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Source-Free Dynamic Weighted Federated Transter
Learning for State-of-Health Estimation of
Lithium-Ion Batteries With Data Privacy

Tengfei Han”, Shang Yue ", Pu Yang

Abstract—Most existing methods for battery state-of-health
(SOH) estimation rely on centralized training mode. However, in
practical applications, it is difficult for a single user to collect
sufficient battery degradation data to train a model. In addition,
in order to protect data privacy, users are unwilling to share data,
where centralized training mode is not the best choice. To overcome
these barriers, a source-free dynamic weighted federated transfer
(SF-DWFT) method for battery SOH estimation is proposed, which
utilizes a distributed learning paradigm to combine multiple source
clients to train a global model while protecting data privacy. First,
a Gaussian mixture model is used to model the high-level features
extracted by the client model, thus the feature representation can be
shared without needing access to the source data; then, in order to
reduce the effect of distribution differences between the source and
target clients on the global model, a dynamic weighted federated
aggregation algorithm is proposed according to their contribu-
tions, which is measured by calculating the modified Bhattacharya
distance between the source and target clients and testing error.
Finally, the effectiveness of SF-DWEFT is verified on several battery
datasets and it achieves a statistic estimation error of 1.12% on
18 650 lithium-ion battery datasets and 4.46% on NASA battery
dataset.

Index Terms—Data privacy, federated learning (FL), Gaussian
mixture model (GMM), lithium-ion batteries, state-of-health
(SOH).

1. INTRODUCTION

ITHIUM-ION batteries have become an important compo-
L nent of energy storage systems in portable electrical equip-
ment and electric vehicles due to their advantages such as high
energy density, long lifetime, and low self-discharge rate [1], [2].
However, batteries will inevitably deteriorate over time, leading
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to issues such as decreased capacity and power. In fact, when
batteries deteriorate, the probability of failure also increases,
and it can even cause serious accidents, e.g., fires [3]. Therefore,
accurately monitoring and evaluating the state-of-health (SOH)
of lithium-ion batteries is of great significance for battery health
management.

Currently, significant progress has been made in the research
of SOH estimation of lithium-ion batteries. These methods
mainly consist of physical model-based approaches and data-
driven methods. The former utilizes the internal mechanism of
the battery to construct mathematical models that can charac-
terize their degradation process, mainly including equivalent
circuit models [4], [5] and electrochemical models [6], [7].
Chen et al. [8] modeled each battery as an equivalent circuit
model and assessed the impact of cell parameters on electric
vehicle range. However, the modeling process of these methods
is sometimes too complex and difficult to apply to real-time SOH
evaluation. In contrast, the data-driven approaches are more
flexible. The intelligent models such as multilayer perceptron [9]
and relevance vector machine [10] can be employed to construct
the mapping relationship between the historical monitoring data
and the health status of the battery. Recently, deep learning has
been widely applied in PHM due to its powerful ability of feature
extraction and data fitting. Catelani et al. [11] integrated recur-
rent neural networks and state space estimation for estimating
battery SOH. Ren et al. [12] introduced a SOH and remaining
useful life (RUL) prediction model, i.e., Auto-CNN-LSTM,
which integrates an improved convolutional neural network
(CNN) and long short-term memory neural network (LSTM) for
extracting deep-level degradation information from limited data.
However, these SOH estimation approaches do not consider the
domain shift between training and testing data. In fact, different
batteries mostly operate under different conditions, which leads
to distribution discrepancy of battery data and concept drift [13].
Transfer learning (TL) is an effective method for this problem.
It can transfer the learned knowledge from the source domain to
the target domain. Basic TL methods include DaNN [14] and
DANN [15]. Some scholars have made improvements on the
basis of these methods. Du et al. [16] presented a method com-
bining TL and cycle life prediction techniques for battery aging
trajectory prediction. Ye and Yu [17] proposed a novel TL model
called DDAN, which constructed a feature alignment method
based on CORAL and maximum mean discrepancy (MMD) and
extracted domain-invariant features with adversarial learning.
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For the problem of SOH estimation of batteries under variable
operating conditions, TL methods can achieve desirable results.

Although the SOH estimation methods based on deep learning
have achieved great performance, they usually rely on cen-
tralized training modes and a large amount of high-quality
data. In practical industrial applications, the battery degradation
data held by a single user is very limited, making it difficult
to independently develop a high-performance SOH estimation
model. Moreover, to protect their privacy and interests, users
holding similar batteries are usually unwilling to share private
data, which leads to data decentralization [ 18], [19]. Considering
data privacy issues, it is impractical to adopt a centralized train-
ing mode to obtain an ideal SOH estimation model. Recently,
Google proposed a decentralized approach, federated learning
(FL) [20], providing an encouraging solution for the aforemen-
tioned issues. FL can collaborate with multiple clients to train a
deep model while protecting data privacy. During this process,
it does not require centralized training of the model. There are
two roles in the FL framework, as shown in Fig. 1. One is the
user who owns local data and participates in joint training, called
the client; the other role is a trusted central server responsible
for communicating with clients and aggregating client models.
During the communication process between the client and the
central server, the parameters of local models are aggregated
into a global model without sharing raw data. Therefore, the
local data of the client will not be leaked to ensure the data
security of each client.

Due to its outstanding performance in privacy protection,
FL has attracted widespread attention in these applications,
e.g., healthcare and intelligent manufacturing. Liu et al. [21]
introduced a federated contrastive learning method for med-
ical image classification problems. Shiri et al. [22] proposed
a federated transfer learning (FTL) method with differential
privacy techniques to detect and correct artifacts in positron
emission tomography images. Some FL methods have been
introduced for fault diagnosis and RUL prediction. In terms of
fault diagnosis, Zhao et al. [23] developed a multisource domain
adaptive FTL method for mechanical fault diagnosis with data
privacy preserving. Guo et al. [24] proposed an FL method
named FedRUL to predict the RUL of mechanical equipment.
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This method only uploads low-level features and parameters of
the encoder to the central server, which significantly reduces the
computational burden on the client. Qing et al. [25] proposed
a dynamic weighted FL method on the basis of MMD, which
aggregates all client models according to the MMD distance
between training and testing clients.

However, to the best of our knowledge, there is currently no
scholar conducting research on battery SOH estimation under
data privacy, and this issue is a very practical one. Moreover,
the aforementioned federated transfer methods still have some
limitations: 1) most of them transfer knowledge by sharing
high-level features extracted by local models, which still leads
to privacy concerns [26], as local data is potentially recovered
from the high-level features. 2) the differences among client
models have not been fully considered, and most FL methods
use the federated average algorithm (FedAvg) to aggregate local
models, making it difficult to effectively guide the global model
optimize.

In order to address the above-mentioned issues, i.e., data
privacy and distribution discrepancy between clients in battery
SOH estimation, a source-free dynamic weighted federated
transfer learning (SF-DWFT) method is proposed for lithium-
ion batteries SOH estimation, where only source client model is
provided to the central server, rather than the source data. The
main contributions of this study are as follows.

1) A novel FTL method is proposed for the SOH estimation
of lithium-ion batteries. It focuses on data privacy issues,
which are frequently encountered in battery SOH estima-
tion tasks, but are rarely studied.

2) A dynamic weighted aggregation algorithm based on a
modified Bhattacharyya distance and testing error is pro-
posed to achieve an optimal global model for the target
client.

