critical levels [18]. Electrochemical impedance spectroscopy (EIS) has proven to be an effective real-time, 
non-invasive technique that provides detailed insights into a battery’s electrochemical processes by exposing 
changes in the battery impedance over a range of probing voltage or current frequencies [14]. Through examin-
ing EIS data, researchers can extract features indicative of battery ageing and use them to estimate the SOH [17]. 
Therefore, building machine learning (ML) models to correlate changes in EIS spectra with battery degradation 
has significant potential for predicting battery health [11] and incorporation into an advanced BMS.

The current literature reveals the gap in investigating collective intelligence techniques that can enable col-
laboration to extract the full potential of EIS measurements. Traditional SOH prediction models are often limited 
by the variability in measurement data, resulting in restricted generalizability and performance in real-world 
applications  [3]. The gradient-based fusion approach applied in this work allows individual entities, such as 
stakeholders, testing centres and laboratories, to exchange learned patterns from training data collected under 
similar measurement conditions without directly sharing the underlying model parameters. This study focuses on 
enabling collaboration under practical constraints, such as data privacy and heterogeneous measurement condi-
tions. Following this approach can reduce the reliance on extensive individual testing campaigns while providing 
a principled mechanism for collective inference across distributed data sources. The key contributions of this 
work are:

	● The application of the collective inference via gradient aggregation (CIGAR) algorithm as a mechanism for 
enabling collective learning among independently trained models without exchanging raw data or model 
parameters.

	● An empirical analysis of the applicability and limitations of CIGAR-based fusion when combining models 
trained on heterogeneous EIS datasets.

	● A statistically validated evaluation of the fusion process, including an analysis of convergence behaviour and 
the influence of fusion iterations under controlled experimental conditions.

The remainder of this paper is structured as follows. In Section 2, research on data-driven methods for EIS-
based SOH prediction is summarised. Section 3 introduces the proposed methodology, including details on data 
acquisition, data preparation, collective learning algorithm, and the evaluation process. Section 4 presents the 
results obtained from applying the CIGAR approach, followed by the discussion in Section 5. Finally, Section 6 
concludes the paper and outlines potential future research directions.

2  Related work

This section reviews representative studies relevant to EIS-based SOH estimation and collective learning under 
heterogeneous settings, rather than providing an exhaustive survey of all deep learning architectures used for 
SOH prediction.

Estimating the SOH for LIBs has become a focal point in electromobility and stationary storage applications. 
As the demand for batteries continues to grow, recent research increasingly focuses on EIS and ML techniques to 
tackle the challenges posed by data diversity and the complexity of battery processes. To build on this progress, 
several studies have investigated the integration of an equivalent circuit model (ECM) of batteries with probabi-
listic and ML methods and presented various approaches to SOH prediction under different operating conditions.

Studies, such as the one by Zhang et al. [31], have developed probabilistic models that integrate ECM param-
eters for SOH estimation, explicitly considering the effects of temperature and state of charge (SOC) variations. 
Li et al.  [13] further expanded on this by incorporating ECM parameters into ML models, specifically using 
Gaussian process regression (GPR) to enhance the model’s sensitivity to temperature changes. Additionally, Ras-
tegarpanah et al. [24] applied neural networks for SOH estimation of LiBs, utilising parameters extracted from 
impedance data modelled through a modified Randles ECM.
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The ML techniques have also been widely applied for SOH estimation by directly utilising EIS data, eliminat-
ing the need for traditional ECMs. For instance, Rastegarpanah et al. [25], applied a convolutional neural network 
(CNN) designed to operate even when trained with limited data. Faraji Niri et al. [4] adopted a GPR model simi-
lar to Li et al. [13], but without incorporating an ECM and instead focused on the influence of temperature and 
SOC values on prediction accuracy. To analyse the performance of their GPR model for SOH prediction, they 
conducted two case studies: one using all the data points from the EIS spectra along with SOC and temperature 
as model inputs, and the other using specific features extracted from the EIS plots as inputs. In another approach, 
Obregon et al. [22] developed a hybrid architecture combining a convolutional autoencoder (CAE) with a deep 
neural network (DNN) to predict SOH based on EIS measurements. Guo et al. [8] introduced a unique method 
of transforming EIS data into images using the Gramian angular field technique, followed by feature extraction 
with a VGG16 neural network. By integrating automatic feature extraction and SOH prediction into a single neu-
ral network, this study minimised the need for manual feature engineering. Li et al. [14] combined CNNs with 
bidirectional long short-term memory (BiLSTM) networks, optimised by particle swarm optimisation. Similarly, 
Zhang et al. [29] investigated the convolutional neural network bidirectional long short-term memory (CNN–
BiLSTM) architecture for EIS-based SOH estimation.

