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Abstract

Online battery capacity estimation is a critical task for battery management system to maintain
the battery performance and cycling life in electric vehicles andyrid energy storage applications.
Convolutional Neural Networks, which have shown great potentials in battey capacity estima-
tion, have thousands of parameters to be optimized and demand a substaial number of battery
aging data for training. However, these parameters require massive meony storage while col-
lecting a large volume of aging data is time-consuming and costly in realvorld applications.
To tackle these challenges, this paper proposes a novel framework iporating the concepts of
transfer learning and network pruning to build compact Convolutional Neural Network models
on a relatively small dataset with improved estimation performance. Hrst, through the trans-
fer learning technique, the Convolutional Neural Network model pre-rained on a large battery
dataset is transferred to a small dataset of the targeted battery to impmove the estimation accu-
racy. Then a contribution-based neuron selection method is proposetb prune the transferred
model using a fast recursive algorithm, which reduces the size andomputational complexity
of the model while maintaining its performance. The proposed models capable of achieving
fast online capacity estimation at any time, and its e ectiveness is vei ed on a target dataset
collected from four Lithium iron phosphate battery cells, and the performance is compared with
other Convolutional Neural Network models. The test results con rm that the proposed model
outperforms other models in terms of accuracy and computational e ciengy, achieving up to

68.34% model size reduction and 80.97% computation savings.
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Nomenclature

Acronyms

BMS battery management system

cC constant current

CNN convolutional neural network

CNN (S) convolutional neural network (pre-trained on the source dataset)

CNN (S) TL convolutional neural network (pre-trained on the source dataset) with transfer

learning
CNN (T) convolutional neural network (directly trained on the target dataset)
Ccv constant voltage
EV electric vehicle
FC fully connected
FLOPs oating point operations
FRA fast recursive algorithm
GRP Gaussian process regression
LFP lithium iron phosphate
MAE mean absolute error
NEE normalized estimation error

NN neural network



PCNN pruned convolutional neural network

PCNN(S) TL pruned convolutional neural network (pre-trained on the source dataset with

transfer learning
PCNN (T) pruned convolutional neural network (directly trained on the target d ataset)
RMSE root mean-square error
RV M relevance vector machine
SOC state of charge
SOH state of health
SV M support vector machine
TL transfer learning
Symbols
parameter matrix
' candidate model term
Ex cost function when k model terms are selected
Ex the net contribution of the k th model term
i parameter of the j th selected model term
regression matrix
model residual vector
M a recursive information matrix
Ry a recursive residual matrix
y system output

I identity matrix



L number of neurons inputted to the rst fully connected layer

M number of data chunks segmented from one charge cycle

N the number of data samples

n data segmentation length

S total number of candidate model terms

S1 number of neurons inputted to the second fully connected layer
w weights and bias matrix of the second fully connected layer

X input matrix to the rst fully-connected layer

Y model output

1. Introduction

The battery energy storage systems, which capture energy and store itsing electrochemical
solutions, are playing vital roles in mass roll-out of electric vehicés (EVs) [1] and acceptance of
signi cant penetration of renewable power worldwide [2], and can provile clear socio-economic
bene ts in the transition to low carbon economies [3]. Particularly, the lithium-ion battery has
been widely used in EVs and grid energy storage systems due to a numbef desirable features
[1], and it is crucial to maintain its functional performance, cycling life, and safe and reliable
operation. The inevitable battery degradation during its utilization, which may lead to potential
system failures and safety issues, is often described as the batyestate of health (SOH). The
capacity and internal resistance are two most commonly used indicatorshat quantitatively char-
acterize the SOH and assess the battery aging degreé [1]. Among the two SQndicators, the
capacity is more intuitive to re ect the driving range that users car e about [4]. Thus, a variety of
approaches haven been reported to provide accurate capacity estimatnh and they can be roughly
grouped into two categories, namely model-based and machine learningabed approaches.

In model-based battery capacity estimation approaches, physical mode [5], empirical models

[6], thermal models [7] and fusion models[]8] are often used in conjurion with observers or



adaptive Itering algorithms to achieve online capacity estimation. For example, Yu et al. [9]
used the least squares algorithm to estimate the battery capacity basedn the equivalent circuit
model. Zheng et al. [10] estimated the capacity using proportional-inegral observers based on
an electrochemical model. Xiong et al.[[1l1] extracted ve parametershat are strongly correlated
with battery aging from the electrochemical model to estimate the @pacity. Zheng et al. [12]
applied sequential extended Kalman lters to estimate capacity baséd on the empirical model.
Di erent types of battery models were compared and analysed in[[13]. Andthree widely used
Itering algorithms for estimating the capacity, i.e. extended Kalm an lter, particle lter and
recursive least squares, were investigated in_[14], and their perforances are compared and anal-
ysed in terms of accuracy and convergence speed. However, the perf@ante of these methods is
highly dependent on the model quality, while to build an accurate batery model is di cult to
achieve as it requires a large amount of priori knowledge and experimeat data, which are not
always available. Therefore, although model-based methods have mies of o ering clear physical
insights, their dependence on precise battery model limits thie broad applications.

As an alternative approach, machine learning-based battery capacity estiration methods have
attracted substantial interests in recent years. These methods d not require priori knowledge on
the complex physical principles of the battery and are easy to implerant. Methods such as Gaus-
sian process regression (GPR][15], kernel ridge regression|[16], soppvector machine (SVM)
[17], and support vector regression[[18], just to name a few, have beenessfully applied in
battery capacity estimation. Among these methods, Liu et al. [I9] emplogd a GPR-based frame-
work to simultaneously predict capacity and quantify the uncertainty of predicted values. Li et
al. [20] proposed a GPR-based method to estimate the battery SOH usinthe health features
extracted from partial incremental capacity curves. The accuracy, rolustness and e ectiveness of
this approach are veri ed on four batteries from NASA battery degradation dataset. Feng et al.
[21] developed a SVM-based online SOH estimation method. The SVM modé& rst established
o ine using features extracted from the battery charging curves of cdls at di erent SOHs. Then
the model is employed for online SOH estimation by comparing the featres of the measured
charging voltage segment and the stored models. Guo et al._[22] extractecehlth features from
charging measurements, and eight features which are most relevant tche capacity degradation

are selected as the inputs to a relevance vector machine (RVM) modelt is worth noting that



the performance of these methods heavily relies on the manually esdcted features, which re-
quires signi cant manual and computational e orts, and the resultant mod el is often application
speci ¢ and may not be generalized.