3) A Gaussian mixture model (GMM) is used to model
the extracted features in the local client training phase.
Unlike other federated transfer methods, only parameters
of GMM are required to upload, instead of high-level
features, which effectively solves the problem of data
privacy in the learning procedure. The experimental results
on several battery datasets confirm the effectiveness and
superiority of SE-DWFT for battery SOH estimation.

The rest of this artcle is organized as follows. SF-DWFT for
SOH estimation is presented in Section II. Section III provides
the details of experiments and results analysis. Section IV con-
cludes of this article.

II. METHODOLOGY

In the existing SOH estimation methods that adopt centralized
training modes, the issue of data privacy is rarely considered,
while it is a very practical one. To solve this problem, an SF-
DWEFT learning method, i.e., SF-DWFT, is proposed for SOH
estimation under data privacy. The framework of the SF-DWFT
is shown in Fig. 2. In order to protect the security of the local
dataset, the client only uploads the trained model and feature dis-
tribution parameters to the central server during communication.
A dynamic weighted federated aggregation method is developed
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Fig. 2. Network structure of SF-DWFT.

to alleviate the impact of data distribution discrepancy on the
global model. The weight of each local model in the aggregation
is determined by the distribution discrepancy between the data
of the source client and target client, as well as the test error of
the local model.

SF-DWFT mainly consists of three parts when implementing
battery SOH estimation: client local training, distribution dis-
crepancy calculation, and central server aggregation. First, the
local client model is trained separately by the local data. After
the training is completed, a GMM is employed to model the
extracted features. Then, all source clients upload the local mod-
els and the parameters of GMM:s to the central server. Finally,
the improved Bhattacharyya distance is proposed to measure
the distribution difference between the source clients and target
client, and the weights of the local models are determined based
on the distribution discrepancy and testing error.

In addition, SF-DWFT is proposed based on the following
assumptions.

1) Multiple clients collaboratively train the SOH estimation
model. The training data in the source client is labeled,
while the target client holds a small amount of labeled
data.

2) In global communication, only model parameters, gradi-
ents, losses, and feature parameters can be passed between
the local client and the central server. There is no direct
contact between clients.

3) The local and global models share an identical network
structure.

A. Client Local Training

1) Local Model Training: To facilitate model aggregation in
the central server, the local client and central server adopt the

\modell model 2 modelkJ Global
: model
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same network structure in SF-DWFT, which is mainly composed
of a feature generator and SOH estimator.

The degradation data of lithium-ion batteries are a type of time
series data, as they are collected during the working process.
Thus, it is important to accurately extract the temporal infor-
mation from the sensor data. Bidirectional gate recurrent unit
(BGRU) is a network composed of GRUs [27] stacked together,
which can simultaneously extract past and future information. In
order to enhance the feature learning ability of BGRU, multiple
BGRUs are densely connected to construct DBGRU [17]. The
ith BGRU unit takes the extracted features of all previous
BGRUs, [Hy, Hy, ..., H; 1] as input

H; = BGRU ([Hy, Hy, ..., H;_1]) 1

where H; represents the output of DBGRU, [Hy, H, ..., H; 1]
is the concatenation of the features extracted by
BGRU;, BGRU,,..., BGRU,_;.

The SOH estimator is composed of two fully connected (FC)
layers. The relationship between the extracted high-level feature
and SOH can be learned by the FC layers. The SOH estimator
is defined by

y=f(wH+0) )

where y is the estimated SOH value, w is the weight matrix of
FC layer, H represents the extracted features, f(-) stands for
the activation function, and b is the bias. After the basic SOH
prediction model is constructed, the local models are initialized
based on the global model downloaded from the central server.
Then, each client trains the local model using local privacy data.

In particular, let D,f denotes the labeled dataset of the kth

{st7 YkS} = {(z£17ylfz)}z 1 k=
K, ng is the number of samples. The X and Y;°

source client C'2, D,f =
1,2,...,
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Fig. 3. Procedure of local model training.

represent the input dataset of the local model and the corre-
sponding SOH values of batteries, respectively. The labeled
data samples held by the target client CT are denoted as D7,
DT = {XT vT} ={(«F,y])}» Je 1, and DT is the unlabeled

datasets, DT" = {XT'} = {(«I")}?_,. Here, the number of
labeled data is very small. X7 and YT represent the input dataset
and corresponding SOH of the target client, respectively. DT
participates in the central server model aggregation, while the
unlabeled dataset D”" is used to test the estimation performance
of SF-DWFT. The M and M, i =1,2,. .., Nrouna are the
global model and the local model of the kth client after the ith
round communication, respectively. Fig. 3 shows the procedure
of local model training. First, each source client initializes the
local model with the downloaded global model MZG . Then, the
local model of each client is trained individually. For all client
models M,fi, k=1,2,..., K, the mean square error (MSE) is
set as the loss function

>0

n

(ylf,i - ylf,i,pre)2 (3)

1
k 1

%

where y,f ; and y,f’ ;. pre are the actual and estimated SOH of the
ith input data from the kth source client, respectively, nj is the
number of samples held by the & th source client.

2) GMM Fit: In TL, the high-level features are often shared
to measure the distribution discrepancy between the source and
target domain. However, this may lead to local data leakage [28].
In [29], features can be encoded as a Gaussian, so the shared data
only includes the mean and standard deviation of the features.
Here, a GMM is adopted to describe the features extracted by the
local model, as for complex tasks, a simple Gaussian distribution
makes it difficult to fully characterize the feature. In the process
of global communication, only the parameters of GMM, i.e.,
the weight, mean, and standard deviation of each Gaussian
component are shared with the server. By the definition of the
GMM model, these parameters only contain summary statistics
of the extracted features and do not contain any identifying
information for specific subjects, which can protect data privacy
effectively. In particular, for source client C’l;9 , the feature st ;
extracted by M ]f , can be expressed as

7.NZ7rSkN (XS i ,affz) @)
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where m represents the number of components of GMM, uis ’jk

2 . .
and of jk represent the mean and variance of the jth component

of the feature F,f ;» respectively, and 7rS’-k is the weight of the jth

component of GMM (the sum of Wsjk is 1). Here, the number of

components of GMM for each client is assumed to be the same.
Thus, the GMM for the feature extracted by the kth client can
be defined by the parameters

S,k S,k S, k2 .
Gf,iZ{”,u”, o) },yzl,...,m. (5)

To find the optimal parameters for the GMM, the likelihood
function of unknown parameters is optimized

2
Zlog ZWS'“N (X;f;uf’f,rff;k ) (6)

n=1

for the feature of each client k. To obtain the parameters of
GMM, the expectation maximum is employed to update the
likelihood function [30].

For the kth source client, the parameter {771 g ,uf]k,

of jk }72, can be used to fully characterize its feature informa-

tion. These parameters do not leak the specific information of
local data, only describe the statistics of the whole data samples.
Then, each source client uploads the local model M io; and the
parameters of the GMM to the central server. After that, the
target client will download M, ,f , from the central server. The
target feature vector FkT ; can be achieved by the source model
M. ,f ;- Next, FkT ; 1s described as a GMM, and can be defined by
the parameters

T [ 1k Tk _TK\™
O = {ﬂ'i,j Ny }j:1~ (7N

Then, {@% 1<, will be uploaded to the central server for the
following distribution discrepancy calculation.