These studies, summarised in Table 1, illustrate the trend toward combining EIS data with advanced ML and 
data-driven techniques for predicting SOH. The main focus is on models adapting to varying temperatures and 
limited data, which is crucial for advancing BMS. In this study, a CNN–BiLSTM architecture is applied directly 
to EIS and capacity data, eliminating the need for ECM integration.

To bring theoretical advancements into praxis, this study examines the applicability of algorithmic innovation 
to facilitate collaborative intelligence in real-world scenarios. Some prior works such as [7, 10, 30] have explored 
solutions which rely on the assumption of complete transparency of local models, requiring fully accessible 
model architectures and openly shared local training data. On the other hand, Hoang et al. [9] introduced a solu-
tion which addresses the challenge of collective model fusion for experts with heterogeneous black-box architec-
tures. The authors also identified the need for a decentralised learning paradigm to perform fusion without direct 
access to black-box training data and architectures and avoid centralised bottlenecks. According to the survey on 
deep model fusion by Li et al. [15], this approach falls under the category of ensemble learning by combining 
diverse models’ outputs to improve the final prediction accuracy and robustness. To enable decentralised col-
lective learning without sharing training data or model parameters, this study implements the CIGAR approach 
proposed by Hoang et al. [9].

Table 1  Overview of various approaches for predicting SOH using EIS data
Study Machine learning Diverse temp. With ECM Diverse design Collective learning
Zhang et al. [29] ✓ ✓ - - -
Rastegarpanah et al. [24] ✓ - ✓ - -
Rastegarpanah et al. [25] ✓ - - - -
Zhang et al. [31] - ✓ ✓ - -
Li et al. [14] ✓ ✓ ✓ - -
Faraji-Niri et al. [4] ✓ ✓ - - -
Guo et al. [8] ✓ ✓ - - -
Obregon et al. [22] ✓ ✓ - - -
Li et al. [13] ✓ ✓ ✓ - -
Liu et al. [19] ✓ ✓ - - -
Our ✓ - - ✓ ✓
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3  Methods

From related work, it is apparent that effectively addressing the challenges of data-driven collaborative SOH 
prediction requires advanced techniques capable of handling diverse, decentralised datasets. Accordingly, this 
section begins with data acquisition, providing a detailed description of the characteristics of the utilised datasets. 
The methodology for data processing and developing the CNN–BiLSTM models, designed for SOH prediction 
of LIBs, is then outlined. This is followed by an introduction to the CIGAR algorithm and a discussion of the 
evaluation metrics used to assess the CIGAR performance.

3.1  Data acquisition

Dataset A was obtained from the work of Zhang et al. [32], where the data are publicly available. This dataset 
includes detailed capacity characteristics and EIS measurements for 45 mAh Eunicell LR2032 lithium-ion coin 
cells. A total of eight cells tested at 25 ◦C (labelled A01 to A08) were used in this study. The cells were cycled 
using a 1 C constant-current (CC), constant-voltage (CC-CV) charging method and a 2 C CC discharge method. 
The EIS measurements were conducted over a frequency range of 0.02 Hz to 20 kHz, with an excitation current 
of 5 mA. The discharge cutoff voltage was set at 3 V. This data covers situations essential to comprehend the 
behaviour of the cells, such as relaxed and non-relaxed states and various times during the cycles of charging and 
discharging. The SOC of 100% within a 15-minute rest period was selected in this study as it provides the most 
optimal condition for measurements [12]. This choice guarantees that the data accurately depicts the performance 
of the cells under normal usage circumstances and permits the observation of any variations in impedance, espe-
cially in the low-frequency range, which indicates a change in cell dynamics.

