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Abstract

Battery formation is important for ensuring the quality and service life of cells in lithium-ion battery
(LIB) production. During the formation process, fault cells, such as low open-circuit voltage cells,
are offline screened after the charging stage since, in most formation protocols, the online screening
process is absent. This can lead to energy waste and extend the rework cycle of the fault cells in the
LIB formation process. To address this problem, this paper considers the online fault cell screening
problem, the formation pre-screening, in the LIB formation process as a classification task and proposes
a data-driven model based on incomplete time-series data for formation pre-screening. First, the
proposed model transforms segments of the incomplete charging voltage curve (ICVC) of the LIB
as tokens, which is a more compact and less redundant data representation of the ICVC. Then, the
attention-based feature encoder, transformer encoder (TE), captures the dependency between tokens
to extract features for the formation pre-screening. Finally, a task-specified decoder, feature enhance
decoder (FED), is used to screen out fault cells online. The effectiveness of the proposed model is
verified by experiments on real-world production data. The results show that the proposed model can
achieve an accuracy of 98.73% and a lower miss rate of only 1.92% during formation pre-screening,
which is a 2.49% improvement in accuracy and an 8.98% decrease in miss rate compared with the deep
residual network. Our method can more accurately screen fault cells online than existing models, thus
reducing the energy consumption and rework time of fault cells in LIB production.

Keywords: lithium-ion battery; battery formation; time-series classification; data-driven model

1. Introduction

Due to the advantages of high energy density and efficiency and long service life, lithium-ion
batteries have been widely used in energy storage systems, electric vehicles, and portable devices
[1-4]. In lithium-ion battery manufacturing, the formation process is crucial for achieving high quality
and long service life of a LIB, but this process is time- and energy-consuming [5-7]. During the initial
charging of cells in the formation process, the solid electrolyte interphase (SEI) [8,9] is formed, which
is vital for the life and cycle performances of the LIBs. SEI can protect the electrolyte from reductive
decomposition and improve the charging and discharging performances of the LIBs [10,11]. Moreover,
stable and durable SEI is essential for a high-quality LIB and can be matured in the following service
life [12,13]. The formation process differs among manufacturers and battery types, but the majority of
formation processes include steps shown in Figure 1.
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Figure 1. The formation process (green dotted box) and the relationship with formation pre-screening

In the formation process, the most important step is the charging stage, where a cell obtains the
SEL A large part of the time and energy consumed in the formation process is used by the charging
process. Therefore, several studies have aimed at reducing the battery formation time and optimizing
the values of the formation process parameters without affecting the battery performance. Andrew et
al. [14] studied the influence of several formation processes on the discharging capacity and capacity
retention to make the formation process faster. Drees et al. [15] proposed a fast formation process that
could reduce the formation time while retaining the cycle performance of cells by Real-Time Negative
Electrode Voltage Control and bypassing the intercalation step. An et al. [16] designed an efficient
formation process and reduced the formation time by six times while guaranteeing the quality of
cells and improving capacity retention. Drees et al. [17] developed an electrode equivalent circuit
model for an NMC622 battery, which predicted the electrode voltages to optimize the fast charging
profile, thus significantly shortening the formation time. Eras et al. [18] investigated the electricity
consumption in the formation process of lead-acid batteries and proposed an energy management
method to reduce energy costs and improve the energetic performance of the battery factory. Mao et
al. [19] studied several different formation protocols and proposed an optimized formation protocol
to decrease the high manufacturing cost caused by the long formation time. The above-mentioned
studies have improved the efficiency of the formation process to a certain extent without affecting
the quality of the battery. However, the fault cells cannot be screened timely in the charging process
because the online screening process is not involved in most formation protocols. The fault cells can
be screened only offline after charging according to certain indexes, such as the open-circuit voltage
(OCV), as shown in Figure 1. This can cause energy waste and extend the rework cycle, thus increasing
the cost and time of LIB production.