B. Distribution Discrepancy Calculation

The central server, after acquiring the GMM parameters for
both the source and target client features, utilizes these parame-
ters to directly compute the distribution difference between each
source client and the target client. A modified Bhattacharyya
distance is used as an indicator to measure the distribution
difference.

The Bhattacharyya distance is a metric that measures the
similarity between two probability distributions. It is often used
in TL, especially in domain adaptation. The Bhattacharyya
distance is intimately linked with the Bhattacharyya coefficient,
which quantifies the overlap between two statistical samples or
overall distributions [31]. For two continuous probability distri-
butions R and W, the Bhattacharyya coefficient B¢ (R, W) and
the Bhattacharyya distance Bp (R, W) are defined as

(R,W) = / VR(z) x W (z)dz (8)

D (Ra W) = —In (BC (R7 W)) (9)
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when R ~ N(pug,0%)and W ~ N(uw,o%,), Bp(R, W) can
be simplified as
2 2 2
Bp (R, W) = 1 M + lln (W/V> . (10
4 op+oy 2 200w
However, there is no closed-form solution for GMM. Inspired
by [32], an approximation for the Bhattacharyya distance be-
tween GMMs is adopted, which pays more attention to the
difference between the corresponding pairs of Gaussians in two
GMMs. The approximation for the Bhattacharyya distance can
be expressed as

BD .GMM <6k i @g’l)

S Tk} Sk2 Tk,2
S,k Tk (Nm /”LYJ) 1 o5 T
,—Jr,]n _d
Z Sk, Tk 9 25k Tk
=1 GW‘ +0;; 955 Oij

(1)

where @f , and @g ; are the parameters of GMMs for the source
and target’ clients, fespectively, and m represents the number of
components of GMM. It is worth noting that the source client
shares the same distribution with the target client, i.e., 951 =

951 B%%M (95,1‘» ®£i) = 0.

C. Central Server Aggregation

FedAvg is widely used in current FL. methods, where a simple
averaging method is employed to aggregate client models. How-
ever, this aggregation strategy has certain drawbacks. It assumes
that the contribution of each source client to the global model
is the same. In fact, the working conditions of the battery in
each client are different, and some source clients always have
low-quality data. These low-quality data can have a negative
impact on the global model. Thus, it is necessary to develop
a dynamic weighted aggregation algorithm that optimizes the
global model in favor of the target client by adjusting the weight
of each client model.

For the shortcomings of the simple average aggregation
method, a dynamic weighted aggregation algorithm based on
the modified Bhattacharya distance between the source and
target clients and testing error is proposed in this study to guide
the global model optimization. For simplicity, we assume that
there is one target client. The process of the proposed dynamic
weighted aggregation algorithm is as follows.

Step 1: In i — 1 round of global communication, the central
server assigns the initialized global model M, G1 to
all source clients, and the source client {CP}5_,
initialize the local model {M} . }KX | using ME,
Then, the initialized local models are trained with the
local data and the updated local models {M; }7,
can be obtained after ' epochs of the iterative update.

Step 2: The updated local models M, ,f , are employed to ex-
tract the high-level features of the local data Dy, i.e.,
st ;» and GMMs with the parameters @fyi are used

to characterize st ; to avoid direct contact with the
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local dataset. Then M ks ; and 65
to the central server.

The central server receives all local models
{M7 YK | and the parameters of GMMs uploaded
by the source client, and then distributes all source
models to the target client. The estimation accuracy of
all source models, i.e., {Lk’i}le is evaluated using
the labeled data DT. Meanwhile, the source models
are employed to extract the features of D”'. Then the
features are modeled as GMMs with the parameters
{0 3K | {Lk}5 | and {©F }K | are all sent
to the central server for the following distribution
discrepancy calculation.

In the central server, the Bhattacharyya distance
BFYM(07 ;.1 ;) is calculated with {6} ;}/, and
{OF iz by (D).

Central server calculates the weight of each source
model based on the contribution of each source client
to the global model, and the contribution value (CV)
is defined as

; are both uploaded

Step 3:

Step 4:

Step 5:

1

CVF =
Lii +aBZM (6f,, 07,

12)

where CV? is determined by the testing accuracy Lossy,; and
the distribution discrepancy BF'™M (07 ;, O ;). v is a parameter
that is used to balance Lossy, ; and BGMM(Gf »OF ), and a s
set 0.1 in this study. The smaller Lossy, ; and BGMM(@E »O8)
indicate that the source model M kS , has asignificant contribution
to the global model.

Based on the calculated CV, the weight of each source model
can be expressed by

. CvE
Step 6: After the weight of each source model is obtained, all

source models are aggregated into the global model
by

(13)

K
= wh M) (14)
k=1

At this point, the ith round of global communication is fin-
ished.

When the distribution difference between the source and
target clients is calculated based on GMM parameters, only the
overall distribution parameters need to be shared. This can avoid
direct contact with client private data and effectively protect
data privacy. In addition, the weight of each source client is
determined according to its contribution to the global model,
which is mainly measured by the testing error and the distribu-
tion distance between the source client and the target client. A
small testing error indicates that the source model can effectively
learn the relationship between the extracted features and SOH
values, which is positive for the global model. The smaller the
distribution distance, the higher the feature similarity between
the source client and the target client. Thus, the contribution of
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Fig. 4. Procedure of SF-DWFT-based SOH estimation.

the corresponding client model to the global model is greater.
Giving larger weight to client models with greater contributions
can guide the global model optimize in a direction that is
more conducive to the target client. For clients with smaller
contributions, smaller weights can also suppress its effect on the
global model.

D. Procedure of SF-DWFT-Based SOH Estimation

The existing methods for SOH estimation are mostly based on
the centralized training mode, but it is exceedingly challenging
for a single user to collect enough data to meet the requirements
of deep model training. Also, users are unwilling to share data
with others to protect their local private data. In order to solve
this issue, an SF-DWFT method for battery SOH estimation
is proposed in this study. The FL framework is utilized to
extract rich information from the source client without access-
ing the source client data. SE-DWFT mainly consists of two
steps: client local training and central server aggregation. The
flowchart of SE-DWFT for battery SOH estimation is shown in
Fig. 4.

Client-local training consists of source client-local training
and target client testing. First, the global model is downloaded
from the central server for initializing the local model. The local
private data is used for the model training, then the trained
model is employed to extract features from the source data.
To avoid direct contact with features, the extracted features
are characterized as GMMs. Once the source model training
is finished, source clients upload the trained model and the
parameters of GMMs. Then, the target client downloads all
source models from the central server and extract features of
the target data with source models. A small number of labeled
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TABLE I
DETAILED INFORMATION OF THE SELECTED BATTERY

Item Specification Battery Sample
Rated Capacity (Ah) 0.8
Standard Voltage (V) 3.7 =
Maximum Voltage (V) 4.2

Algorithm 1: Client Local Training.