The EIS measurements for LIBs in Dataset A are organised into distinct stages, each representing a specific 
phase in the battery’s charging or discharging cycle. In Dataset A, a DC offset is applied in stages II, III, VI, and 
VII, while resting periods are incorporated in stages I, II, V, VI, and IX. Additionally, the availability of EIS mea-
surements in each stage was evaluated. As seen in Table 2, stages VI, VII and VIII are not complete, and including 
them in model training can disrupt the capacity of the model to learn patterns across stages, potentially resulting 
in worse prediction accuracy or over-fitting to the available data [5]. Therefore, these stages are excluded from 
the final dataset.

Subsequently, Nyquist plots for stages I, II, III, IV, V, and IX were analysed to identify the most representative 
data. The plots were generated using data comprising the real part (Re(Z)), imaginary part (Im(Z)), frequency, 
along with their corresponding cycle numbers (see Fig. 1). Stages II, III, and IV exhibited low-frequency anoma-
lies due to the absence of a resting period and the presence of DC during measurements, highlighting the sensi-
tivity of EIS to test conditions. In contrast, stages I, V, and IX, which included a 15-minute rest period, showed 
more stable behaviour. Since stages I and IX are at 0% SOC and EVs typically avoid reaching 0% SOC to reduce 
battery ageing [26], stage V was chosen for model training.

Table 2  Presence of EIS data at different stages across cells in Dataset A
Cell Stage

I II III IV V VI VII VIII IX
A01 ✓ ✓ ✓ ✓ ✓ ✓ ✓
A02 ✓ ✓ ✓ ✓ ✓ ✓ ✓
A03 ✓ ✓ ✓ ✓ ✓ ✓ ✓
A04 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
A05 ✓ ✓ ✓ ✓ ✓ ✓ ✓
A06 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
A07 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
A08 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
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The values labelled ox/red in Dataset A were utilised to distinguish between the charge and discharge phases 
of the capacity. In this context, reduction and oxidation reactions represent the charging and discharging states 
of the cells, where ox/red = 1 corresponds to charging and ox/red = 0 to discharge. The discharge data was then 
analysed to determine the maximum capacity value in the discharge cycle. Subsequently, the initial capacity was 
extracted for SOH calculation using the ratio of the current maximum capacity of the battery (Cm) to its initial 
capacity (Cinit) at its new state [13]:

	
SOH = Cm

Cinit
× 100.� (1)

In Fig. 2, the normalised SOH is plotted against the cycle number to evaluate the suitability of each cell in stage 
V for processing. It was observed that, in contrast to the other cells, the A04 and A08 cells have a significantly 
shorter cycle number, reaching only about 40 cycles. To maintain consistency in the data and ensure that all cells 
are within the same operational range, the data from cells A04 and A08 were excluded from the model training.

Dataset B consists of three lithium-ion pouch cells identified as B01, B02 and B03, all measured at a controlled 
temperature of 25 ◦C. The nominal voltage of these cells is 3.6 V, with a rated capacity of 14.0 Ah, a maximum 
voltage of 4.2 V, and a discharge cutoff voltage of 2.9 V. EIS measurements were conducted over a frequency 
range of 0.01 Hz to 6 kHz, with the charge/discharge cycle using a 1 C CC-CV charging protocol and a 1 C CC 
discharging protocol. For this dataset, EIS tests were conducted at 20 %, 50 % and 80 % SOC levels. Given that 
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Fig. 1  Nyquist plots of cell 
A02 in Dataset A at different 
cycles across various stages 
(a) stage I, (b) stage II, (c) 
stage III, (d) stage IV, (e) 
stage V and (f) stage IX
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Dataset A uses the SOC of 100 %, the SOC of 80 % from Dataset B was selected as the most comparable to the 
SOC conditions of cells at stage V from Dataset A. To construct the Nyquist plots for further analysis, a similar 
procedure as for Dataset A was carried out (see Fig. 3). The frequency points above 800 Hz were excluded from 
the plots and dataset, as the Nyquist line exhibited a downward trend at high frequency and crossed below 0 on 
the y-axis. The section where such an inductive behaviour is observed is often considered irrelevant for estimat-
ing battery capacity as it may be an artefact of the measurement system [21], or may originate from the geometry 
of the cell and its windings [27]. After this exclusion, cells in Dataset B have 41 frequency points, resulting in 41 
values for Re(Z) and Im(Z) for each cycle. 