Recently, data-driven methods have been widely used in various industrial fields and processes.
In the field of LIB manufacturing, many data-driven approaches based on machine learning and
deep learning technique have been proposed for different scenarios. Yang et al. [20] proposed a
density-based clustering algorithm to cluster cells using the discharge voltage curve (DVC) to improve
the consistency within the battery pack. Duquesnoy et al. [21] combined the experimental results and
machine learning-based algorithms to investigate the manufacturing parameters—electrode properties
interdependencies and determine the effect of the calendaring process on the battery electrochemical
performance. Turetskyy et al. [22] proposed a multi-output method based on data-driven models,
which can assist the cell design and decision-making process in LIB production. Wang et al. [23]
proposed a fast voltage-abnormal cell detection method for LIB mass production, suitabling for
time-critical industrial screening. a pre-trained data-driven cell screening method for LIB grouping
was introduced by Wang et al. [24]. pre-training can effectively improve feature extraction while
reducing the dependence on labeled samples. Zhang et al. [25] proposed a coupled mechanism
model for lithium-ion batteries , and introduced a data-driven parameter identification framework
to address the large number of unknown model parameters. Huang et al. [26] proposed a hybrid
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data-driven network for LIB fault prediction, aiming to address the strong nonlinearity and complex
electrochemical dynamics in battery state sequence data.

These studies demonstrate the feasibility and effectiveness of data-driven models in LIB manu-
facturing. Inspired by the above advances, this study adopts a data-driven online screening strategy
using process data during formation charging to further reduce energy consumption and improve
production efficiency in LIB formation. By leveraging the rich temporal information embedded in
formation-stage process signals, the proposed method aims to achieve accurate and efficient cell
screening without introducing additional waiting time.

During the formation charging, the process data of each cell are collected as time series, such
as a charge voltage curve (CVC). These raw time series data contain information on the magnitude
and variation of charging, which can reflect the quality of cells. For online fault cell screening, an
incomplete version of the CVC, which is shown in Figure 2, is used to classify the fault cells before the
formation charging terminates. Nevertheless, the raw ICVC data of cells are long sequences and have
high redundancy. The characteristics of the ICVC data of the normal cells and part of the fault cells
are similar and overlap, as shown in Figure 3, which makes it challenging to directly screen fault cells
online based on the raw ICVC data.
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Figure 2. The ICVC data (blue solid line) with the cut-off time of 40 min (green point) and the corresponding CVC
data (blue solid line and red dash line).

The attention mechanism (AM) is an effective neural network structure in the fields of natural
language processing [27], speech recognition [28], computer vision [29], and time series forecasting
[30]. The AM is inspired by the human visual system, and it attempts to focus on the saliency part of
a scene or an image while neglecting irrelevant information [31]. Recently, there have been several
modifications and improvements in the AM, such as multi-dimensional attention, hierarchical attention,
self-attention, and memory-based attention. These variants have been designed for the purposes of
better performance and more flexible application, but the operational principle of the AMs is the same
[32]. Among different types of AMs, self-attention represents a special and effective AM. Self-attention
was first proposed by Wang et al. [33] which calculate attention weight only based on the input data.
Self-attention aims to capture long-range, multi-level intricacy relations and dependency within input
data [34]. For the ICVC data in the formation process, self-attention can reduce data redundancy and
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extract distinctive features by modeling the dependency of substages in the ICVC data for better online
screening performance.
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Figure 3. Raw ICVC data consisting of both normal cells (blue line) and fault cells (red line); the inset represents
the zoomed view of the ICVC data.

This study proposes an online cell screening method for LIB formation, which screen the quality
of cells during the formation charging according to a part of the process data, such as ICVC. In this
study, the formation pre-screening is considered a classification problem, and a data-driven model
is proposed for solving the formation pre-screening problem. The proposed model first transforms
the input ICVC data into a collection of tokens, which represent a more compact and less redundant
data representation of the ICVC. Then, the feature encoder, which is based on the TE [35], extracts the
features of tokens for the formation pre-screening task. Finally, a task-specified decoder, namely the
FED, is designed to enhance the features to improve online cell screening performance. The proposed
data-driven model is named TE-FED. To the best of the authors” knowledge, there has been no study
that introduces an online fault cell screening method into the formation protocol of LIB production. The
results of the experiments conducted on real-world industrial data obtained from the LIB production
demonstrate that the proposed model can screen out fault cells 40 min earlier than offline screening
methods can, with an accuracy of 98.73% and a miss rate of 1.92%, which is a 2.49% improvement in
accuracy and an 8.98% decrease in miss rate compared with deep residual network (ResNet). Our
method can accurately screen fault cells online, thus reducing the energy consumption and rework
time of fault cells in LIB production.