Input: Global model MF , K, source client data {D,f },If:l,
target labeled data DT

1. Source clients:

2. for communicationround ¢ = 1, 2, ..., Nyounq dO

3 for each source client k = 1, 2, , K do

4. download M for local model M kS , initialization

5

6

train local model M} ; with local data Dy}
extract high-level features st ; of local data D,f by

M,
7. model F,f , as a GMM with the parameter @gi
8. upload the updated { M}, and {©} ;};,
9. end for
10. end for
11. Target client:
12. for communicationround z = 1, 2, ..., Nyoung do
13. download {M;}/—, from central server
14. for each source model Mk s k=12 , K do
15. extract high-level features FkT ; of the target data
DT using M ,f i
16. model the feature FkT as a GMM with the
parameters ©F
17. test M, with the target data D7 and obtain test
error kaZ
18. upload {@f’i}ff:l, and {Ly ;1K ,
19. end for
20. end for

Output: The updated source models { M}, the
parameters of the source GMMs {@fﬂ-}szl, the
parameters of the target GMMs {©];}/< |, and the test
error { Ly, ; H< .

samples are used to test the prediction error of source models.
Finally, the target client sends the test errors of each source
model, and the parameters of GMMs back to the central server.
The process of local model training on the client side is presented
in detail in Algorithm 1.

In the stage of central server aggregation, a dynamic weighted
aggregation method is proposed based on the contributions of
source models to the global model, and the contributions of
source models are quantified by the testing error and the distri-
bution discrepancy, as (12). The distribution difference between
source and target clients can be calculated with the parameters
of GMMs uploaded by the source and target clients. The process
of the global model aggregation is presented thoroughly in
Algorithm 2. After Nyyyng rounds of global communication, the
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Fig. 5. Testrig of 18 650 lithium-ion battery.

Algorithm 2: Central Server Aggregation.

Input: The updated source model { M}, the GMMs
of source clients {©} ; }/_,, the GMMs of the target
client {©F ,}X_,, the test error { Ly, ; }H<_ .

Central server:
Initialize the global model M§
for communication round i = 1, 2, ..., Nyoyng do

1

2

3

4. distribute global model M to each source client
5. receive {Mg}i_, and {©} }i,
6

7

8

receive {O©] 1, and { Ly},
/I Distribution discrepancy calculation
calculate the distribution discrepancy BgﬁM
between @f’i and @g’i by Eq. (11)
9. /I Contribution of each client calculation
10. calculate the contribution value CV¥ by Eq. (12)
11. // Weight factors calculation

12. calculate the weight of each source model
by Eq. (13)

13. /I Source models aggregation

14. aggregate source models into the global model M
by Eq. (14)

15. end for

Output: The global model M ¢

trained global model M is downloaded by the target client for
battery SOH estimation.

III. EXPERIMENTAL AND RESULT ANALYSIS
A. Case 1: 18 650 Lithium-Ion Battery Datasets

In this section, the effectiveness of SF-DWFT for battery SOH
estimation is validated on the experimental datasets of commer-
cial 18 650 lithium-ion batteries. The datasets are collected on
the battery testrig, as shown in Fig. 5. The detailed parameters of
18 650 lithium-ion battery are listed in Table I. The experiments
record the degradation of batteries during cyclic charging and
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Fig. 6. Charging and discharging process in one cycle of battery.
TABLE I
DETAILS OF 18 650 LITHIUM-ION BATTERY
Condition CC(A) CV(V) DC(A) Battery No.

1 0.4 42 0.4 BS, B6, B7, B8

2 0.4 42 0.6 B9, B10, B11, B12

3 0.4 4.2 1.6 B13,B14,B15,Bl16

discharging processes. Fig. 6 shows the detailed experiment
processes in one cycle. Regarding the charging process, the
constant current constant voltage (CC-CV) mode is used to
charge the batteries. The batteries are first charged at a 0.5C
constant current until the voltage reached 4.2 V. Then, the voltage
keeps unchanged until the charging current dropped to 0.05 A.
A CC mode is adopted to discharge the batteries until the voltage
reaches a cut-off voltage, which is 2.75 V. In this study, to verify
the effectiveness of SF-DWFT, three subdatasets from three
different working conditions are considered. Table II presents
detailed information on these datasets, where dc represents
discharging current. The dataset for each working condition
contains four batteries. These batteries are all charged with
the same CC-CV charging mode. The difference between three
different working conditions is the constant current rate in the
discharging process and the constant current rate is set to 0.5,
0.75, and 2C, respectively.

In the experiment, the voltage and current data of the battery
were recorded each 10 s, and after each cycle of charging and
discharging was finished, the direct current internal resistance
value of the battery was recorded. In this study, for better describ-
ing the degradation process of batteries, the internal resistance,
discharging time, and the mean of the voltage and current for
each cycle of discharging are selected as the input of SF-DWFT.
Before the data is input into the network, data normalization is
necessary. The normalization is defined as follows:

L — Tmin

15)

Tnorm =
Tmax — Lmin

where Z,om 1S the normalized data, z,,.« and x,,;, are the
maximum and minimum values of the input data z, respectively.
Battery capacity is widely used as an indicator to measure the
SOH of batteries [17]. Fig. 7 shows the capacity degradation
process of batteries B5, B6, B7, and B8. When the battery
capacity drops to a certain extent, the battery will fail. Thus,
the expression for SOH is as follows:

Capacityy

SOH =
Capacityg

x 100% (16)



15092

80
70
=
<
E60
g
350!
=3
<
©400
30
0 20 40 60 80 100 120
Cycle
Fig. 7. Capacity degradation process of four batteries (BS, B6, B7, and BS).
TABLE III
DETAILS OF THE LOCAL DATA OF SOURCE CLIENTS AND TARGET CLIENTS IN
THESE EXPERIMENTS

Task  Transfer direction  Source client  Target client

D1 C1+C2—C3 Cl,C2 C3
D2 C1+C3—-C2 Cl1,C3 C2
D3 C2+C3—-Cl1 C2,C3 Cl

where Capacity; represents the battery capacity at the ¢ th cycle.
Capacity, represents the rated capacity.

1) Experimental Settings: It is assumed that the FL system
has two source clients and one target client, and it can also be
easily extended to other situations. Considering that the working
condition of batteries held by multiple users are different, the
battery datasets under three operating conditions are used as
local datasets for two source clients and one target client respec-
tively to simulate the scenario of FL. The task of the system is to
combine multiple source clients to construct an SOH estimation
model for the target client. In these experiments, the detailed
setup of tasks is listed in Table III, in which C1 denotes the
dataset collected under working condition 1.

All experiments are conducted on a laptop with an Inter 19-
13900 CPU, 16G RAM, and a GeForce RTX 4060, and the
SOH estimation models were constructed with torch 2.1.0 in
python 3.8. Under the same experimental settings, SF-DWFT
is compared with three kinds of methods, including Only local-
training methods, Centralized TL methods, and FL methods.

1) Only local-training methods

These methods only use local datasets for training and have
no connection with other clients.

Baseline: Each source client trains the model using local data
separately. The central server computes a simple average of the
results from each client. This method often yields the worst
results.

OneByOne: The central server communicates with all source
clients in sequence. This learning scheme is likely to cause
catastrophic forgetting.

2) Centralized TL methods

A centralized training mode is adopted, and the private data
can be shared during the training process. They include MFSAN
[33] and MDAN [34], which have shown excellent performance
in multisource domain adaptation and provide an upper bound
for FTL methods.

MFSAN: It has a two-stage alignment framework consisting
of domain-specific distribution alignment and domain-specific
classifier alignment to realize knowledge transfer.

