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A B S T R A C T   

Predicting the battery lifetime at its early stage is a promising technology for accelerating the battery devel
opment, production, and design optimization. However, it is a challenging task for most existing prediction 
methods because information is too limited in early life cycles, and the early-cycle capacity data exhibits a weak 
correlation with the target battery lifetime. In this paper, to realize an accurate battery lifetime prediction via 
data obtained from just first few life cycles, we propose a three-stage deep learning framework. First, we develop 
an emerging two-channel data feature engineering process, which jointly consider a convolutional neural 
network based latent feature extraction and domain knowledge based handcrafted features. Next, a wrapper 
feature selection method is adopted to further compress the dimension of developed features via eliminating 
linearly correlated ones. Finally, processed data features are fed into a data-driven model to realize the early- 
stage battery lifetime prediction. Results of computational experiments show that our proposed joint consider
ation of machine-learned features and handcrafted features can improve early-stage battery lifetime predictions 
via comparing with state-of-the-art benchmarks. We also show that the proposed framework can be generalized 
to batteries cycled under different operation conditions.   

1. Introduction 

The early-stage battery lifetime prediction method is meaningful to 
accelerate the battery development, production, and design optimiza
tion [1]. For instance, using only data of the first 100 cycles, if de
velopers can rapidly predict the lifetime of a lithium-ion battery (LIB) of 
2500 cycles, the remaining 2400 testing cycles will be saved, and the 
development process will be significantly accelerated by 96%. In the 
emerging multi-step fast-charging field, the early-stage battery lifetime 
prediction can help quickly verify the effect of various fast-charging 
protocols, figure out the optimal charge policy, and subsequently 
expedite the battery optimization process. During the production pro
cess, the early-stage battery lifetime prediction can also facilitate man
ufacturers to rapidly verify the quality of manufacturing processes via a 
few diagnostic cycles, and detect the abnormal battery product in 
advance. Therefore, it is meaningful to develop methods for accurate 
early-stage battery lifetime predictions. 

Battery lifetime prediction methods reported in existing literature 
can be generally divided into two groups, model-based methods and 
data-driven methods. Model-based methods develop mathematical 
models that incorporates battery operating conditions and physico
chemical mechanisms to depict the battery ageing pattern. Next, they 
constantly update model parameters through advanced filtering algo
rithms, e.g., the Kalman filter [2] and particle filter [3], to perform 
battery remaining useful life (RUL) predictions. Yang et al. [4] studied 
the correlation between the coulombic efficiency (CE) and the loss of 
lithium inventory, developed a CE-based model to depict degradation 
patterns of LIBs, as well as applied the particle filter algorithm to predict 
the battery RUL. Ma et al. [5] used an exponential model to characterize 
battery degradation trends and proposed a Gauss-Hermite particle filter 
to online update model parameters and predict the battery RUL. Micea 
et al. [6] utilized a second-order polynomial model to fit the battery 
ageing trend and predict the battery RUL. Xing et al. [7] presented an 
ensemble model, which fused an exponential model and a polynomial 
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model, to characterize battery ageing trends, and next applied the par
ticle filter to online predict the battery RUL. Model-based methods have 
shown successes on battery lifetime prediction; yet, they still have 
following limitations: 1) The underlying battery degradation model 
would significantly influence the lifetime prediction performance; 2) It 
is hard for model-based methods to make accurate predictions at the 
early ageing stage because of the inappreciable capacity degradation 
signs in early cycles [1]. 

In contrast, data-driven methods do not employ explicit mathemat
ical forms to capture the complicated degradation pattern of LIBs. Data- 
driven models regarded as black-boxes output the battery lifetime pre
diction by feeding extracted battery health features into different data- 
driven models. Features considered in existing data-driven battery 
prognostic studies can be grouped into five types: 1) Features derived 
from raw voltage/current/temperature-time curves, such as the con
stant current (CC) and constant voltage (CV) charging duration [8], the 
increase of charge voltage within a fixed time interval [9], the slope of 
the end of CC charging curves [10], the change rate of the surface 
temperature [11], etc.; 2) Features derived from the incremental ca
pacity (IC) and differential voltage (DV) analysis. For example, positions 
of IC peaks and valleys [12], the height, width, and area of raw IC peaks 
[13] and modified IC peaks [14], the difference of selected IC values 
[15]; 3) Directly measured variables regarded as features, such as the 
capacity [16], measurements from the electrochemical impedance 
spectroscopy [17,18]; 4) Features based on statistical metrics, such as 
the sample entropy [19], fuzzy entropy [13], and Shannon entropy [20] 
of a voltage sequence; as well as 5) Features extracted based on deep 
learning models, such as the convolutional neural network (CNN) 
[21,22] and recurrent neural network [22]. Recently, a few state-of-the- 
art studies also combine features of multiple types to achieve more ac
curate predictions. For example, in [1] [23] [24] [25,26], by analyzing 
the evolution of the battery voltage curve, temperature, and internal 
resistance profiles, a set of features covering multiple feature types were 
extracted and verified. In data-driven studies, these handcrafted and 
deeply learned features were next fed into different data-driven models, 
such as the elastic net [1], support vector machine (SVM), Gaussian 
process regression (GPR) [23], stacked denoising autoencoder [24], 
gradient boosting regression tree (GBRT) [25], random forest [21], deep 
neural networks [22,26], etc., to perform direct battery lifetime pre
dictions or to extrapolate the battery lifetime through the SOH estima
tion. Table 1 summarizes related data-driven works in the literature, in 
terms of different feature types, model types and target tasks, as well as 
compares this work with existing related works from these aspects. 