*  An online fault cell screening method is proposed to compensate for the lack of online screen-
ing techniques in formation protocol, which can reduce energy consumption and improve the
production efficiency of the LIB formation.

e  The TE based feature encoder is adopted to tokenize the ICVC data and convert it into more
compact and less redundant token-based feature for more conducive to feature extraction.

e  The FED, a task-specified decoder, is proposed to enhances the quality of the token-based feature
with a dual branch feature decoder to capture different types of features and relationships between
tokens.
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The rest of this paper is organized as follows. The overall structure and framework of the proposed
method are described in Section 2. In Section 3, the implementation detail of the experiments and
experimental results are presented. The conclusions are drawn in 4.

2. Proposed Method

To implement formation pre-screening, the ICVC data of a charging cell, which are denoted by
x = (xg,x1,%2, ..., deCVC) , are divided into several segments and concatenated to form segmented
ICVC data, as shown in Figure 4, where x € RéIcve, x; € R,0<i<dcyc, dicve < deye. dicye is
the length of the input ICVC. dcyc is the length of the CVC data. Then, each row of the segmented
ICVC data is embedded as a token through segment embedding, and information on the segment
order is added to tokens by position encoding. Finally, tokens are processed by the TE to capture
their correlations and produce an attentive feature for the FED to screen fault cells before formation
charging is conducted. The overall architecture of the TE-FED is shown in Figure 4, where it can be
seen that the TE-FED includes four parts, segment embedding, position encoding, TE, and FED. More
details about the four parts are provided in the following sections.
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Figure 4. The overall structure of the TE-FED.

2.1. Segment Embedding

During the segment embedding, the input ICVC data are converted through several charging
substages by dividing x into 7 non-overlapping segments, f; € R¥%,0 < j < n, where dseg is the length
of a segment. Each segment represents a charging phase and contains local charging information.
A one-dimension convolution layer is used to transform a segment f; into a d;,,-dimension vector,
which represents a token t; € Ruken for the corresponding charging substage. for the corresponding
charging substage. This vectorial representation of the data is more compact and less redundant than
the segment f;. The segment embedding is performed as follows:

t; = Conold(f;) 1)

T = Concat(tg, ty, ..., t,) )

where Convld(.) denotes a one-dimension convolution. Next, tokens are concatenated to form a token
matrix T = (to, ty, ..., tn)T € R"*wken | where dioken < dseg and T is a token-based representation of
x, and where (.)T is the transpose operator and Concat(.) is the concatenation operator. The block
diagram of segment embedding is shown in Figure 5.

2.2. Position Encoding

The ICVC data of a charging cell obtained after segment embedding, denoted by x, are decom-
posed into several substages to conduct formation pre-screening, and a token-based data representation
of the ICVC is obtained. However, the ICVC structure is destroyed during segmentation and segment
embedding. Moreover, the chronological order of the substages is lost, but this information is important
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to the TE to obtain token dependency. Therefore, to emphasize the position order of different segments
in x, this study inserts the position information into each token in T through position encoding to help
the TE apprehend the sequential order of tokens. Generally, there are mainly two types of position
encoding, learnable and fixed position encodings [36]. Fixed position encodings represent a sequential
order with a pre-defined function, such as a cosine function, and are effective and have a low cost.
However, they are calculated in advance and cannot be updated with model training. Learnable
position encodings use a set of learnable parameters to represent a sequential order. These learnable
parameters can be updated with model training to adapt different applications. Therefore, learnable
position encoding is used herein, and can be expressed as follows:

Tpr=aT+P 3)

where P € R"*%wken is the position encoding matrix, whose each element is a learnable parameter;
Tpr € R"*%wken is the token matrix after position encoding; « is a scale factor that prevents the input
data from being overwhelmed by position information, which could lead to a degeneration in the
model performance.

Specifically, & = \/djoren is used in the proposed model. The details of the position encoding in
the proposed model are shown in Figure 5.
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Figure 5. The block diagram of segment embedding and position encoding.

2.3. Transformer Encoder

Due to the superior performance of the transformer for sequential data, this study introduces the
TE into the formation pre-screening task to improve the feature extraction performance. The structure
details of the TE are illustrated in Figure 6, where it can be seen that it is stacked by L encoder layers,
and Tpr and Q! denote the input and output of the TE, respectively. The encoder layer is based on
multi-head attention with p heads and a point-wise feed-forward network (FNN).