IEEE TRANSACTIONS ON POWER ELECTRONICS, VOL. 39, NO. 11, NOVEMBER 2024

TABLE IV
PARAMETER SETUP OF THE BASIC MODEL

Structure Parameters Output
Input Multiple features [4x1]
BGRUI Number of hidden nodes =4-32 [64x1]
BGRU2 Number of hidden nodes =64-32 [64x1]
BGRU3 Number of hidden nodes =64-32 [64%1]
SOH estimator Number of hidden nodes =64-16-1 [1]
TABLE V
OTHER HYPERPARAMETER SETTINGS OF SE-DWFT
Parameter Batch Local Learning Communication
size epoch rate rounds
20 50 0.001 20

MDAN: A mixed metric combining MMD and CORAL dis-
tance is used to achieve domain adaptation.

3) FLmethods

FL methods include FedAvg [20] and some state-of-the-art
FL methods, including FedMMD [25], FedGA [35] and FedIIR
[36]. FedMMD, FedGA, and FedIIR are all proposed in the past
two years, and achieved good performance.

FedAvg: FedAvg is a typical FL method that does not consider
the impact of distribution differences between domain clients
and target clients on the global model. A simple averaging
method is used to aggregate all client models.

FedMMD: FedMMD is a dynamic weighted FL. method based
on MMD, which allows clients to upload extracted advanced
features. MMD distance is used to measure the distribution
discrepancy.

FedGA: FedGA dynamically adjusts aggregation weights and
optimizes global objectives through a generalized adjustment
method.

FedIIR: FedIIR implicitly realizes out-of-distribution gener-
alization through inter-gradient alignment between clients.

For a fair comparison, SF-DWFT and all comparison methods
share the same backbone. The detailed network structure is
shown in Table IV. The feature extractor consists of three stacked
BGRUs with hidden nodes set to 32. The SOH estimator uses a
“FC (64)-FC (16)-FC (1)” structure to output SOH estimation.
The performance of SF-DWFT is affected by batch size, learning
rate, and communication rounds. Table V lists the settings for
other hyperparameters of SF-DWFT. To ensure that all compar-
ison methods are tuned to their respective optimal, the learning
rate is adjusted based on changes in loss dynamically during
the training process. The Adam optimizer is used for parameter
optimization by all the models. For Baseline, OneByOne and
centralized TL methods, the training epoch is set to 100. For FL
methods, to ensure the convergency of both local models and
the global model, the training epoch of local models is set to
50 and the maximum of the global round is 20 through multiple
experiments and adjustments. During the training process, the
learning rate is dynamically adjusted based on the training loss
to accelerate model convergence. The initial learning rate is set
to 0.001. To avoid the impact of randomness on the experiment,
all the models run five times, and the average of five recorded
results is taken as the final result.



HAN et al.: SOURCE-FREE DYNAMIC WEIGHTED FTL FOR SOH ESTIMATION OF LITHIUM-ION BATTERIES WITH DATA PRIVACY

15093

TABLE VI
ESTIMATION RESULTS OF SF-DWFT AND OTHER COMPARISON METHODS

D1 D2 D3 Avg
Model RMSE MAE RMSE MAE RMSE MAE RMSE MAE
Only local- Baseline 0.1231 0.1117 0.0995 0.0827 0.0596 0.0546 0.0940 0.0830
training methods OneByOne 0.1046 0.0898 0.1012 0.0828 0.0519 0.0440 0.0869 0.0722
Centralized TL MEFSAN [32] 0.0106 0.0089 0.0155 0.0140 0.0110 0.0102 0.0123 0.0110
methods MDAN [33] 0.0110 0.0093 0.0151 0.0139 0.0125 0.0114 0.0128 0.0115
FedAvg [20] 0.0745 0.0663 0.0842 0.0652 0.0563 0.0385 0.0716 0.0566
FedMMD [25] 0.0123 0.0128 0.0238 0.0259 0.0112 0.0088 0.0157 0.0158
FL methods FedGA [34] 0.0227 0.0192 0.0462 0.0378 0.0303 0.0257 0.0330 0.0275
FedIIR [35] 0.0254 0.0215 0.0268 0.0215 0.0202 0.0163 0.0241 0.0197
SF-DWFT 0.0116 0.0091 0.0182 0.0142 0.0126 0.0104 0.0141 0.0112
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Fig. 10.  SOH estimation results for B14 in task D1, B11 in task D2, and B7

are employed to evaluate the performance
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where SOH;,,,,, and SOH}, . are the ith actual and predicted SOH
values, respectively, and N is the number of data sample.

2) Results Analysis: Figs. 8,9, and Table VI show the SOH
estimation results of SF-DWFT and other comparison methods.
First, it can be found that the only local-training methods have
the worst prediction performance, which indicates that a single
client is difficult to train an ideal model alone with limited local
data. Second, MFSAN achieves the highest estimation accuracy,
which is an upper bound for the FTL methods. Generally, the
centralized TL methods achieve the highest estimation accu-

racy in almost all tasks. This is because MFSAN and MDAN

in task D3. (a) Estimated SOH. (b) Estimated error.

utilize TL to fuse multiple source domain data, which can
effectively improve the generalization ability. However, this
method has a drawback that data privacy is not considered
during training. Finally, compared to FL methods, e.g., FedAvg,
FedMMD, FedGA, and FedIIR, SF-DWFT shows the best per-
formance of SOH estimation. Particularly, SF-DWFT has 80.3%
higher (0.0716—0.0141) estimation accuracy than FedAvg, and
10.2% (0.0157—0.0141), 57.2% (0.0330—0.0141) and 41.4%
(0.0241—0.0141) higher accuracy than FedMMD, FedGA, and
FedIIR, respectively. Moreover, Fig. 10 presents the SOH esti-
mation results of SFDWFT and comparison methods on B14
in task DI, B11 in task D2, and B7 in task D3. It can be
found that SF-DWFT is stable and achieves high accuracy in
all tasks. The results indicate that SF-DWFT takes into account
the distribution differences between the source and target clients,
and dynamically adjusts the aggregation weights of the source
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Fig. 11.  Testing MSE values of SF-DWFT and comparison methods in differ-
ent communication rounds and epochs.

TABLE VII
SOH ESTIMATION RESULTS OF SD-DWFT WITH DIFFERENT NUMBER OF
GMM COMPONENTS

Number of components m=1 m= m=3
DI RMSE 0.0156 0.0116 0.0172
MAE 0.0095 0.0091 0.0141
D2 RMSE 0.0205 0.0182 0.0209
MAE 0.0167 0.0142 0.0161
D3 RMSE 0.0146 0.0126 0.0139
MAE 0.0131 0.0104 0.0108
Avg RMSE 0.0169 0.0141 0.0173
MAE 0.0131 0.0112 0.0136

model, which can guide the global model to optimize in a
direction favorable to the target client.

Fig. 11 presents the testing MSEs of SF-DWFT and other FL
methods in different communication rounds in Task 1. It can
be observed from Fig. 11(a) that after three rounds of global
communication, the estimation accuracy of SF-DWFT will be
stable. Compared with other FL. methods, SF-DWFT requires
minimal global communication to achieve convergence, which is
of practical significance. Also, the frequent communication be-
tween servers and clients is likely to cause privacy leakage [38].
After eight global rounds, other FL methods reach convergence.
Fig. 11(b) presents the testing MSEs of the only local-training
methods and centralized TL methods. It can be found that
after 40 epochs, baseline, OneByOne, MDAN, and MFSAN all
reach convergence. Thus, it is reasonable to set the maximum
global round and maximum epoch to 20 and 100, respectively,
which can ensure that SF-DWFT and other comparison methods
converge and achieve their respective optimal.