Predicting the battery lifetime at its early stage with limited early- 
cycle data is of great importance to the fast performance evaluation 
during the battery development and optimization. However, the early- 
stage battery lifetime prediction is a challenging task for most existing 
RUL prediction methods. Existing studies generally require 40%–70% 
historical data along the entire battery degradation trajectory to esti
mate model parameters or train data-driven models [28]. In early life 
cycles, the capacity degradation of LIB is negligible, indicating a weak 

correlation between the battery lifetime and the early-cycle capacity 
data. Therefore, to realize an accurate early-stage lifetime prediction via 
battery data of just first few cycles, effective lifetime-correlated features 
and advanced prediction techniques need to be explored. 

There are so far two main categories of feature extraction techniques: 
1) traditional domain knowledge based handcrafted features; and 2) 
recent deep learning based automatic feature extraction. As shown in 
Table 1, existing studies of battery lifetime predictions mostly consider 
the first category, which manually design features based on profiles of 
the battery voltage, capacity, temperature, etc. Handcrafted features 
have proven their values on battery lifetime predictions. Yet, such 
practice requires deep domain knowledge and significant efforts on a 
careful feature design, which can be a time-consuming trial-and-error 
process. Recent advances in deep learning have introduced powerful 
tools for automatic and in-depth feature extractions, such as the CNN. 
Apart from the success in image fields, the CNN has also been extended 
for extracting features from numerical data in many studies, such as the 
aero-engine RUL prediction [29], battery state-of-charge (SOC) esti
mation [30] etc. However, the adaption of CNN-based feature engi
neering into the early-stage battery lifetime prediction task has been 
seldom studied. The comparison and integration of handcrafted features 
and machine learned features into this task has not been discussed yet. 

In this paper, a novel three-stage data-driven framework is devel
oped for achieving more accurate and robust early-cycle LIB lifetime 
predictions. At the first stage, a two-channel data feature engineering 
process, which integrates latent features automatically extracted by a 
CNN and domain knowledge-based handcrafted features, is proposed. A 
tensor structure integrating the first-100-cycle raw voltage, current, and 
temperature data during battery charge-discharge processes is devel
oped as the input of the CNN. A modified CNN architecture is applied to 
extract latent features via capturing local spatial and temporal patterns 
from the tensor input. At the second stage, a wrapper feature selection 
process is adopted to compress the feature dimension by eliminating 
features with high collinearities. At the third stage, selected meaningful 
features are fed into a data-driven model to finally produce the early- 
stage battery lifetime prediction. In computational studies, three data
sets covering different battery materials and operation conditions are 
considered. Five sets of experiments are conducted to verify the value 
the proposed framework. First, the effectiveness of each stage of the 
framework is discussed. Next, the robustness of the framework is veri
fied. Finally, the superiority of the framework is validated by comparing 
with a set of state-of-the-art benchmarks. 

Main contributions of this study are summarized as follows:  

1) Data-driven framework: A three-stage data-driven framework is 
proposed for accurately predicting LIB lifetime via battery data 
collected from only first 100 cycles, which is a pioneering study in 
the field.  

2) Data feature engineering process: A novel feature engineering 
process effectively integrating CNN extracted latent features and 
handcrafted features is developed. 

Table 1 
Summary of data-driven studies on battery lifetime prediction.  

Data-driven 
studies 

Feature type Model type Task type 

Handcrafted 
features 

Deeply learned 
features 

Classical machine learning 
models 

Deep learning 
models 

SOH estimation/RUL 
prediction 

Early-stage lifetime 
prediction 

[8–12,14,17–20] ✓  ✓  ✓  
[13,15,16,27] ✓   ✓ ✓  
[21]  ✓ ✓  ✓  
[22]  ✓  ✓ ✓  
[26] ✓   ✓ ✓  
[1,23,25] ✓  ✓   ✓ 
[24] ✓   ✓  ✓ 
This work ✓ ✓ a  ✓  

a Deep learning models are compared in the prediction model development. 
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3) Battery data usage paradigm: A novel tensor-like data structure is 
constructed as the input for the modified CNN architecture, which 
integrates three parameters, the voltage, current, and temperature, 
during battery charge-discharge processes.  