Maximum capacity values in Dataset B from each discharge cycle, along with the corresponding cycle num-
bers, were extracted to calculate SOH using Eq. 1. The SOH degradation of the pouch cells in Dataset B was 
then analysed, as shown in Fig. 4. It is evident that all cells underwent approximately the same number of cycles 
without abnormal SOH values, and as a result, no data points were excluded from the analysis.

Dataset C contains custom-manufactured 5 Ah NMC811/graphite pouch cells examined by Mohtat et al. [20] 
at the University of Michigan Battery Lab. A total of 31 cells were manufactured in a single batch and subjected 
to a series of controlled ageing experiments. Although the complete dataset comprises 31 cells, this study focuses 
on the 21 cells that were cycled under varying temperature, C-rate, and depth of discharge conditions. These cells 
were aged at −5 ◦C, 25 ◦C, and 45 ◦C, using CC-CV charge and CC and drive-cycle discharge protocols to a 
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Fig. 3  Nyquist plots of cells (a) 
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set B at different cycle numbers
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cut-off voltage of 3 V. Several operating conditions were applied, including charge and discharge rates of 0.2C, 
1.5C, and 2 C, as well as a representative drive-cycle discharge case. EIS measurements were performed as part 
of reference performance tests at 25 ◦C, regardless of the cyclic ageing temperature. For cells aged at −5 ◦C or 
45 ◦C, the cells were returned to room temperature and allowed to rest for at least 3 hours to ensure thermal equi-
librium prior to impedance measurements. The EIS spectra were recorded over a frequency range of 10 mHz to 
10 kHz at 10% SOC intervals, following a standardised protocol comprising discharge, rest periods, and hybrid 
pulse power characterisation at each SOC level. For modelling purposes, the highest available SOC of 90% was 
selected.

In this study, the preprocessed and curated version of this dataset provided by Blömeke et al. [2] was used, 
which retains the original data structure while providing analysis-ready EIS files for SOH estimation. Representa-
tive Nyquist plots are presented in Fig. 5, indicating the suitability of this dataset for modelling.

The SOH profiles of the pouch cells in Dataset C were analysed as a function of cycle number, as shown in 
Fig. 6. During preprocessing, outliers that could adversely affect the modelling were excluded. No additional 
preprocessing steps were required.

Table 3 compares the features of the three datasets, highlighting both their similarities and differences. The key 
distinction lies in the type of cells and their rated capacities. Despite these differences, the datasets share several 
complementary characteristics, making them well-suited for investigating collective learning. The datasets were 
generated using the same charging procedure, with identical maximum voltage and a comparable frequency 
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C19 in Dataset C at different cycle 
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range. Since datasets feature graphite anodes and lithium-based cathodes, the underlying chemical processes dur-
ing charging and discharging are largely similar. Furthermore, all measurements were conducted at 25 ◦C.

3.2  Data processing

To properly utilise EIS data as input for a neural network, it must be transformed into a suitable format. This 
transformation involves structuring the data so that each row represents the real part Re(Z) and imaginary part 
Im(Z) of impedance values, with frequency points displayed in separate columns (see Table 4). The steps applied 
in data processing are as follows: 

1.	 Data import: Load the capacity and EIS data.
2.	 Data selection: Select Re(Z), Im(Z), and the target variable capacity. Append the extracted Re(Z) and Im(Z) 

values to the created eis array.

Table 3  Summary of datasets used in this study and corresponding cell specifications
Feature Dataset A Dataset B Dataset C
Data source Zhang et al. 2020 [32] In-house measurements Mohtat et al. 2021 [20]
Cell type Li-ion coin cells Li-ion pouch cells Li-ion pouch cells
Cell chemistry LiCoO2