3) Parameter Sensitivity Analysis: In local training phase,
each client utilizes a GMM to model the extracted features and
uploads the parameters of the GMM to the central server instead
of the extracted high-level features for data privacy. The number
of components of GMM is an important parameter that affects
GMM fitting on the features. Table VII shows the results of
SF-DWFT with different numbers of GMM components. As
shown in Table VII, when the GMM with two components is
employed to model the extracted feature, SF-DWFT achieves the
best performance. However, the advantage of two components
over one component and three components is not very obvious,
which indicates that SF-DWFT has limited sensitivity to the
number of components.

IEEE TRANSACTIONS ON POWER ELECTRONICS, VOL. 39, NO. 11, NOVEMBER 2024

TABLE VIII
BATTERY DATASET DIVISION FOR THREE APPLICATION SCENARIOS

Source client 1~ Source client 2 Target client

Scenario 1 B5 B6 B7
Scenario 2 B5 B10 B7
Scenario 3 B5 B6 B10

0.10{ HEE Bascline
. SF-DWFT

0.10, WM Bascline
. SE-DWFT

Scenario 2 Scenario 3 Scenario 1 Scenario 2

(a) (b)

.00, 5
Scenario 1 Scenario 3

Fig. 12.  Results of SF-DWFT and Baseline in three application scenarios.

4) Analysis of the Impact of Different Scenarios: In this
study, it is assumed that battery datasets from source clients and
target clients are collected under different working conditions.
To verify the applicability of SF-DWFT in different scenarios,
the simulation experiments consider various scenarios. The spe-
cific experimental scenario settings are shown in Table VIII.
Scenario 1 simulates that the batteries held by source and target
clients run under the same operating conditions. Scenario 2
simulates that the data held by the source client is collected
under different working conditions, and the data held by the
target client is collected under the working conditions similar to
one of the source clients. Scenario 3 denotes the situation that the
data held by source clients is from the same operating conditions,
while the target client is from another operating conditions.

The estimation results of SF-DWFT and Baseline in three
application scenarios are shown in Fig. 12. It can be seen that
in Scenario 1 and 2, the estimation accuracy of SF-DWFT
and Baseline is similar, while SF-DWFT is slightly better than
baseline. This is because the source client always has data with
a similar distribution to the target client data in Scenario 1 and 2.
In Scenario 3, SF-DWFT has excellent estimation performance,
while the results of baseline are not satisfactory. The battery
data of the target client and source client are collected under
different operating conditions in scenario 3, which results in
significant differences in data quality and statistical distribution.
SF-DWFT reduces the impact of different operating conditions
on the model by assigning larger weights to clients with greater
contributions. Hence, SF-DWFT can be applied to different
application scenarios and achieve satisfactory performance.

5) Visualization Analysis: Generally, due to the influence
of temperature and loading profiles, there is a distribution
difference between different lithium-ion batteries. To address
this issue, SF-DWFT is proposed to reduce the impact of dis-
tribution discrepancy on battery SOH estimation. In order to
demonstrate the performance of SE-DWFT in feature alignment,
the distributions of the different batteries at the beginning and
end of global communication are visualized. Fig. 13 shows the
probability density distribution of B5, B9, and B13 before and
after communication. It can be observed that there are signif-
icant differences in the distribution of batteries from different
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and after global communication.

TABLE IX
DETAILED DESCRIPTION ABOUT BATTERY BATTERIES UNDER SUBZERO
TEMPERATURE
Condition Cl C2 C3
Battery No. B2,B3,B4,B6 B7,B8,B9,B10 BIl1,B12,B13,B14
CV (mV) 4200 4200 4200
CC (mA) 2400 2400 2400
Charging rate 2C 2C 2C
DC (mA) 2400 1200 1800
Discharging rate 2C 1C 1.5C
1.0
0.9
0.8
=
00.7
0.6
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0.4 | L L L L L ! L
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Cycle
Fig. 14.  Capacity degradation process of battery B13.

operating conditions, which indicates a significant domain-shift
of batteries from different source clients. After the global com-
munication is completed, the distribution of different batteries
is very similar. This demonstrates that SF-DWFT is effective
in reducing distribution discrepancy between source and target
clients.

6) SOH Estimation Under Subzero Temperature: Tempera-
ture has a significant influence on the degradation process of
batteries. To verify the effectiveness of SF-DWFT under subzero
temperature conditions, three sets of battery degradation data
with different loads are collected under —9°C temperature.
Nickel manganese cobalt batteries with a rated capacity of
1200 mAh were used in the experiment. During the charg-
ing and discharging process, a CC-CV mode is adopted to
charge the battery, and then a CC mode is used to discharge
the battery. Three different loading conditions constitute three
operating conditions of the battery. Each operating condition
contains four batteries. Table IX provides a detailed description
of three operating conditions. During the experiment, batteries
are randomly placed on hold. The ambient temperature of the
battery remains unchanged during this period. Fig. 14 shows the
degradation process of battery B13. It can be observed that under
subzero temperature, the capacity regeneration phenomenon is
more obvious, especially after batteries are placed on hold for a
period of time, which poses a challenge to the health assessment
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Fig. 16. Comparison results between SF-DWFT and other FL methods on
batteries under subzero temperature.

of batteries. The partial charging time points after batteries are
placed on hold have been marked in Fig. 14. The data of voltage,
current, time, and internal resistance during the discharge stage
are used as input of SF-DWFT for battery SOH estimation. The
data collection and preprocessing are similar to those of 18 650
lithium-ion batteries.

According to the different directions of data migration,
the experimental tasks are divided into three tasks, including
C1+C2—C3, C14+C3—C2, and C2+C3—Cl1. The datasets
from two of the working conditions are considered as local
data for the source clients, and the data from the other working
conditions is used as the test data for the target client. Fig. 15
shows the estimation results of SF-DWFT on B6, B10, and
B13. It can be found that the estimation error of SF-DWFT
is controlled within 5%. Thus, SF-DWFT can effectively deal
with the capacity regeneration phenomenon of batteries during
charging and discharging, and accurately evaluate battery SOH.
Fig. 16 presents the comparison results between SF-DWFT and
other FL methods, from which it can be seen that SF-DWFT
achieves the minimum RMSE and MSE values. Thus, SF-DWFT
can achieve high estimation accuracy at low temperatures.