To address this bottleneck, some other machine learning-based techlques such as Elman neural
network [23], long short-term memory (LSTM) [24], random forest [25] and Convolitional Neural
Network (CNN) [26] have been applied to automatically extract features fromthe measurements.
The Elman neural network was applied in [23] to estimate the battery capaties of the follow-
ing cycles until its end-of-life in real-time, only using the charged capacities in the past cycles
as inputs of the network. A LSTM network was designed in [[24] for capacity esmation using
direct measurable data, i.e. current and voltage, and the model's robusess and exibility in
dynamic environments has been extensively veri ed with data colected from more than seventy
Lithium-ion batteries cycled with more than ten driving proles. | n [25], the charge capacity
recorded in a speci ¢ voltage region was used as the input to a random foresegression model,
the trained model can directly use online recorded data for capacity gtimation. And [26] directly
used the voltage, current and charge capacity of each cycle as inputs todin a CNN model for
capacity estimation. The performance of three di erent neural network models for capacity esti-
mation, i.e. feed-forward neural network, LSTM and CNN, were compared in[Z7], and the test
results revealed the di culty of the resultant models in dealing well with limited available bat-
tery data. It is clear that these machine learning-based methods havehown great potentials in
battery capacity estimation, yet their performance is heavily dependent on the size of the training
dataset. Only models trained with su cient data are capable of achieving satisfactory accuracy.
However, to collect a large battery degradation dataset requires a subantial number of cycling
tests, which is extremely time-consuming and costly. To this ed, transfer learning techniques
can be incorporated into these methods to improve the estimation pgormance on small dataset.
In [28], the battery health was estimated by combining the kernel ridge regression and transfer
learning to improve the prediction accuracy. In [29], transfer learing was applied to achieve
accurate, quick and steady prediction based on a LSTM model. A CNN modetombining the
concepts of transfer learning and ensemble learning was used for capgogstimation in [30] with
voltage, current and charge capacity as the inputs of the network. Although he inputs to the

model were extracted from a partial charge cycle, which can start from an partially discharged



state, it must end up being fully charged. However, it does not alwag have the opportunity to
fully charge/discharge an EV in practical applications [21]. Similar work has been reported in
[37].

In view of the limited computational capability of the current battery management systems
(BMSs) and the di culty in collecting long-term battery aging data, th ough the CNN has shown
to be a powerful tool to automatically extract features from direct measurements and estimate
the capacity with satisfactory accuracy [32], its large model size and sigrcant computational
cost together with its limitations in handling small amounts of data hind er its practical applica-
tions. This paper aims to address two research questions in order toatkle the aforementioned
challenges, 1) how to leverage the knowledge embedded in the exisgi often huge amount of
battery data to predict the capacity degradation of the same type of batteries in new applica-
tions where available data are however quite limited; 2) how to signcantly reduce the CNN
model complexity such that it can be implemented in embedded syems like battery manage-
ment systems (BMS) used in electric vehicles where memory stage is however quite limited. To
answer these research questions, a pruned CNN (PCNN) in combination wh transfer learning
is developed for battery capacity estimation in this paper, which can geatly compress the model
size and reduce the computational complexity, while improve the eimation accuracy on small
aging dataset. In this proposed method, measurements from exible paral charging curves with
a xed length of 225 data points and a exible starting point are directly used as the model
inputs and no additional feature extraction procedure is required.The main contributions of this

paper are elaborated as follows:

" Firstly, a new CNN-based battery capacity estimation framework incorporating the con-
cepts of transfer learning and network pruning is proposed. The traner learning techniques
are applied to improve the model performance on a small battery degradan dataset by
leveraging the knowledge learned from a large but di erent dataset. Wlie the network
pruning is used to reduce the model size and computational cost, wbih makes it possible
to implement the CNN model in on-board BMSs. The performance improements of the
proposed method in terms of estimation accuracy, model size and compation cost are

evaluated on a small battery degradation dataset.



~ Secondly, a novel fast recursive algorithm (FRA)-based network pruimg approach is pro-
posed to select the neurons one by one that contribute most to the modeoutput and
re-assign the weight for each selected neuron, while redundant neoms are removed. This
lead to a compact CNN with much fewer neurons and parameters, while theccuracy loss
due to nodes pruning is negligible, and the pruned CNN model evengrforms better than

the unpruned one.

Finally, the CNN model inputs are generated by a signal-to-image transfomation and
data segmentation method proposed in this paper, which is an enablingtage to t the
CNN model for time series signals and to estimate the battery capacityusing only partial

charging segment.

With these features, once the model parameters are updated o ine usig the small historical
dataset collected from the target battery, the resultant model can then be used to estimate the
unknown capacity of a battery using online measured variables during partial charging cycle.
The remainder of this paper is organized as follows. In Section 2, a brightroduction of the
transfer learning, network pruning and FRA algorithm are presented. Sction 3 details the pro-
posed battery capacity estimation method, including the signal-to-mage transformation method
enabling the application of CNNs for time series signals, and constructioof the CNN model with
knowledge transfer and redundant neurons pruning. Section 4 introdces the experimental data
and implementation details. Section 5 presents and discusses themerimental results. Finally,

Section 6 concludes the paper.

2. Preliminary work

To improve the readability, this section presents the concepts otransfer learning, network
pruning and fast recursive algorithm, which are the key elements oftie proposed battery capacity

estimation method.

2.1. Transfer learning

Most machine learning technologies are developed under the assumptidimat the data used for

training and testing should be drawn from the same feature space and va the same distribution



[33]. In other words, the statistical model trained on a dataset can not be dectly applied to
another dataset with di erent distribution, and the model has to be r econstructed and retrained
from scratch on the new dataset. However, collecting enough data to rein a new model is
often time-consuming and costly in real-world applications, and on the oher hand, the training
process often takes a long time. Transfer learning was proposed to haldsuch cases, aiming
to reduce the need and e ort for data recollection and model re-trainng while leveraging the
knowledge learned from a source task to a di erent but related task tlough the data of these
two tasks may have di erent distributions [34]. Based on the transfe learning, the latter task
requires much less data to retrain the model.

Generally speaking, the transfer learning can be achieved in two wayfor neural network models:
one is to utilize the original pre-trained network except for its last fully-connected (FC) layer as
a xed feature extractor for the new task, and the other approach is to ne-tune the parameters
of the pre-trained network using data of the new task. Choosing the sitable transfer learning
technique mainly depends on the size and similarity of the target datast to the original one
used in pre-training [34]. It is widely accepted that the rst several layers of a network are used
to extract low-level features while the following few layers areused to extract high-level features
[35], the FC layers are used to learn non-linear combinations of these dtures. Therefore, the
rst transfer learning technique is suitable for cases when the taget dataset is quite similar to
the source dataset. On the other hand, ne-tuning the pre-trained retwork is more suitable for
a target dataset which has di erent distribution statistics from the original dataset.