Graphite
LiNi0.6Mn0.2Co0.2O2
Graphite

LiNi0.8Mn0.1Co0.1O2
Graphite

Cell number 8 3 21
Temperature (°C) 25 25 25
Rated capacity (Ah) 0.045 14.0 5.0
Nominal voltage (V) - 3.6 -
Max voltage (V) 4.2 4.2 4.2
Discharge cutoff voltage (V) 3.0 2.9 3.0
Frequency (Hz) 0.02–20 000 0.01–6 000 0.01–10 000
Charge 1 C CC-CV 1 C CC-CV CC-CV at 0.2C/1.5C/2C
Discharge 2 C CC 1 C CC CC at 0.2C/1.5C/2 C; 

drive-cycle discharge
Operating conditions Controlled charge-discharge cycle; 

relaxed and non-relaxed states
Controlled charge-discharge cycle; 
relaxed states

Controlled charge-
discharge cycle; relaxed 
states

f1 f2 ... fn

Re(Z) −0.022220 0.022436 ... 0.47839
− Im(Z) 0.32554 0.41503 ... 1.8269

Table 4  Flattened EIS data 
with frequency values as 
columns
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3.	 Capacity data preparation: Isolate the initial discharge capacity from the dataset and apply Eq. 1 to calculate 
the SOH. Append the resulting SOH values to the created soh list. Reshape the soh list into a 2D array and 
scale it using MinMaxScaler: 

	
Xscaled = X − Xmin

Xmax − Xmin
.� (2)

4.	 EIS data preparation: Extract the impedance values, flatten, and reshape Re(Z) from the eis array into a 2D 
format. Scale values using MinMaxScaler by computing each feature’s minimum and maximum values. 
After scaling, return the data to its original dimensions by reshaping and concatenating the scaled Re(Z) to a 
dictionary. Repeat this process for Im(Z) to ensure that both parts are prepared consistently.

5.	 Return: Finally, return the transformed DataFrame and the Scaler. This step ensures the data is ready to be 
input into the neural network, facilitating effective training and validation.

The resulting DataFrame is a structured dictionary of the scaled features and targets for each battery cell. Key 
steps include importing and selecting data, calculating SOH using initial capacity, transforming data into a 2D 
format, scaling values with MinMaxScaler, and organising the processed data into a DataFrame for neural 
network input.

3.3  Model development

As a next step, three independent CNN–BiLSTM models were developed, whose architecture can be found in 
Table 5. The CNN–BiLSTM architecture was selected based on literature research, as it demonstrates promising 
performance for predicting SOH from EIS data [19]. It is important to note that n represents the number of cycles, 
which varies across different cells. The model first applies a 1D convolutional layer (Conv1d) for feature extrac-
tion. Since datasets have a varying number of features, an additional convolutional layer Conv1D (adjust) 
is applied. This adjustment ensures that datasets have the same feature length, required for gradient fusion via 
CIGAR.

Each dataset was split into training and test sets to facilitate K-fold cross-validation and model performance 
testing. For Dataset A, coin cells A01, A02, A03, A06 and A07 were selected to form the training set, while coin 
cell A05 was allocated to the test set. For Dataset B, pouch cells B01 and B02 were used for training, while B03 

Table 5  Implemented CNN–BiLSTM model architecture

Layer type Output shape Param# Hyperparameters

Permutation [n, 2, 60] – –
Conv1d [n, 2, 60] 6 kernel size = 1
Conv1d (adjust) [n, 2, 41] 82 kernel size = 20,

stride = 1
Permutation [n, 41, 2] – –
LSTM [n, 41, 256] 1,716,224 hidden size = 128,

num layers = 5
bidirectional = True

Dropout [n, 41, 256] – p = 0.3
Linear [n, 1] 257 –

Total params: 1,716,569
Trainable params: 1,716,569
Non-trainable params: 0
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was assigned as the test set. For Dataset C, pouch cells from C01 to C20 were used for training and following C21 
was left for the test set. The K-fold cross-validation was employed due to the relatively small size of the dataset, 
which helps to prevent overfitting [23]. For this procedure, the training set was divided into five distinct folds 
using random shuffling. For each iteration, four folds (80%) were used for training and one fold (20%) for valida-
tion, resulting in five iterations in total. The number of iterations ensured that each fold served once as the valida-
tion set. After completion of model training, the test data, which was initially set aside, was input into each of the 
five trained models. The mean of the outputs from these models was then used to calculate the final prediction.