2.3.1. Multi-Head Attention

Instead of performing self-attention in a certain feature space, multi-head attention is performed,
which mapping input queries to different subspaces and performing self-attention in turn. The self-
attention operation can calculate the similarity between tokens in input data and express it as a weight
to indicate the relationship between different tokens and their contribution to the output, as follows:

Q) = Q'wi? @
K| = Q'wX (5)
Vi =Q'wy’ (6)
L(KI\T
H! = Sel f Attention(Q!, K!, V1) = Softmux(w)w (7)

Var
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Figure 6. The structure of the TE.

where Q' € R is the input query matrix of I-th encoder layer, whose each row is a query vector,
L% and d;,, are the number of the query vector in Q' and the dimension of the query vector,respectively;
Wt’Q € Riinxdq, Wi’K € R¥n*d and Wi’v € R%»*% are the linear projection operators for generating
the t-th head’s queries Qi € Rboxdq, keys Ki € REe*% values Vi € Rboxdo | respectively; dg, di, and
dy, are the dimension of query vector, key vector, and value vector in Q!, Ki, and Vi. Softmax(.) is the
soft-max function; H € REe*42(0 < t < p) is the attention output of the t-th head.

Further, the variant subspace features are concatenated and synthesized by a linear transformation
to form the encoded features denoted by M/; each feature vector in M! contains correlation information
on queries in input Q'. The multi-head attention with heads in the th encoder layer is expressed as
follows:

H! = Concat(H), H}, ..., Hlp) 8)

M! = MultiHead Attention(Q') = H, WO ©)
where Hé e RLe*Pds ig obtained by concatenating the results of all heads; Hi is transformed by

WlO € RP#*dout to obtain the encoded features M! € REQ*ut; M is normalized by layer normalization
. . . v
[37] and added with a residual connection of Q' to obtain M' € RL@*dou,

2.3.2. Point-Wise Feed-Forward Network

A point-wise FFN is a fully-connected network that processes the elements of M separately and
identically as:
MLy = FEN(M') = Dropout(Relu(M W} + b}))W} + b} (10)

where Wl1 and le are the network weights of the FFN; bl1 and bl2 are network biases of the FFN;
Relu(.) is the linear rectified function [38]. Dropout(.) represents the dropout layer, which suppresses
the input with a probability of g to avoid model overfitting.

The output of the encoder layer Q! is obtained by normalizing ML, and adding it with a residual

. ~=I
connection of M.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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2.4. Feature Enhance Decoder

To decode the output features of the TE and screen out the fault cells online, this study designs
a task-specified decoder called the feature enhance decoder, which enhances feature diversity by
transforming the input features into various feature spaces with convolution and pooling operations to
capture different types of features and relationships between tokens. Then, these features are combined
to classify fault cells online.

The FED structure is shown in Figure 7. The input features Q! are processed by a convolution layer
with a kernel size of 1 x 1 x 32 first and then normalized by layer normalization and activated by Gelu
[39] to obtain unenhanced features F. Next, F is divided into two branches to obtain different types of
features, as shown in Figure 7. The right branch (refer to Figure 7) synthesizes the features between
adjacent heads and adjacent tokens using a convolution filter to obtain the convolutional features Fc,,,
that contain the local correlation between adjacent tokens and heads. Meanwhile, the left branch (refer
to Figure 7) produces the pooling features Fp,, by using a max-pool and convolution filter, which
contain global features of the input data. The dropout layers are added after each convolution layer to
avoid model overfitting. Afterward, the Fc,,,, and Fp,,; are channel-wise concatenated and pooled
by global average pooling [40,41] that pool each channel to produce a comprehensive feature vector.
Finally, a linear layer and a soft-max layer are used to transform the feature vector into classification
probability for the formation pre-screening task.

= .
= = Q
8 ] QU
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Conv 1x1x32
v
Dropout
A
LayerNorm
v
Gelu
F
MaxPool 3x3 l
v Conv 3x3x16
Conv 1x1x16 v
¥ Dropout
Dropout y
v LayerNorm
LayerNorm v
v Gelu
Gelu
F FCO}’IV
pool
Concat
v
GlobalAvgPool
v
Linear
v
Softmax

Figure 7. The structure of FED.
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3. Experiments
3.1. Data Preparation

The experiments conducted in this study were conducted using the practical production data of a
18650 LIB from an automatic formation system. The CVC data of each cell were collected as raw data,
and the corresponding OCV result was used as a label to form a dataset for the formation pre-screening
task. Particularly, the CVC and OCV data on 47,959 cells were collected. The CVC data were aligned
by linear interpolation into the reference time step T, = {0,0.5,1,...,80}, which contained 161 data
points with a time interval of 30 s. For each cell, if the corresponding OCV result was in the range of
3.54 V=-3.55 V, then the cell was considered well-formed, which denoted a positive sample; otherwise,
the cell was regarded as a fault cell, that was, a negative sample.