When the CNN is applied for battery capacity estimation, it is obvious that the model trained
on one battery degradation dataset can not be directly applied to another type of batteries
with di erent speci cations and charging/discharging policies. When the battery speci cation
changes or the operation condition varies signi cantly, the CNN model neds to be retrained or
even rebuilt from scratch on the new battery degradation data. To this erd, this paper combines
the CNN with transfer learning, aiming to eliminate the need to recolect a complete battery

cycling data and build a completely new CNN model.



2.2. Network Pruning

When CNNs are used for battery capacity estimation, the deep and complexetwork structure
and a large number of parameters to tune demand huge memory storage and high cenritational
cost, which hinder its implementation in embedded devices [36]. @ acquire a smaller and much
more compact model, network pruning, which can remove redundant netork connections based
on a prede ned criteria, has proven to be an e ective approach. After pruning, the model will
have much fewer parameters with little or no impact on performance, wile the computational
complexity and storage space can be signi cantly reduced. According tohe granularity level, the
pruning can be applied at four levels, namely weight-level, Iterdevel, channel-level and layer-level
[37]. Though a number of methods have been proposed so far for network pming at di erent
granularity level, they are all based on the similar framework, that is, to evaluate the importance
of each weight/ kernel/ channel/ layer and remove those insigni cant ones. The core of these
methods is to choose a suitable importance indicator that determine which element should be
removed. Di erent criteria have been proposed in the literature, for example, the absolute values
of weights were directly used as the importance indicator in[[38], theacond order derivatives of a
layer-wise loss with respect to the corresponding weights weresed to identi ed the importance
of each weight in [39], while [[40] calculated the percentage of zero activatn of a neuron after
the ReLU mapping to determine which neuron should be removed, baskon the assumptions
that neurons with higher percentage values provide less power to #results.
Considering that the CNN structure used in capacity estimation often has less number of Iters
and layers, weight-level and channel-level pruning are more suitdb. Further, neuron pruning
simpli es the network structure and also reduces the number of weghts, therefore it is often
more e ective than the weight pruning approach only [41]. As a consequers, a channel-level
pruning method is proposed in this paper to remove unimportant newons, where each neuron
is viewed as one channel. Considering that the FC layers are less s#tive to pruning than the
convolutional layers [38], and the FC layers have the most number of paraeters, we choose
the FC layers as the pruning object. In this way, more parameters carbe pruned with minimal
impact on the output. The nal compressed model will use much less remory and require less
calculations, which makes is possible to implement the resultant radel in the on-board BMS.

The detailed pruning method will be elaborated in the following setions.
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2.3. Fast recursive algorithm

In the eld of system identi cation, the linear-in-the-parameter model is a popular model
structure for approximating a large class of nonlinear systems. Theseodels linearly combine a
set of model terms that are nonlinear functions of the system variablesSuch models often have
an excessive number of candidate terms which may cause over ttingand high computational
complexity, therefore, model selection algorithms have been propesl to generate parsimonious
models with a much smaller number of terms. In particular, a fast reursive algorithm (FRA)
[42] was proposed to simultaneously select most signi cant model term&nd estimate model
parameters.

Consider a nonlinear discrete-time dynamic system representetly a linear-in-the-parameters

model, which is identi ed by N data samplesfx(i); y(i)gl,
y = + 1)

wherey = [y(1);:::;y(N)]T 2 <N denotes the system output, =[' ;25" ;" s] 2 <N S

is the regression matrix that contains all candidate model terms, eacharm ' ; 2 <N 1;'; =

[ (k@) j(X(N)IT( = 1;::;S) represents a nonlinear function of N input samples,
[ 1;:; s]" are the unknown parameters to be identied, and = ["1;:5;"Ny]" is the model
residual vector.

Two recursive matrices, namely information matrix M  and residual matrix Ry, are prede ned

in FRA to ful Il the forward model selection procedure as:

M= ¢ « 2

Re=1 Mt ¢ ®3)

where ¢ 2 <N Kk contains the rst k columns of the full regression matrix , additionally,

k=1;::S, and Rg = |. The distinguished properties of Ry are given in[Appendix_Al

Thus, when the rst k columns in  are select, the estimation of parameters that minimizes the

11



cost function and the associated minimal cost function can be formulatedas

"e=M Ly @)
Ex=y'y “F fy=y'Ryy (5)

To simplify the formulas and decrease the computational complexity, hree quantities are conse-

qguently de ned as

T
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wherej =1;:::;S, and k =0; 1; :::;; S. According to the properties of R, the net contribution of

a new model term' y+; to the cost function can be explicitly calculated as

2
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y1- £+E hz+1 2
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By calculating the net contribution of each term, the model terms with maximum contributions
will be selected one by one. Finally, after all important model termshave been selected, the

parameter for each selected term is calculated as

i = = il vl =kk 1un1 (8)

P
Note: the summation term in Equation (E} is zero forj = k, i.e. |, “a = 0. Equations
(7) and (B) constitute the main steps of the FRA, which selects model erms one by one based
on (7) and calculates the model parameters for the resultant model basedn (8).

3. Methodology

In this section, the proposed battery capacity estimation method is ascribed in detail. First,

the input generation method including data normalization, segmentation and time series-to-image

12



conversion is introduced, and the target output of the model is clari ed. Then the construction of
the proposed CNN model is described step by step, which incorporaseboth the transfer learning

and network pruning.

3.1. Input Generation and Model Output

The input variables used for battery capacity estimation in this paper are current, terminal
voltage and charge capacity, where the charge capacity is calculated by inggating the current
with respect to time for a partial charging segment. These variables & highly correlated, embed-
ding lots of information. To make the most of the embedded information in these measurements
and to automatically extract features, a CNN model is built and a time seaies-to-image conversion
method is proposed to convert the measured time series signals to 3ndensional images, as the
CNN usually takes images as the input. Given that there is little chane to fully charge/discharge
a battery from a xed initial state in practical applications [21]] parti al charging curves based
capacity estimation methods are more practical. Therefore, data segmeation is performed be-
fore the conversion stage to generate partial charging curves with exike start/end point.
Figure [ illustrates the steps of the proposed input generation metbd. Note that the raw data,
i.e. current, voltage and charge capacity, have di erent scales, thegfore directly converting these
variables to 3D inputs will slow the training process and signi cantly degrade the model perfor-
mance. Thus, data normalization is applied rst. Then M data chunks are segmented from one
charge cycle, each data chunk is @ 3 matrix that represents a partial charging segment, where
3 is the number of involved variables, andn denotesn continuous data points for each variable.
Two adjacent data chunks havec overlapping data points. Finally, each partial charging segment
is converted into a 3 dimensional image with the size oP n P n 3.