3.4  Collective learning

The CNN–BiLSTM models developed in this work function as specialised experts within a collective learning 
framework, with each model operating independently. The predictions yi, represented by pi, the likelihood of 
observing class i given input xi as defined in Eq. 3, are fused using the CIGAR gradient-based algorithm. This 
fusion process progressively refines each expert’s prediction accuracy over multiple iterations [9].

	 yi = pi(xi|li, ωi)� (3)

This study demonstrates the learning approach on datasets, where one model receives learned gradients from 
other participants and vice versa. The learning experts in the framework are designed to remain consistently avail-
able for querying. Figure 7 illustrates the author’s understanding and implementation of the CIGAR algorithm.

The CIGAR algorithm is used for lightweight gradient fusion, where each predictor pi(ℓi ωi) denotes the local 
expert parameterised by the non-linear function ℓi and its characterising parameters ωi associated with ith data 
point. The local log-likelihood prediction gradient can then be represented as ∇ log pi

(
ℓi; ωi

)
. Assuming access 

to local gradients of m experts, one can compute the global prediction gradient via:

	
∇ log p =

m∑
i=1

∇ log pi (ℓi; ωi)� (4)

The framework determines log pi based on its mean µi and variance σ2
i , representing a measure of the likelihood 

that input xi outputs the observed value yi using:

Load model for each expert

Compute initial prediction

Add Gaussian noise

Initiate fusion iteration

Compute gradients Update prediction

Return final prediction

Fig. 7  Flowchart of our implementation of CIGAR-based 
fusion
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log pi(y) = log


 1

√
2π ·

√
σ2

i


 − (yi − µi)2

2 · σ2
i

� (5)

When experts cannot disclose their models’ architectures, the noise perturbation can be added to estimate the 
gradient numerically. This involves adding Gaussian noise to the predictions and then calculating the gradient 
by observing how the predictions change in response to this perturbation. The presented approach enables the 
model to capture subtle relationships between predictions and adapt accordingly. In CIGAR, the primary role of 
noise is to enhance the fusion of predictions from different models by adjusting the gradients of the likelihood. 
Since directly computing ∇y log pi (y | ℓi; ωi) may be challenging in such settings, a random gradient prediction 
method is employed:

	

∇y log pi (y) ≃ Ez

[
z

λy
log

(
pi (y + λyz)

pi (y)

)]

= Ez

[
∇(z)

y log pi (y)
] � (6)

The term involves Gaussian noise z, sampled from a standard normal distribution z ∼ N (0, 1). This noise is 
introduced to perturb the original prediction y. The perturbation λyz means that the original prediction y is shifted 
by a small amount, proportional to the noise z and the scaling factor λy, which ensures that the perturbation is 
small enough not to alter the prediction drastically. Equation 7 represents an approximation of the log-likelihood 
gradient for a single noise realisation, denoted by z.

	
∇(z)

y log pi(y) ≜ z

λy
log

(
pi (y + λyz)

pi(y)

)
� (7)

To reach a consensus on predictions, each expert’s local prediction estimate yi = y
(t)
i  is updated using the global 

prediction gradient (Equation 4) and gradient ascent, with an adequately small learning rate η > 0.

	 y
(t+1)
i = y

(t)
i + η∇y log p

(
y(t) | x

)
� (8)

To ensure a controlled experimental setting, all fusion computations are performed centrally on a single machine. 
Let b denote the number of participating experts and T  the number of fusion iterations. In each iteration, the 
CIGAR-based fusion algorithm queries all experts to estimate gradient contributions via numerical perturbations 
and updates the fused prediction vector. Treating each expert as a black box, the dominant computational cost 
per iteration is proportional to the number of forward predictions required for gradient estimation. The overall 
time complexity is therefore O(T × b × n × nz × Cpred), where n is the number of test samples, nz  the number 
of perturbation samples used in gradient estimation, and Cpred the cost of a single model inference. The memory 
complexity scales as O(n), since only prediction vectors are stored, while model parameters remain fixed.