7) Computational Efficiency Analysis: To further verify the
implement-ability of SE-DWFT in practical industrial applica-
tions, the computational efficiency of SF-DWFT and other com-
parison methods is quantitatively provided from two aspects:
offline training and real-time estimation. For offline training,
the average training time in each epoch and global aggregation
time is calculated. In terms of real-time evaluation, to simulate
the real data flow, all test samples are one by one estimated by the
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TABLE X
COMPUTATIONAL COST AND ESTIMATION TIME OF SF-DWFT AND
COMPARISON METHODS
Methods Local training ~ Aggregation  Estimation
time (ms) time (ms) time (ms)
MFSAN 48.87 0.21
MDAN 50.51 / 0.16
FedAvg 46.55 2.01 0.22
FedMMD 56.91 9.35 0.32
FedGA 13.77 11.25 0.84
FedIIR 46.51 2.58 0.32
SF-DWFT 48.40 6.39 0.22
TABLE XI

COMPUTATIONAL COST OF SF-DWFT ON DIFFERENT DEVICES

Device GPU CPU Estimation time (ms)
IPC1 RTX4060 19-13900HX 0.219
IPC2 RTX3060 R7 6800HX 0.560
IPC3 RTX4060 R9 7945HX 0.231
IPC4 GTX1050 i5-7300HQ 1.218
IST1 RTX3090 12th 19-12900K 0.725
IST2 RTX4090 Xeon Gold 5218R 0.211
IST3 RTX4090 12th 19-12900K 0.216

IST: Industrial work station; IPC: Industrial personal computer

TABLE XII
DETAILED DESCRIPTION ABOUT NASA BATTERIES

Condition CC (A) AT (°C) DC (A) Battery No.
Cl 1.5 24 2 #5, #6, #7, #18
Cc2 1.5 43 4 #29, #30, #31, #32
C3 1.5 4 1 #45, #46, #47, #48

trained SF-DWFT, and the average estimation time is recorded.
Table X lists the detailed comparison results, which illustrates
that SF-DWFT has good performance in both offline train-
ing and real-time estimation and can effectively achieve real-
time health assessment. Table XI presents an online estimation
cost on various industrial computational devices. The online
estimation time on IPC4, which has relatively poor hardware, is
only 1.218 ms. Thus, SF-DWFT can achieve good computational
efficiency across different devices.

B. Case 2: NASA Battery Datasets

To further verify the performance of SF-DWFT, experimental
studies are conducted on battery datasets from the NASA Ames
prognostics center of excellence [38]. This dataset includes a
set of batteries that operate with different operating profiles
at different ambient temperatures. Three sets of battery data
under different working conditions are selected as the research
subjects. The specific information of the dataset is shown in
Table XII, where AT represents the ambient temperature, CC
represents the charging current and DC represents the discharg-
ing current. Each operating condition includes four batteries.
The difference between these three working conditions is the
different ambient temperatures and discharge rates. In condition
1, #5, #6, #7, and #18 batteries are run under an ambient
temperature of 24 °C. These batteries are first charged ata 1.5 A
constant current until the voltage reached 4.2 V. A CC mode with
2 A is adopted to discharge the batteries until the voltage reaches
a cut-off voltage and the cut-off voltages for these four batteries
are 2.7, 2.5, 2.2, and 2.5 V, respectively. To better describe the
degradation process of batteries, the measured current, voltage,
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TABLE XIII
DETAILS OF THE LOCAL DATA OF SOURCE CLIENTS AND TARGET CLIENT IN
THE EXPERIMENTS OF NASA BATTERIES

Task Transfer direction Source client Target client
Tl C1+C2—C3 Cl1,C2 C3
T2 C1+C3—C2 C1,C3 C2
T3 C2+C3—Cl1 C2,C3 Cl1
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Fig. 17. Probability density distribution of battery #7, #32, and #48 before
and after global communication.

charging current, charging voltage, temperature, and time are
used as the inputs of SE-DWFT. According to the directions of
knowledge transfer between source clients and the target client,
there are three tasks in the experiment. The battery datasets under
two of the operating conditions are respectively used as local data
for two source clients, while the battery dataset under the other
operating conditions is used as local data for the target client.
The specific experimental settings are shown in Table XIII.

Fig. 17 shows the probability density distribution of # 7, # 32,
and # 48 before and after global communication. These batteries
are from different operating conditions. It can be found that
SF-DWEFT can achieve feature alignment and effectively reduce
the distribution discrepancy between source and target clients.

Fig. 18 presents the specific SOH estimation results of #45 in
task T1, #39 in task T2, and #7 in task T3, and Table XIV shows
the comparison results of SE-DWFT and other methods. It can be
easily found that SE-DWFT can achieve great performance and
estimate SOH accurately. Compared to centralized TL methods,
SE-DWFT achieves a little higher value of RMSE and MAE.
Among only local-training methods and FL methods, the RMSE
and MAE of SF-DWFT are the smallest, which demonstrates
that SF-DWFT can also achieve high SOH estimation accuracy
when protecting data privacy.

In this section, to further verify the effectiveness of SF-DWFT
under dynamic loading profiles, a random walk (RW) battery
dataset [39] is used. The dataset records the degradation of
batteries in a dynamic charging and discharging conditions. The
detailed description of the dataset is shown in Table XV. In
condition 1, four batteries are charged for a random duration,
and the specific charging time is randomly selected from the set
{0.5 h, 1 h, 1.5 h, 2 h, or charge until full}. Then, the battery
is discharged with a random discharge current ranging from
0.5 to 4 A. For condition 2, the charging process of batteries
remains unchanged. The batteries are charged to 4.2 V with a
constant current and voltage mode, and then discharged to 3.2
V with a random discharge current. Similarly, for condition 3,
a current sequence between -4.5 and 4.5 A is used to contin-
uously charge and discharge the battery, and negative current
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TABLE XIV
ESTIMATION RESULTS OF SD-DWFT AND OTHER COMPARISON METHODS ON NASA DATASETS

Tl T2 T3 Avg
Model RMSE MAE RMSE MAE RMSE MAE RMSE MAE
Only Baseline 0.3711 0.3612 0.2485 0.2148 0.2555 0.2215 0.2917 0.2658
local-training OneByOne 0.1053 0.0977 0.1340 0.1114 0.1359 0.1191 0.1250 0.1094
methods
Centralized TL MFSAN 0.0684 0.0552 0.0510 0.0374 0.0585 0.0460 0.0593 0.0462
methods MDAN 0.0665 0.0601 0.0437 0.0340 0.0580 0.0444 0.0560 0.0461
FedAvg 0.1525 0.1373 0.0984 0.0781 0.1346 0.1108 0.1285 0.1087
FedMMD 0.0890 0.0674 0.0684 0.0543 0.0785 0.0571 0.0786 0.0596
FL methods FedGA 0.0749 0.0604 0.0704 0.0581 0.0994 0.0733 0.0815 0.0639
FedIIR 0.0710 0.0574 0.0937 0.0799 0.1040 0.0720 0.0895 0.0697
SF-DWFT 0.0840 0.0591 0.0536 0.0417 0.0493 0.0330 0.0623 0.0446
10 #45 (a) #45 (b) TABLE XVI
02 RMSE AND MAE RESULTS OF SF-DWFT AND OTHER FLL METHODS ON RW
08 = BATTERY DATASETS
: =]
o‘”' E 0.0
;, H Tasks SF-DWFT FedAvg FedMMD FedGA FedIIR
%04 ‘é 02 Cl+C2—C3 RMSE | 0.0398  0.0693 0.0133 0.0514 0.0584
g, 2 MAE | 0.0304  0.0595 0.0085 0.0424 0.0515
S = 04 Cl+C3—C2 RMSE | 0.0140 0.0362  0.0276 0.0194 0.0350
a5 MAE | 0.0110  0.0300  0.0203 0.0159 0.0293
oo C2+C3—Cl RMSE | 0.0222  0.0668 0.0452 0.0281 0.0365
0 2 © P 0 2 W0 P MAE | 0.0178  0.0554  0.0431 0.0221 0.0301
10 02 Av RMSE | 0.0253  0.0574  0.0287 0.0329 0.0433
" g MAE | 0.0197  0.0483 0.0239 0.0268 0.0369
08 s
8 s 0.0
g0 S-01
S '«3 ——SF-DWFT —— FedAvg FedGA FedlIR ——FedMMD
So4 E ¢ —Real value  ----- 0 error
s & 0 1.0 .
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ZUU ] s Fig. 19. SOH estimation results for RW #10 in task C14+-C2—C3. (a) Esti-
#7 (a) ] #7 (b) mated SOH. (b) Estimated error.
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Fig. 18.  SOH estimation results for #45 in task T1, #29 in task T2, and #7 in
task T3. (a) Estimated SOH. (b) Estimated error.