This input generation method can increase the number of samples usefdr CNN training, and
allow fast online capacity estimation only using exible partial charging curves, thus it is an
enabling block in order to apply the CNNs for time series signals. Eachniput sample is associ-
ated with an output sample, which is the full discharge capacity that is calculated by integrating
the discharge current over time for the entire full discharge cya which immediately follows the

charge cycle that generated the input sample.
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Figure 1: Input generation steps: data normalization, char ging curves segmentation, and time series-to-image
conversion

3.2. Model Construction

As shown in Figure[2, the CNN model proposed in this paper is constructe in three con-
secutive steps. Firstly, a CNN architecture is designed based on alassical and e ective CNN
structure named LeNet-5, and the CNN model is pre-trained using the surce dataset. Secondly,
the knowledge learned from the source dataset is transferred to a nevask, and the trainable
parameters are ne-tuned using the target dataset to produce the targémodel. Finally, a pruned
CNN model is constructed by pruning insigni cant neurons of the target model using the pro-

posed pruning algorithm. The detailed process of each stage will be fthrer elaborated below.

3.2.1. Pre-training
The designed CNN architecture is illustrated in Figure[3 and Table[], anl it has 4 convolu-

tional layers, 2 max pooling layers, a atten layer and 2 fully-connected layers. As aforementioned,
the inputs are pﬁ P n 3 matrices, their weight and height dimensions both arep n, which

are determined by the length n of the data chunk, and 3 is the depth of the input, which is

determined by the number of variables. In this paper,n is set to be 225, thus the size of the
inputis 15 15 3. The output size of each layer is given at the top of each layenv h crefers

to the size of the feature maps, wherav; h; c denote the weight, height and channel, respectively.

For each convolutional layer, N@k m d denotes the Iter design, which implies that N Iters

14



Figure 2: Model construction stages: (1) pre-training, (2) transfer learned parameters and ne-tuning, (3)
pruning

Figure 3: Model structure of the pre-trained CNN model

with the size ofk m d are convolved with the input of this layer. The depth of the input is
d, and the number of the output feature maps must beN. The model pre-trained on the source
dataset is denoted as CNN(S), and there are totally 12693 parameters in this maa, which are

trained using the source dataset.

Table 1: Layer con gurations and number of parameters of the  pre-trained CNN model

Layer Layer name Stride  Output size  Parameters Activation
L1 Conv.1(16@2 2 3) (1,1) (14 14 16) 208 RelLU
L2 Maxpool_1(2 2) (2,2) (7 7 16) 0 ReLU
L3 Conv2(32@2 2 16) (1,1) 6 6 32 2080 RelLU
L4 Maxpool 2(2 2) (2,2) 3 3 32 0 RelLU
L5 Conv 3(l6@2 2 32) (1,1) (3 3 16) 2064 RelLU
L6 Conv4(l6@2 2 16) (1,1) (3 3 16) 1040 RelLU
L7 Flatten - 144 0 ReLU
L8 FC1 - 50 7250 RelLU
L9 FC2 - 1 51 RelLU

15



The source dataset was split into three sets: training, validation and esting. The CNN model is
trained from scratch using the training and validation sets, and then tested on the testing set.

All the 12693 parameters are trained and then used in the following steps.

3.2.2. Transfer learning and ne-tuning

In real-life applications, it is not a trivial task to collect and annotate battery long-term
cycling data. While the CNN architectures used for battery capacity estimation usually contain
tens of thousands of free parameters to train, requiring a large humbeof labeled training data
and long training time. To circumvent this problem for practical appl ications, transfer learning
is adopted to transfer the knowledge learned from the source dataset ta new task with a much
smaller dataset. In this paper, transfer learning is achieved througlthe following two steps (Fig.
2): rst, the structure and parameters of the CNN model pre-trained on the source dataset are
transferred to the target dataset, then speci c layers are ne-tuned using the target dataset. The
resultant CNN model after the transfer learning is denoted as CNN(S)-TL in the remainder of

the paper.

3.2.3. Pruning

As aforementioned, the CNN(S)-TL model used for capacity estimation netuned using the
target dataset has 4 convolutional layers, 2 max pooling layers, a atten ayer and 2 fully-
connected layers with a total of 12693 parameters. In real-world applicatins, such a CNN model
will require large computation and memory resources, which limits is implementation in on-
board BMS. An intuitive way to solve this problem is to reduce the model complexity and the
number of parameters. Inspired by the work presented in [43] that s&lcts the best hidden neurons
and avoids redundant structure, a FRA-based network pruning methal is proposed in this paper
to remove all redundant neurons based on measuring the contribution®f all neurons to the
outputs. Compared with other pruning methods, the proposed methodidenti es and preserves
the most important neurons of networks and re-assign weights to the retaied neurons. In other
words, the important features are retained, which may help to improve the accuracy of capacity
estimation for the CNN model re ned on a rather small task dataset. Further, the ability of
the proposed method to simultaneously update weights and select meons implies that there

is no need to ne-tune the network after pruning. As shown in Table 1, more than half of the
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total parameters of the CNN model are from the last two fully-connected hyers, the proposed
method is therefore deployed to these two layers. The redundameurons and all the incoming
and outgoing connections associated with these neurons are removedaténg to signi cantly
reduced memory usage and computational complexity for online capacity eshation.
SupposingX 2 <N (1) s the input matrix to the rst fully-connected (FC1) layer, whe re
N is the number of samples andL is the length of the vector formed in the atten layer and
inputted to the FC1 layer, and the input matrix X includes a bias vector with all elements being
setto 1.Y 2 <N 1 s the output of the second fully-connected (FC2) layer, i.e. the otput of

the CNN(S)-TL model, which can be written as
Y =f(X )W+ 9)

where 2 <(t*D)  Si represents the parameter matrix of the FC1 layer, which consists othe
L S; weight matrix and 1 S; bias vector. S; is the number of neurons inputted to the
FC2 layer, namely, the number of latent features obtained by the CNN-TL model to estimate
capacity. W denotes the parameter matrix of weights and bias of the FC2 layer, and isthe
residual vector.

To remove redundant neurons in FC1 and FC2 layers without sacri cing the overall performance
of the network, the detailed procedure is illustrated in Figure 4, ard the neuron selection process
is elaborated as follows.

Take the FC1 as an example, the pruning procedure consists of 3 steps

Step 1 - Calculate the contribution of each neuron in the FC1 layer. LetYf = f(X ), Y =
[yliyhiany T 2 <N Stis the output of the FC1 layer. According to Equation (7), the net

contribution of each neuron in this layer can be calculated as

2
v T
Exs1 = T ; k=0;LuL 1 (10)
k k
Xk Xk

Step 2 - Rank the neurons based on their contributions, and then sel¢dhe highest ranked

neuron. With the selected neurons, a new output of the FC1 layer isobtained, denoted by ¥ .
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The root mean square error betweerY ' and ¥ f over all the training samples is given as

4
u
1 X
rmsef:FW @y yDT
i=1 (11)
— 1 f f
e vy i

wherek k. is the Euclidean norm.
Step 3 - Repeat Step 2 until the maximum number of neurons in the FQ layer is reached or
the rmse' is smaller than the prede ned error bound. The parameters for the sedcted terms are

calculated by

. = ' ' (12)

wherej = k;k 1;::;1, and Kk is the total number of the selected terms.