3.5  Evaluation

The evaluation protocol is designed to assess the performance of the baseline models, the uniform ensemble, 
and the CIGAR-based fusion approach. The independently trained expert models were evaluated using a K-fold 
cross-validation scheme to establish baseline generalisation performance. The CIGAR fusion mechanism was 
evaluated through a grid search over the number of fusion iterations. Each fusion configuration was explored 
over 40 fusion iterations, with each iteration repeated 10 times, resulting in a total of 400 runs per fusion setup. 
Performance metrics were averaged across repetitions for each fusion iteration number to obtain average perfor-
mance estimates.
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Root Mean Squared Error (RMSE) and the coefficient of determination (R2) were used as evaluation metrics. 
RMSE, a widely used metric for regression tasks, computes the square root of the average squared differences 
between predicted and true values [6]:

	
RMSE(X, h) =

√√√√ 1
m

m∑
i=1

(
h

(
x(i)) − y(i))2� (9)

The coefficient of determination (R2) indicates how well model predictions explain the variance in the ground-
truth data, with higher values corresponding to stronger agreement between predicted and actual values [1, 4].

4  Results

This section presents the results of the applied CIGAR-based fusion approach. The analysis is structured to first 
examine the behaviour of the fusion process across iterations, and then compare the final fusion outcomes against 
baseline methods.

The influence of the number of fusion iterations on predictive performance is illustrated in Fig. 8 for the three 
test cells A05, B03, and C21. Across all cells and fusion configurations, a consistent pattern is observed. An initial 
adjustment phase occurs within the first few fusion iterations, followed by either a shallow performance plateau 
or a gradual degradation in accuracy as the number of iterations increases.

For cell A05, the single-expert model at zero fusion iterations already provides strong baseline performance 
(RMSE ≈ 5.7 × 10−2, R2 ≈ 0.92). All fusion configurations follow a monotonic degradation trend as the num-
ber of fusion iterations increases, with RMSE gradually rising toward 6.1 × 10−2 and R2 decreasing toward 0.91. 
Differences between pairwise and three-expert fusion remain marginal across all fusion iterations.

For cell B03, the single-expert baseline achieves RMSE of approximately 1.86 × 10−2 with R2 of about 0.82. 
As fusion progresses, all multi-expert configurations exhibit a moderate increase in RMSE and a corresponding 
decrease in R2. Among the tested strategies, pairwise fusion of experts B and C yields the most favourable trade-
off, with RMSE reaching around 2.0 × 10−2 and R2 remaining close to 0.78. In contrast, three-expert fusion 
consistently results in higher RMSE values and lower R2 scores across fusion iterations compared with pairwise 
fusion.

A similar behaviour is observed for cell C21. The initial fusion state (RMSE ≈ 3.4 × 10−2, R2 ≈ 0.80) is 
followed by a gradual increase in error with additional fusion iterations. Pairwise fusion with expert A remains 
closest to the baseline, while three-expert fusion exhibits the largest degradation in both RMSE and R2.

Table 6 reports the corresponding SOH prediction performance for the individual expert models, the uniform 
ensemble, and the CIGAR fusion strategies. Based on the convergence behaviour observed in Fig. 8, the number 
of fusion iterations was fixed to 30 for all fusion configurations.

The single-expert models provide competitive baseline performance on their respective cells. In contrast, the 
uniform ensemble exhibits substantial degradation across all test cells, characterised by increased RMSE values 
and negative R2 scores. The applied CIGAR-based fusion consistently outperforms the uniform ensemble across 
all cells, while remaining below the corresponding single-expert baselines. Among the tested configurations, 
pairwise fusion yields the most favourable performance, whereas the inclusion of a third expert does not result in 
systematic improvement and is often associated with increased error.

Representative SOH profiles obtained from the single-expert models and the CIGAR-based fusion are shown 
in Fig. 9, together with the corresponding ground-truth SOH trajectories for reference.

Across all cells, the fused predictions preserve the dominant SOH degradation trends in the ground truth, 
including both gradual capacity fade and sharper transition regions. Importantly, while fusion does not uniformly 
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reduce pointwise prediction error relative to the strongest single expert, the resulting SOH trajectories remain 
comparable.

5  Discussion

The results demonstrate that uniform ensemble averaging across heterogeneous experts leads to severe perfor-
mance degradation, confirming that simple averaging is not an appropriate strategy for knowledge exchange in 
this setting. Across all test cases, despite a slight degradation relative to the best single expert, CIGAR consis-
tently outperforms the uniform ensemble. This behaviour indicates that CIGAR is able to combine predictions 
from heterogeneous experts.