TABLE XVII
DETAILED INFORMATION OF BATTERY PACKS AND THE DATASETS UNDER
THREE DIFFERENT OPERATION CONDITIONS

Battery pack Rated Capacity Maximum Voltage Cell Chemistry
TABLE XV 9
RW BATTERY DATASETS DESCRIPTION . 3600mAR 4200mVv NEM
Condition Battery pack No. CV (mV) DC (mA)
Condition _ Battery Num. RW mode Cl1 BP#1, BP#2, BP#3 4200 3600
1 RW #1, RW #2, Randomized charging time length (0.5 hours- C2 BP#4, BP#5, BP#6 4200 5400
RW #7, RW #8  charge until full) and randomized discharging C3 BP#7, BP#8, BP#9 4200 6300

current (0.5A-4A)
Randomized discharging current (0.5A-4A)

2 RW #3, RW #4,

RW #5, RW #6

3 RW #9, RW #10, Randomized sequence currents (-4.5A-4.5A)
RW #11, RW #12

represents discharge, positive current represents charging. The
discharge voltage, current, temperature, and duration of batteries
are selected as input of the model to estimate the battery SOH.

According to the direction of data transfer, the experi-
ment consists of three tasks, i.e., C1+C2—C3, C1+C3—C2,
C2+C3—Cl. Table XVI presents the comparison results of

SF-DWFT and other FL methods. It can be found that the RMSE
and MAE of SF-DWFT are the smallest among these FL meth-
ods, which illustrates that the dynamic weighted aggregation
algorithm can effectively mitigate the influence of distribution
discrepancy on the global model, and SF-DWFT can also achieve
high evaluation accuracy under dynamic load conditions. Fig. 19
shows the estimation results of RW #10 in task C1+C2—C3.
The results illustrate that during the degradation process, SF-
DWFT evaluates the SOH of battery RW #10 with a maximum
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TABLE XVIII
ESTIMATION RESULTS OF SF-DWFT AND OTHER COMPARISON METHODS ON BATTERY PACK DATASETS

Cl1+C2—C3 CI+C3—C2 C2+C3—ClI Avg
Model RMSE MAE RMSE MAE RMSE MAE RMSE MAE
Only Baseline 0.0560 0.0452 0.0414 0.0326 0.0730 0.0546 0.0568 0.0441
local-training OneByOne 0.0460 0.0406 0.0359 0.0306 0.0525 0.0421 0.0448 0.0377
methods
Centralized TL MEFSAN 0.0118 0.0092 0.0211 0.0130 0.0133 0.0073 0.0154 0.0098
methods MDAN 0.0136 0.0111 0.0152 0.0171 0.0119 0.0109 0.0135 0.0130
FedAvg 0.0448 0.0352 0.0385 0.0327 0.0480 0.0380 0.0437 0.0353
FedMMD 0.0215 0.0198 0.0183 0.0123 0.0299 0.0245 0.0232 0.0188
FL methods FedGA 0.0130 0.0097 0.0244 0.0193 0.0464 0.0361 0.0279 0.0217
FedIIR 0.0243 0.0210 0.0192 0.0165 0.0460 0.0340 0.0298 0.0238
SF-DWFT 0.0231 0.0155 0.0162 0.0114 0.0206 0.0186 0.0199 0.0151
1.0 B8 some representation information of battery packs is lost during
0.8 the global communication. Among all FL. methods and only
50-6 local-training methods, SF-DWFT obtains the smallest RMSE
“0.4 | and MAE values, which indicates that SF-DWFT can achieve
0.2 good SOH estimation while protecting the data privacy of local
0 o 50 20 5 3 50 T Cllf.}ntS..ThIS proves the effectiveness of SF-DWFT for SOH
1.0 estimation of battery packs.
0.8 0.08
N SF-DWFT
50-6 0.042 Real value
20.4 = IV. CONCLUSION
Error
0(;2 000 In this study, a novel FL. model, i.e., SF-DWFT is proposed
120 for battery SOH estimation, which focuses on the issues of data

0 Cycle 80

Fig.20. SOH estimation results of SF-DWFT on BP#8 in task C14-C2—C3,
BP#6 in task C14+C3—C2, and BP#3 in task C24+C3—Cl.

error of 0.05. Thus, SF-DWFT also can achieve good SOH
estimation performance under dynamic loading profiles.

C. Case 3: Battery Pack Datasets

This section considers a battery pack dataset to confirm the
effectiveness of SF-DWFT on battery packs. Each battery pack
is composed of three 1200 mAh lithium batteries in parallel.
The experiment process of these battery packs is similar to
that of 18 650 lithium-ion batteries. When the capacity of the
battery pack drops to 80%, i.e., 1880 mAh, the battery pack
has failed. The degradation data of the battery pack is recorded
under three different operating conditions, and each condition
contains three battery packs. The specific parameters of battery
packs and detailed information about the datasets under different
operating conditions are shown in Table XVII. Four types of
sensor signals (i.e., the discharging voltage, current, time, and
internal resistance) are used as inputs for SOH estimation of
battery packs.

Fig. 20 presents the SOH estimation results of SF-DWFT
on BP#8 in task C1+C2—C3, BP#6 in task C14+C3—C2, and
BP#3 in task C2+C3—Cl. It is clear that SF-DWFT can accu-
rately evaluate battery pack SOH throughout the entire process
of degradation, with an error almost within 2%, which is of great
significance for the health maintenance of batteries. Moreover,
Table XVIII shows the comparison results of SE-DWFT with
other methods. It can be found that the RMSE values of SF-
DWEFT are 0.0045 and 0.0064 higher than that of MFSAN and
MDAN. This is mainly because, in order to protect data privacy,

privacy and distribution discrepancy between clients in practical
applications. A dynamic weighted federated aggregation algo-
rithm is proposed and the weight of each client is determined
by their own contribution to the global model, which effectively
reduces the negative impact of distribution discrepancy between
clients on model estimation performance. It should be pointed
out that a GMM model is used to characterize the extracted
features during the local client training phase. This thereby trans-
mits feature distribution between the client and the central server
avoiding data privacy violations. Finally, several battery datasets
were considered to validate the estimation performance of SF-
DWFT. The RMSE of SF-DWFT on 18 650 Lithium-Ion battery
datasets and NASA datasets is 0.0141 and 0.0623, respectively.
Moreover, the comparison results demonstrate that SF-DWFT
can achieve higher estimation accuracy while protecting data
privacy, which is significant for engineering applications. In
future study, further research on the heterogeneity issues in FL
will be conducted.
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