The neuron pruning process for FC2 is the same as for the FC1 layer. épeat step 1-3, and until

the equivalent or even better result with fewer neurons is achiesd.

The proposed method using FRA for neuron pruning can simultaneouslyeduce the model size
and re-tune the weights, which eliminates the need to ne-tune e network after neuron pruning,

and reduces the number of computing operations without sacri cing the accuracy. After pruning,

the new network is more compact than the original CNN(S)-TL model in terms of the model

size, and hence the computational complexity is signi cantly reducel. The resultant model is

denoted as pruned CNN(S)-TL (PCNN(S)-TL) in the rest of the paper.

4. Datasets and Implementation Details

In the following, the source dataset used to pre-train the CNN model ad the target dataset
used to validate the performance of the proposed PCNN(S)-TL model are itnoduced. Then the
detailed parameters for training, transfer learning and pruning a CNN-based battery capacity

estimation model are given, and the criteria for measuring model pdormance are determined.
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Figure 4: Flowchart of the FRA-based neuron pruning process

4.1. Datasets

The detailed information of the source and target battery degradation datases are summa-
rized in Table 2. These include one large-scale test dataset for 16 celisd one small-scale dataset
for 4 cells, and each cell in the rst dataset has roughly gone through 1000 chargg/discharging
cycles, while cells in the small dataset were only tested for 30 refence cycles. Therefore, the
large-scale dataset is employed as the source dataset to pre-train theNIN model, and then the
learned knowledge will be transferred to the small-scale dataset. Netthat these two sets of cells
are all the same type, but have dierent speci cations and are testedunder di erent cycling

scenarios.

4.1.1. Source dataset

The source dataset is collected from 124 commercial lithium iron phosphat (LFP)/graphite
batteries that are manufactured by A123 System (APR18650M1A), with a nominal voltage of
3.3 V and nominal capacity of 1.1 Ah [44]. They are cycled to failure under fastharging policy

at a constant temperature of 30 C. Under the fast-charging policy, denoted as "C1(Q1)-C2",
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Table 2: Summary of the two battery degradation datasets

Source dataset Target dataset
roughly 1000 30 reference
charge/discharge charge/discharge

Available cycles
for each cell

cycles cycles
Number of cells 16 4
::lyommal capac- 4 4 ap 1.6 Ah
Nominal voltage 3.3V 3.2V
Battery type LiFePO 4 LiFePO4

the cell is rst charged from 0% to Q1 state of charge (SOC) at a constant caent (CC) C1,

then charged from Q1 to 80% SOC at constant current C2. After reaching 80% SOCall cells
are charged at 1C until the voltage reaches its upper cuto potential 3.6 V. Finally a constant
voltage (CV) mode continues until the charge current falls to 22 mA. The whole charging policy
is illustrated in Figure 5. All cells are discharged under a CC-CV probcol, discharging at CC of
4C until the cell voltage falls to 2.0 V with a current cuto of 22 mA.

The rst 16 cells in dataset 'batch3' are used in this work and they are charged with di erent

Figure 5: Charging policy of the source dataset

policies. These 16 cells are divided into 2 groups, where the rst grup consists of 12 cells and is
used to train the network, while the second group consists of the remaing 4 cells and is used
as the testing set. The detailed policies applied to charge these 16ls from 0% to 80% SOC
are summarized in Table 3, and the groups used for training and testing aralso given in the

table. During the pre-training process, samples generated from ta Group 1 are rst shu ed and

randomly split into a training set and a validation set with the ratio of 7:3, which are then used
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to pre-train the CNN model. The Group 2 is then used to test the peformance of the trained

CNN model.

Table 3: Summary of the policies for charging the cells from 0 % to 80% SOC

Battery Charging policies Cycles
1 '5C(67%)-4C' 1008
2 '5.3C(54%)-4C' 1062
3 '5.6C(19%)-4.6C' 1266
4 '5.6C(36%)-4.3C' 1114
5 '5.6C(19%)-4.6C' 1047
6
7
8
9

Group 1
(Training set)

'5.6C(36%)-4.3C' 827
'3.7C(31%)-5.9C' 666
'4.8C(80%)-4.8C' 1835
'5C(67%)-4C' 827
10 '5.3C(54%)-4C' 1038
11 '4.8C(80%)-4.8C' 1077
12 '5.6C(19%)-4.6C' 816
13 '5.6C(36%)-4.3C' 931
Group 2 14  '5.6C(19%)-4.6C' 815
(Testing Set) 15  '5.6C(36%)-4.3C' 857
16  '5.9C(15%)-4.6C' 875

4.1.2. Target dataset

To validate the proposed PCNN(S)-TL based capacity estimation algorithm, data of 4 com-
mercial cylindrical LFP cells with nominal voltage of 3.2 V and nominal capacty of 1.6 Ah are
used as target dataset in this work. These cells used in the target datasare di erent from the
cells used in the source dataset as shown in Table 2, and they are testéu parallel using a BTS
4000 battery test system made by NEWARE. Thermocouples with measuren error less than
0.1 C are attached to measure the cell surface temperature.
High charging current rates are used to accelerate the aging speed of theesells, and a reference
cycle is tested under the temperature of 25 C every 30 cycles. The protocol of the reference cycle
recommended by the manufacturer includes a CC-CV charging and a CCidcharging process. As
shown in Figure 6(a), under the CC-CV charging policy, the cells wee charged at a uniform CC
of 1 A until the voltage reaches the upper cuto voltage 3.6 V, and then chargedwith 3.6V CV
to a current cuto of 75mA. All cells were subsequently discharged with a 1 A CC to the lower
cuto voltage of 2.0 V. The sampling frequency for all the equipment usedin this experiment

was set as 1Hz. The resting time between the charge and discharge prosesas set to 1 hour.
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The CNN(S)-TL model is ne-tuned using the data collected from the reference cycles of the 3
cells, while the data from the remaining cell is used for testing. he capacity degradation trends

for these 4 cells are shown in Figure 6(b).