The favourable performance observed for pairwise fusion between cells B03 and C21 can be attributed to 
their similar cell chemistries and pouch-cell configurations. This observation highlights an important limitation 
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Fig. 8  Influence of the number of 
fusion iterations on predictive per-
formance using the CIGAR fusion. 
Results are shown for three test 
cells: A05 (top row), B03 (middle 
row), and C21 (bottom row). 
Columns report (a, c, e) RMSE, 
and (b, d, f) R2 as functions of the 
number of fusion iterations. Solid 
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across runs (µ), while shaded 
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deviation (±1σ). Different curves 
correspond to distinct fusion strat-
egies, as indicated in the legends
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of CIGAR-based fusion, mainly that its effectiveness decreases as heterogeneity between participating experts 
increases. The reduced performance observed when incorporating a third, less compatible expert provides further 
evidence that excessive heterogeneity can outweigh the potential benefits of collective inference.

Analysis of the fusion process across iterations shows that the largest adaptation in predictive performance 
occurs during the initial fusion iterations. This behaviour is inherent to the CIGAR framework, which operates 
by iteratively merging model outputs rather than retraining internal representations. After the initial adjustment 

Table 6  SOH prediction performance on the test cells, reported as mean ± standard deviation over 10 independent runs, with 
the number of fusion iterations fixed to 30
Method Test cell RMSE↓ R2 ↑
Initial A A05 0.0574 0.9240
Initial B B03 0.0186 0.8186
Initial C C21 0.0343 0.8047
Uniform ensemble A05 0.2104 −0.0212
Uniform ensemble B03 0.0478 −0.1946
Uniform ensemble C21 0.0965 −0.5444
CIGAR (A+B) A05 0.0600 ± 0.00002 0.9170 ± 0.0001
CIGAR (A+C) A05 0.0599 ± 0.00002 0.9172 ± 0.0001
CIGAR (A+BC) A05 0.0600 ± 0.00001 0.9171 ± 0.00002
CIGAR (B+A) B03 0.0209 ± 0.0004 0.7713 ± 0.0078
CIGAR (B+C) B03 0.0203 ± 0.0002 0.7847 ± 0.0038
CIGAR (B+AC) B03 0.0221 ± 0.0003 0.7451 ± 0.0071
CIGAR (C+A) C21 0.0362 ± 0.0007 0.7827 ± 0.0080
CIGAR (C+B) C21 0.0370 ± 0.0005 0.7733 ± 0.0066
CIGAR (C+AB) C21 0.0386 ± 0.0007 0.7527 ± 0.0084
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strategies combining experts A, B, 
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phase, further fusion iterations no longer improve performance, indicating that the fusion process should be 
stopped early.

Despite the limited numerical improvements over the best-performing single expert, the fused predictions 
generated by CIGAR preserve SOH degradation trends. In particular, the resulting SOH trajectories remain con-
sistent with expected ageing behaviour, supporting the applicability of the proposed approach for battery health 
monitoring tasks.

Overall, the results indicate that CIGAR-based collective inference is most appropriate when applied to dis-
tributed models trained on EIS data from cells with compatible chemistries and operating conditions. Under 
these conditions, CIGAR enables controlled knowledge exchange without direct data sharing, while avoiding the 
performance degradation associated with uniform ensemble averaging.

6  Conclusion

This work investigates gradient-based collective inference for collaborative SOH prediction using CNN–BiL-
STM models trained on three distinct EIS battery datasets. The CIGAR algorithm is employed to enable collabo-
ration between independently trained models without exchanging raw data or model parameters.

The results show that CIGAR can support knowledge exchange between experts when applied under appro-
priate conditions. In particular, effective fusion was observed when combining models trained on datasets with 
compatible cell chemistries and cell types, and when limiting the number of fusion iterations. In contrast, uniform 
ensemble averaging leads to degraded performance in the presence of dataset heterogeneity.

Overall, the findings clarify the conditions under which gradient-based collective inference enables knowledge 
exchange for SOH monitoring. While the proposed approach does not outperform strong single-expert models, 
it preserves SOH degradation profiles and avoids the severe performance losses associated with the uniform 
ensemble method.

Future work should focus on automated expert selection, adaptive stopping criteria, and extending the frame-
work to larger and more diverse battery populations to improve robustness and scalability.
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