Due to the advance in production technology and quality management technique in the battery
industry, the number of fault cells has been far less than the number of normal cells in the real-world
formation process. To avoid the imbalance in the number of positive and negative samples affected
model performance, the hybrid resampling technique [42] was employed to balance the raw dataset by
reducing the number of majorities (i.e., a well-formed cell) and increasing the number of minorities.

Finally, the CVC data were trimmed to a certain length as input ICVC data and paired with the
corresponding OCV labels to construct a formation pre-screening dataset used for the model’s training,
validation, and test. The proportion of positive and negative samples in the formation pre-screening
dataset was the same as in the resampled dataset. Detailed information on the dataset is given in Table

1.
Table 1. The detail of the formation pre-screening dataset.
Data Set Positive Negative Total
Raw Data 93.23% 6.77% 47959
Resampled Data 66.65%  33.35% 46928

Train 66.65% 33.35% 28160
Formation Pre-Screening Data  Validation = 66.65% 33.35% 9384
Test 66.65% 33.35% 9384

3.2. Experimental Settings

Currently, there is no existing formation pre-screening method that could be used for comparison
with the proposed method. Therefore, several deep learning-based models were adopted for the
formation pre-screening task and compared with the proposed mode. The baseline models used in
the comparison include the multi-layer perceptron (MLP), fully-convolutional network (FCN), and
ResNet. The detailed structures of these models have been discussed in detail by Taherkhani et al. [43].

The performances of the above models in the formation pre-screening task were evaluated using
several evaluation metrics: accuracy, Fl1-value, G-mean, and miss rate. The average running time
of each model was recorded to obtain its computation complexity. The details about the evaluation
indexes are shown in Table 2, where TP denotes the number of true positive predictions; TN is the
number of true negative predictions; FP is the number of false positive predictions, and FN is the
number of false negative predictions.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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Table 2. The details of the evaluation indexes.

Evaluation index Definition Value range Best value
Accuracy ot [0,1] 1
Fl-value 2 X e Recat [0,1] 1
G-mean /Recall x Specificity [0,1] 1
Miss Rate NN [0,1] 1

Accuracy is a naive evaluation metric in binary classification problems, and it represents a ratio
of the number of correct predictions to the total number of test samples [44]. The accuracy index is a
basic metric of model performance, but it is susceptible to variations in sample ratio and a large bias
for extremely imbalanced datasets.

The F1-value represents a harmonic average of the precision and recall for a binary classification
problem. It can alleviate the evaluation bias caused by an imbalanced dataset and obtain more objective
evaluation results of model capacity. The precision is a ratio of the number of true positive predictions
to the number of samples that are predicted as positive samples [45]. The recall is a ratio of the number
of true positive predictions to the number of all positive samples.

The G-mean denotes a combination of the recall index and specificity index, which can reflect the
model performance on an imbalanced dataset. The specificity represents a ratio of the number of true
negative predictions to the number of samples that are predicted as negative samples.

The miss rate is a vital index for the formation pre-screening task because screening out all the
negative samples is important for quality control in battery manufacturing.

The precision, recall, and specificity values are respectively calculated by:

.. TP
Precision = TP L EP (11)
TP
Recall = —— 12
T TPYFN (12)
e TN
Specificity = TN+ ED (13)

The default hyperparameter of the TE-FED was set to be the same as the number of heads p = §;
the number of hidden units in the FEN was dj;; = 256; the number of encoder layers was L = 6;
the segment length was ds.; = 16; the token length was set to dy,., = 12; dropout probability was
g = 0.9; incomplete ICVC data had djcyc = 80. Further, the k-fold cross-validation [46] was used to
train and evaluate models, and k = 5, and the ratio of training and validation data was the same as
that on the formation pre-screening dataset in Table 1. All experiments were performed on a desktop
platform with an Intel Core i9-10980XE, 128-GB RAMs, and RTX 3090 24GB. All of these models were
implemented with PyTorch [47].