(a) CC-CV charging strategy (b) Capacity degradation trends for cell 1 - cell 4

Figure 6: Charging strategy (a) and actual capacity degrada tion (b) of the four cells in target dataset

4.2. Implementation Details

4.2.1. Input structure

Training samples generation process is illustrated in Figure 7, andM; partial charging seg-
ments with the length of 225 consecutive data points were extracted fsm the i th charging cycle,
i =1;2;::;N¢, where N¢ is the total number of charging cycles involved in the training dataset
After a series of trial-and-error tests, it is found that the length of 225 data points is the best
trade-o between the number of generated training samples and the inbrmation embedded in
each sample. Each segment was formulated to a 1515 3 matrix. This leads to P Nt M; data
segments fed into the network to train the model. For a given overlapsize ¢, the number of
samples generated from tha th charge cycle containingL; data points in total is calculated as
follows

Li 225

where the function floor () gives the largest integer less than or equal to the input value. The
overlap size was set ag = floor (225 0:8) in this work.

For the test dataset, only one partial charging segment was extracted perycle, and this segment
has a xed length of 225 data points and a random starting point. The training data of the source
and target datasets are used to pre-train the CNN(S) and ne-tune the CNN(S-TL model,

respectively, and they are also used to prune the input neurons oftie fully-connected layers. The
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testing data from the source dataset is used to verify the e ectiveness of the CNN-based capacity
estimation method on cells with di erent charging policies, while the testing data of the target
dataset is used to verify the e ectiveness of the transfer learnig strategy. Further, the testing

data of the target dataset are also used to validate the performance of the pmed model.

Figure 7: lllustration of training samples generation. M; samples are segmented from one charge cycle, each
sample refers to a partial charge cycle with a length of 225 da ta points. Three variables, i.e. voltage, current and
cumulative charge capacity, of each partial charge segment are then together form a 15 15 3 input matrix.
Note that the charge capacity is calculated by integrating t  he current with respect to time for a partial charging
segment.

4.2.2. Training Protocols

Important hyperparameters are pre-de ned before training and ne-tuning the model to
maximize the performance of the model. When the CNN model is trainedrom scratch, all the
kernels are initialized based on Xavier uniform initializer and the kbias are initialized to zero [45].
The maximum training epochs are set to 80 with the mini-batch size 0f128 samples. To avoid
over tting problem, early stopping method with patience set to 5 is applied to stop training once
the model performance has not improved for 5 consecutive epochs ondhvalidation dataset. The
Adam algorithm with learning rate of 0.001 is used to update the parameters.
The CNN(S)-TL model is ne-tuned from the pre-trained CNN(S) model on the target dataset.

First, all layers of the pre-trained CNN(S) are copied to the CNN(S)-TL model. Considering that
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the target dataset is much smaller than the source dataset, and the featwes extracted from the
rst few layers are universal, the parameters of layers prior to thethird convolutional layers are
retained unchanged. Then the subsequent layers are ne-tuned tdearn the speci c features on
target dataset with a learning rate of 0.0001, which is ten times smaller tharthe one used in the
scratch training.

In the pruning stage, all the layers copied from the CNN(S)-TL model are xed except for the

last two fully-connected layers. When the desired performance othe model is achieved with
the minimum number of neurons using the proposed FRA-based network quning method, it

eliminates the necessity of ne-tuning the network after removing redundant neurons, due to

that new weights have already been assigned to remaining neurons ugjthe proposed algorithm.

4.2.3. Evaluation Criteria

In the experiment, the total mean absolute error (MAE), root mean-square error (RMSE)
and normalized estimation error (NEE) are used to assess the model permance. They are
e ective measures to assess the deviations in distances betweehet estimated capacities? and

the reference valuesy . The formulas are de ned as follows:

1
Emae = N Y Y 1 (14)
1
Ermse = pW ¥y . (15)
1
Enee= P— Y Y 100% 1
nee BTQ F 00% (16)

where N is the sample size of test data,Q is the nominal capacity. kk, and k k. are the L1

norm and Euclidean norm, respectively.Y = fyigl\, Tand ¥ = foioN, T2<N 1 yisthe

reference capacity for thei th sample, whiley} is the corresponding estimated value.

In addition, the oating point operations (FLOPS) are considered to measure the computational

cost in this study. As the pruning algorithm is applied to the fully- connected layers in this
study, only the number of FLOPs for a fully-connected layer is congilered, which is calculated as

FLOPstic =(2 1) O,wherel and O are the number of input and output neurons, respectively.
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5. Results and Discussions

In this section, the datasets introduced in section 4 are used to vadate the performance
of the proposed method. The capacity estimation results of the proposednethod on di erent
cells are given. The performance of the proposed model is compared withe CNN model, CNN
with network pruning, and CNN with transfer learning. The performance improvements of the
proposed framework in terms of accuracy and model size are analysed. Mokew, the e ect of
the number of layers ne-tuned during the transfer learning stageis investigated to explain the

reasons why we choose to ne-tune 4 layers.

5.1. Capacity estimation results

The capacity estimation results of the proposed PCNN(S)-TL model on targé dataset are
shown in Figure 8 and Figure 9. It can be observed from Figure 8 that the poposed model
can produce accurate estimation on the test cells, and the estimatedapacity can well track the
degradation trend. Here the four-fold cross validation approach is used, wén one cell is used for
testing, data of the other three cells are used to generate the trainig samples according to the
input generation method introduced in Section 3.1 to ne-tune and prune the pre-trained CNN
model. The experimental results have revealed that the parameter of the developed model can
be updated using the data from one cell, and then the resultant modetan be directly applied
to other cells who have the same speci cations and similar charging pdies. Figure 9 illustrates
that updating the proposed model parameters using the data of the rst several cycles, the
degradation trend for the following cycles can be well captured. Here ata of the rst 2/3 cycles
of all cells in the target dataset are used to ne-tune and prune the moel pre-trained on the
source dataset, and the remaining 1/3 cycles are used for testing. Both gres demonstrate the

performance of the PCNN(S)-TL model for battery capacity estimation.

5.2. Algorithm veri cation

The proposed battery capacity estimation method has been further vared in this section.
The CNN model directly trained using the target dataset is denoted as QIN(T), while CNN(S)
refers to the model trained using the source dataset. The models gaired using network pruning,

transfer learning and both of them are denoted as PCNN(T), CNN(S)-TL and PCNN(S)-TL,
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(a) Cell 1 (b) Cell 2

(©) Cell 3 (d) Cell 4

Figure 8: Capacity estimation results produced by the PCNN(  S)-TL model for the four cells in target dataset.
For testing the performance on each cell, data of other three cells are used to generate training samples and
ne-tune and prune the model.

respectively. During the knowledge transfer stage, the rst 4 lajers (2 convolutional layers and
2 max pooling layers) are xed, and the remainder layers are ne-tured. The values of the
aforementioned evaluation criteria for these models are averaged based 100 repetitions of the
experiments, and the test results of 4 cells are summarized in Tabl4 in terms of MAE, RMSE
and NEE. Further, the values of the model size, total number of parametes (of the entire model),
and pruned FLOPs (of the last two fully-connected layers) of the CNN(T), PCNN(T), CNN(S)-

TL and PCNN(S)-TL models are averaged for the 4 cells, which are listedn Table 5. The results

presented in these tables con rm the e ectiveness of the proposedapacity estimation methods.