3.3. Model Training

The proposed model was trained using Adam optimizer [48] and the learning rate scheduler
called stepLR. The parameters of the Adam optimizer were: f; = 0.9, B = 0.9, and ¢ = 10~°. The
stepLR was formulated as follows:

epoch ]

lrepoch = iyt ¥ ')’[ ! (14)

where Ir;,;; is the initial learning rate; v € [0, 1] is the decay factor.; v is the step size; epoch is the index
of current epoch; I, is the learning rate of the current epoch; [.] is the integer ceiling function, and
in this study, I7j,;; = 0.0001, v = 0.95, v = 10, and the maximum number of training epochs was 512.
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The loss function in the formation pre-screening task was the cross-entropy loss function, and the loss
between the classification result and the ground true label was propagated from the decoder output
to the input of the TE-FED. As shown in Figure 8, the training loss reduced and became stable after
hundreds of epochs. Meanwhile, the validation loss declined in fluctuations and stabilized eventually,
which indicated that the model converged.
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] —— Validation
0.500 +

0.475 1
0.450 1

0.425 1

Loss

0.400 1

0.375 1

0.350 1

0.325 1
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Figure 8. The training loss and validation loss of the TE-FED.

3.4. Results and Discussions

The overall evaluation of different data-driven models for formation pre-screening is shown in
Table 3, where the best result of each index is boldfaced. As shown in Table 3, the proposed TE-FED
achieved the best accuracy result of 98.73% among all the models, which was 4.46% higher than that
of the MLP, and 2.49% higher than that of the ResNet. Furthermore, the lowest miss rate among all
models, i.e., 1.92%, was obtained by the TE-FED, which was a decrease of 8.98% compared with ResNet.
This was because the attention-based encoder could capture the relationship within input tokens and
provide better features for the formation pre-screening task. The result of the TE-FED regarding the
Fl-value and G-mean was also the best among all models. Regarding the running time, the MLP
achieved the best result of 0.3517 ms per sample. However, the cells were screened simultaneously, and
the running time performance of the proposed model could satisfy the requirement of the formation
pre-screening task in real-world production. Overall, the proposed model could pre-screen the cells
that failed during the formation charging at high accuracy and low miss rate.

Table 3. The experimental result of models comparison.

Evaluation Index

Model
Accuracy Fl-value G-mean Miss Rate Running Time(ms)
MLP 0.9427 0.9585 0.9148 0.1566 0.3517
FCN 0.9569 0.9685 0.9366 0.1179 0.7940
ResNet 0.9624 0.9725 0.9430 0.1090 2.2079
TE-FED 0.9873 0.9905 0.9857 0.0192 3.9116
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To illustrate the capability of the TE-FED better, the TE-FED was used for different djcyc to
investigate the performance of the model in the formation pre-screening task. For the TE-FED, the
shorter the length of ICVC data used in formation pre-screening was, the earlier the fault cells could be
screened out. However, a short input length could lead to higher uncertainty and damage the online
screening performance of the model. In the experiment, the TE-FED was trained and tested on the
ICVC data with different lengths to reveal the online screening performance of the model on different
input lengths. Exclusively, the model was trained and tested on the ICVC data with d;cyc = 40, 80,
and 161 in turn for comparison. The experimental results are shown in Table 4.

Table 4. The experimental results of the proposed model for different input lengths.

Evaluation Index

Input length djcyc
Accuracy Fl-value G-mean
40 0.9613 0.9732 0.9507
80 0.9873 0.9905 0.9857
161 0.9907 0.9933 0.9936

As shown in Table 4, the best result was achieved when the model trained on the full-sequence
input was djcyc = 161, but such input data made the formation pre-screening meaningless. The
proposed model could also achieve a significant result by using only half or a quarter of the CVC
data to pre-screening the cells. At the input length djcyc = 40, the proposed model could achieve
an accuracy of 96.13%, and the fault cells could be screened out 60 min early. At the input length of
dicyc = 80, the proposed model achieved an accuracy of 98.73%, which was only 0.34% less than the
full-sequence length prediction, and the fault cells could be screened out 40 min earlier.

To further investigate the sensitivity of the TE-FED on the hyperparameter, the online screening
performance of the proposed model was examined for different input segment lengths ds.;. Before
passing into the encoder, the ICVC data were divided into several fixed-length segments, each of
which represented a substage of charging and was embedded as tokens. The relationship between the
tokens could indicate the quality of formation charging. However, different segment lengths could
cause online screening performance variations because the scales of the substage were charged. Thus,
the segment length was changed, and the corresponding variations in the model performance were
observed to investigate the sensitivity of the proposed model on ds.;. We performed sensitivity experi-
ments on segment length using the proposed model structure with default settings. The experimental
results are shown in Table 5.

Table 5. The experimental results of the proposed model for different segment lengths.

Evaluation Index

Segment Length d,¢
Accuracy Fl-value G-mean
8 0.9742 0.9809 0.9644
16 0.9873 0.9905 0.9857
40 0.9876 0.9907 0.9863
80 0.9617 0.9712 0.9590

As shown in Table 5, the optimal result was obtained at dsgg = 40. The performance of the
proposed model at ds;; = 16 was almost the same as that at ds;; = 40, indicating that the quality
information of the tokens at dseg = 40 and dseg = 16 showed no significant difference. Thus, ds.¢ = 16
did not affect the proposed model’s performance. However, there were certain degradations in model
performances when ds,; = 8 and dseq = 80. Namely, at dseg = 8, the short length of the segment
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could not guarantee the validity of quality information; meanwhile, at ds,; = 80, the long length
of the segment could produce defective tokens due to the charging substages with different quality
information were overlapped.

3.5. Ablation Study

The proposed TE-FED is an encoder-decoder model that contains four main parts, segment
embedding (SE), position encoding (PE), TE, and FED. To analyze the effect of these components on
the formation pre-screening task, four variant models were designed. The first variant was the w/o SE,
which represented the TE-FED that did not use the SE to transform the segments of the ICVC data into
tokens as input but the original ICVC segments. The second variant was the w/o PE that did not use
the PE to inject the segment order information into the ICVC tokens. The third variant was the w/o
TE, which used a simple MLP encoder as a feature encoder to replace the TE. The MLP encoder was a
two-layers neural network with a sigmoid activation function [49] and layer normalization. The last
variant was the w/o FED that did not use the FED but a simple MLP decoder as a feature decoder.
The MLP decoder was a two-layer neural network with sigmoid and softmax activation functions. The
experimental result of the ablation study is shown in Table 6.

Table 6. The experimental result of ablation study.

Variant Model w/0SE w/oPE w/o0TE w/o FED TE-FED
SE X v v v v
PE v X v v v
Component
TE v v X v v
FED v v v X v
Accuracy 0.9512 0.9302 0.8845 0.9638 0.9873
Evaluation Index Fl-value 0.9635 0.9475 0.9189 0.9732 0.9905
G-mean 0.9434 0.9224 0.8227 0.9644 0.9857

The performance degeneration of the w/o SE and w/o PE demonstrated the effectiveness of
token transformation and position information in the formation screening task. The result of the
w/o TE indicated that a simple encoder structure could not achieve sufficient data features for
formation screening, and the TE could obtain better online screening performance due to the capacity
of dependency modeling. Finally, the result of the w/o0 FED demonstrated that the FED could help to
improve the online screening performance further.

4. Conclusions

This paper proposes an online fault cell screening method based on the data-driven model for
LIB formation. The proposed screening model is an attention-based model named TE-FED, which can
capture the relation between segments of ICVC data to screen fault cells online. The production data
of a 18650 LIB are used in experiments to verify the feasibility of the TE-FED. The experimental result
demonstrates that in the online screening task on the ICVC data with , the proposed model has an
accuracy of 98.73% and a miss rate of 1.92%. The proposed model can screen out fault cells 40 min
earlier than the other offline screening models; the screened fault cells are proceeded to the rework
process or discarded in advance, which can reduce the energy consumption in battery formation and
shorten the screening cycle of fault cells. In addition, the proposed model can screen out fault cells 60
min earlier, achieving an accuracy of 96.13%. However, the running time of the proposed model is not
optimal compared to the comparison models, which can affect the production speed when cells are
pre-screened sequentially.
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In future work, we will simplify the model structure and reduce the running time to meet the
requirements of various production environments. Moreover, since the aging temperature also affects
the quality of battery formation, we will use the temperature curve during aging and research online
fault cell screening methods based on multi-source data to obtain better screening performance and
efficiency in the process of LIB production.
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