Table 4 reveals that, rstly, the proposed network pruning method does not degrade the
estimation accuracy. The average NEE of PCNN(T) is 1.00%, which is 9.91% smallethan that
of the CNN(T) model. The NEE of PCNN(S)-TL is 2.33% smaller than that of the non-pruned

CNN(S)-TL model. Secondly, due to the transfer learning techniqie, the estimation performance
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(a) Cell 1 (b) Cell 2

(©) Cell 3 (d) Cell 4

Figure 9: Capacity estimation results produced by the PCNN(  S)-TL model for the four cells in target dataset.
For testing the performance on each cell, the rst 2/3 cycles  of all cells in the target dataset are used to generate
training samples and ne-tune and prune the model, the remai ning 1/3 cycles of each cell are used for testing.

of CNN(S)-TL is better than CNN(T), and the NEE is decreased by 22.52% (from 111% to
0.86%). Thirdly, the PCNN(S)-TL model achieves the best result, of which the NEE is 24.32%
smaller than the CNN(T) model directly trained on the target dataset.

More statistics are listed in Table 5. Compared with the non-pruned néwork, the model size of
the PCNN(T) and PCNN(S)-TL are dramatically reduced, being only 27.64% and 31.66%of the

original model size, leading to the size reduction of 72.36% and 68.34% restieely. By removing

the redundant neurons in the fully-connected layers, almost 50% of th parameters of the entire
network are removed and more than 80% of the FLOPs in the last two fully-comected layers are
reduced, which makes the network more compact and reduces the compmational cost. Comparing
the PCNN(T) with the PCNN(S)-TL model, it can be found that the model s ize and the number
of parameters of the PCNN(S)-TL model are slightly higher than that of the PCNN(T) model.

Since the CNN(S)-TL model was trained on a larger dataset, the speci c éatures extracted in

the fully-connected layers for the capacity estimation are expecte to be much richer than that
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Table 4: Capacity estimation results produced by CNN(T), PC ~ NN(T), CNN(S)-TL, and PCNN(S)-TL on target

dataset

Cell No. Assess CNN(T) PCNN(T) CNN(S)-TL PCNN(S)-TL

MAE (Ah) 0.0137 0.0122 0.0112 0.0109

Celll RMSE (Ah) 0.0170 0.0152 0.0135 0.0132
NEE (%) 1.06 0.95 0.84 0.83

MAE (Ah) 0.0127 0.0111 0.0114 0.0104

Cell2 RMSE (Ah) 0.0164 0.0145 0.0141 0.0130
NEE (%) 1.03 0.91 0.88 0.81

MAE(Ah) 0.0129 0.0130 0.0114 0.0112

Cell3 RMSE (Ah) 0.0175 0.0174 0.0139 0.0135
NEE (%) 1.09 1.09 0.87 0.84

MAE (Ah) 0.0170 0.0133 0.0113 0.0111

Cell4 RMSE (Ah) 0.0199 0.0167 0.0138 0.0137
NEE (%) 1.24 1.04 0.86 0.86

MAE (Ah) 0.0137 0.0120 0.0113 0.0109

Average RMSE (Ah) 0.0177 0.0160 0.0138 0.0134
NEE (%) 111 1.00 0.86 0.84

Table 5: The model size, total parameters and FLOPs of the CNN  (T), CNN(S)-TL, PCNN(T) and
PCNN(S)-TL models.

Model Model size (KB) Reduced size (%) Parameter numbers Paramets pruned (%) Pruned FLOPs (%)
CNN(T)/CNN(S)-TL 199 - 12693
PCNN(T) 55 72.36 5711 55.01 95.70
PCNN(S)-TL 63 68.34 6793 46.48 80.97

of the CNN(T) model. That is to say, the CNN(S)-TL model requires to r etain more neurons
to capture these features during the network pruning process. Gnsequently, the PCNN(S)-TL
model will be slightly bigger than the PCNN(T) model.

In summary, the CNN model with transfer learning and network pruning techniques can achieve
more accurate estimation results with much less neurons than a moddtained on the target

dataset from scratch.
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5.3. Factors a ecting the model performance

To investigate the in uence of the number of layers ne-tuned during the transfer learning
stage, the identical training and testing datasets were utilized forall tests. In each test, the entire
structure and parameters of the CNN(S) model were copied rst, and thelast n layers were ne-
tuned on the target sets while the rst 6 n layers were xed. It should be noted that, the whole
CNN has 9 layers in total, the two max pooling layers added after the rst two convolutional
layers and the atten layer after the last convolutional layer do not have parameters, therefore,
maximally six layers can be ne-tuned. Thus, n refers to the number of tunable layers, and
was selected from 1 to 6, where 1 implies that all layers except for # last FC layer are xed,
and 6 implies that the entire network needs to be ne-tuned. A comgete ne-tuning and testing
procedure was executed 100 times for each selectadand the averaged max error (MaxE), MAE,
RMSE, NEE of 100 runs are summarized in Table 6, where FC stands for the fiy-connected
layer, 2FC refers to the last two fully-connected layers, Conv r@resents the convolutional layer,
and the number pre xing to Conv stands for the number of convolutional layers involved in
ne-tuning from back to front.

As shown in Table 6, the estimation error decreases as the number of nained layers increases.
When only fully-connected layers are ne-tuned, the NEEs are all grater than 1.3%, while if one
or more convolutional layers are ne-tuned, the NEE are decreased by at last 30.88% (decreasing
from1.36% to 0.94%). This improvement implies that for batteries with di erent speci cations
and subject to di erent charge/discharge policies, they have di erent high-level speci ¢ features
projected at the last few convolution layers. The specic high-lewel features learned from the
source dataset can not precisely describe the target dataset, thus tlyeneed to be learned using
the target dataset.

Further, Figure 10 shows the number of neurons selected in FC1 and @2 layer of the
PCNN(S)-TL model during the network pruning process for di erent number of ne-tuned lay-
ers n. Two observations can be concluded from this bar chart. Firstly, the umber of neurons
selected in FC2 layer almost does not change witim. Secondly, for the FC1 layer, as the number
of ne-tuned layers increases, the number of selected neurons st increases until it reaches the
maximum value at n = 3, and then gradually converges. Only relatively fewer neurons are se-

lected in FC1 layer when only ne-tune the last one or two layers (1 = 1;2), while the maximum
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Table 6: Comparison of the model performance on battery capa city estimation with di erent number of
ne-tuned layers.

Assess Fine-tuned layers FC 2FC  2FC + Conv 2FC + 2Conv  2FC + 3Conv  2FC + 4Conv
(from back to front) n=1 n=2 n=3 n=4 n=5 n=6
MaxE (Ah) ne-tune 0.0644 0.0475 0.0377 0.0292 0.0277 0.0275
ne-tune & pruning 0.0578 0.0478 0.0395 0.0294 0.0273 0.0265
MAE (Ah) ne-tune 0.0271 0.0177 0.0120 0.0112 0.0112 0.0113
ne-tune & pruning 0.0262 0.0182 0.0121 0.0109 0.0113 0.0109
RMSE (Ah) ne-tune 0.0321 0.0218 0.0151 0.0135 0.0132 0.0135
ne-tune & pruning 0.0307 0.0223 0.0154 0.0132 0.0132 0.0129
NEE (%) ne-tune 2.01 1.36 0.94 0.84 0.83 0.84
ne-tune & pruning 1.92 1.39 0.96 0.83 0.83 0.81

number of neurons is selected when the last convolutional layer is a-tuned together with the
fully-connected layers ( = 3). Then the number of selected neurons decreases as the number
of ne-tuned convolutional layers increases. This again implies that te last few convolutional
layers can extract more speci c features. Whenn = 1;2, the number of useful speci c features
for interpreting the target data is insu cient, as a consequence, only a limited neurons in FC1
are needed which can contribute to the nal speci c features captued in FC2, and the estima-
tion performance can not be maintained (Table 6). Whenn increases from 1 to 3, the increase
of the number of selected neurons and the decrease of the estimationrer reveals that as the
number of ne-tuned layers increases, the number of useful extricted features increases and the
number of redundant neurons decreases. However, whenis further increased from 3 to 6, the
features extracted from the data have already been fully exploited hrough the ne-tuning of the
convolutional layers proceeding to FC1 and FC2, therefore the numbeof selected neurons in
FC1 and FC2 can be reduced. This is observable from Fig. 6 that as increases from 3 to 6, the
number of selected neurons in FC1 and FC2 is slightly decreased. Ehaforementioned analysis
reveals that there is a trade-o in the transfer learning between the number of layers required to
be ne-tuned, the model complexity, and associated computational eort.

In summary, according to Table 6 and Figure 10, ne-tuning 4 layers (2 tilly-connected layers
and 2 convolutional layers) are the best trade-o among estimation performrance, model com-

plexity, ne-tuning e ort and computational cost.
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Figure 10: The number of neurons selected in the last two full y-connected layers of the PCNN(S)-TL model
versus the number of ne-tuned layers

5.4. Discussions

By incorporating the concepts of transfer learning and network prunirg, the nal model up-
dated o ine using the small target dataset can produce more accurate onlire capacity estimation
results with a more compact structure and lower computation cost. With real-time recorded sig-
nals (i.e. current, voltage and charge capacity) of a partial charging curvethe proposed model
can quickly estimate the capacity online. These distinctive featuies open up a great potential for
implementing the model in embedded systems for industrial apptations. Note that the datasets
used in this study only include one testing temperature, while n practice, the battery operating
temperature varies. This can be tackled by adding the temperature asn additional input vari-
able to the model. This study has also demonstrated that our proposed mhod is su ciently
robust to varying operating temperatures and di erent charging policies, as the batteries used
to generate the source dataset and the target dataset were tested at di eant temperatures and
charging/discharging policies. Further, we have demonstrated the eectiveness of our proposed
method on battery capacity estimation on the similar type of batteries, though their speci ca-
tions and testing pro les are di erent. However, whether the transfer learning can be applicable
to di erent battery types is still an open question.

Finally, in this paper, we rst build the CNN model o ine using both source data and target
data, and then use the developed model for online capacity estimation. Apotential limitation
for this method is that the parameters may drift as the battery cycling life increases, and the

estimation error may increase and eventually exceed tolerable limitThis problem however can
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be overcome by updating the model parameters regularly using cyeig test data which could be
collected when the battery systems are under maintenance, or in othreoccasions where managed
charging and discharging tests can be conducted. Given the operation st/ is a paramount
requirement for battery powered systems, regular maintenance is aecessity, and we strongly

recommend including cycling test as one of the key battery maintenace procedures.

6. Conclusions

This paper has proposed a Convolutional Neural Network-based battery capacjt estimation
method, which combines the transfer learning and network pruningtechniques to improve the
estimation accuracy on small degradation dataset and improve the computatioal e ciency and
compactness of the convolutional neural network model. The transferré and pruned PCNN(S)-
TL model can achieve fast online capacity estimation only using partial barging segment with
exible starting point and a xed length of 225 consecutive points. In the experiment, a large
battery degradation dataset is used as the source dataset to build the comlutional neural net-
work model which is then transferred to a small degradation dataset of taget batteries with
di erent speci cations tested under di erent cycling pro les , the convolutional neural network
model directly trained on the target dataset and separately pruned/transferred models are com-
pared to verify the performance improvements of the proposed methd. The experimental results

con rm that:

~ The estimation performance of the convolutional neural network model orthe small target
dataset can be improved through the transfer learning, and the normalizd estimation error

is decreased by 22.52%.

Applying pruning technique to the transferred convolutional neural network model, the
estimation accuracy is further improved, its normalized estimationerror is 24.32% smaller

than the convolutional neural network model directly trained on the tar get dataset.

By selecting neurons with signi cant contributions and re-assign wéghts to the selected
neurons using fast recursive algorithm in the fully-connected lagrs, both the model size

and computational cost of the pruned model are signi cantly reduced, while the estimation
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performance are maintained. Substantial test results have con rmedthe e cacy of the

proposed method, achieving up to 68.34% size reduction and 80.97% computati@avings.

In summary, test results have revealed that compared to the original onvolutional neural network
model, both the model size and computational cost of the proposed model arsigni cantly

reduced, while the estimation performance on small degradation datasesialso improved.
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Appendix A. Properties of matrix R k in fast recursive algorithm

Before introducing the fast recursive algorithm, the recursive natrix Ry was de ned in Equa-
tion (3). When the candidate model termsf' j;j = 1;:::; Sgin regression matrix — are mutually

linearly independent, R will has the following distinguished properties:

C T pT
Rk k1" o1 R

Ris1 = Rk — T K:k=0;L::(S 1) (A.1)
Ry = Rx; RxRk=Ryg; k=0;1;:5;S (A.2)
RkR; = RjRk=Ryk; k j; kij=0;L:58 (A.3)
Ry'j=0; 8 2f1;::;kg (A.4)

With these properties, the fast recursive algorithm can then be ddaved. For more details please

refer to [42].
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