4) Prediction improvement: Experimental results verify that our 
proposal of joining CNN features and handcrafted features could 
bring more accurate early-stage battery lifetime prediction than 
existing state-of-the-art benchmarks. And the proposed framework 
presents a decent generalization ability to different LIB materials and 
operation conditions. 

2. Data description 

In this study, three datasets considering LIBs of different materials 
and operated under different conditions are studied. 

1) Dataset A: This dataset [1] provided by Massachusetts Institute of 
Technology is so far the largest dataset for the long-term degradation 
study of commercial LIBs. It contains 124 lithium iron phosphate (LFP) 
cell samples cycled under 72 various operation conditions. Fig. 1 dem
onstrates the capacity degradation curves of all samples in first 1000 
cycles. As depicted in Fig. 1, degradation trajectories of these cells differ 
greatly, and their lifetimes range from 300 to 2300 cycles. The lifetime is 
defined as the cycle number when the capacity fades to 80% of the 
nominal capacity 1.1 Ah. 

In a 30 ◦C temperature chamber, all cells were first charged with a 
current of C1 rate until the SOC reached S1 (≤80%), and next charged 
with C2 rate until the SOC reached 80%. This process is denoted as “C1 
(S1)-C2”. Next, the cells were charged from 80% to 100% SOC with a 1C 
constant current/constant voltage (CCCV) charging mode until the 
voltage reached 3.6 V. Subsequently, the cells were identically dis
charged with 4C rate until the voltage dropped to 2.0 V. Detailed charge 
conditions and lifetimes of eight selected cells are listed in Table 2. 
During cycling, various parameters (e.g., voltage, current, temperature, 
IR, etc.) were continuously measured and recorded in both short-term 
time dimension (within a single cycle) and long-term cycle dimension 
(along multiple cycles). 

2) Dataset B: The second dataset is the CS2 dataset provided by The 
University of Maryland [2]. It contains prismatic lithium cobalt oxide 
(LiCoO2)/graphite cells with a nominal capacity of 1.1 Ah. In this paper, 
two cell samples, CS2_33 and CS2_34, are studied and labeled as cell B1 
and B2. At the room temperature, the cells first underwent a 0.5C 

constant current (CC) charging process until the voltage reached 4.2 V, 
and next went through a 4.2 V constant voltage (CV) charging process 
until the current dropped to 0.05A. Subsequently, the cells underwent a 
0.5C CC discharge process until the voltage decreased to 2.7 V. During 
cycling, the voltage and current parameters were continuously 
measured and recorded. 

3) Dataset C: This dataset is obtained from our own laboratory using 
Arbin BT2000 battery tester. It contains two LFP/graphite cell samples 
with a nominal capacity of 1.2 Ah. In this study, the two samples are 
labeled as cell C1 and C2. In a 45 ◦C temperature chamber, the cells 
successively went through a 1C-rate CCCV charging process and a 1C- 
rate CC discharging process. The upper and lower cutoff voltages are 
3.6 V and 2.0 V, respectively. During cycling, the voltage and current 
signals were continuously recorded. 

3. A data-driven framework for early-stage battery lifetime 
prediction 

In this section, a three-stage framework is proposed for predicting 
the LIB lifetime at its early stage. The overall framework is illustrated in 
Fig. 2, which is composed of the two-channel feature engineering stage, 
feature selection stage, and lifetime prediction stage. 

3.1. Stage 1: two-channel feature engineering 

In the first stage, raw battery signals including the charge and 
discharge voltage (V), current (I), temperature (T), capacity, and inter
nal resistance obtained from the first 100 life cycles are utilized to 
extract effective lifetime-correlated features. 

3.1.1. CNN-based automatic feature extraction 
To reveal the degradation of LIBs in early life cycles, we plot the first- 

100-cycle full charge and discharge V/I/T data of a cell sample from 
Dataset A in Fig. 3. As shown in Fig. 3, the early-cycle profiles of V/I/T 
exhibit certain spatial variation tendency as the battery degrades. For 
example, the whole curve of T (Fig. 3(c)) moves towards the upper left as 
the cycle increases. Physically speaking, as the battery degrades, it 
would be faster to reach a higher surface temperature during cycling. 
This indicates that the evolution of V/I/T data in early cycles can pro
vide effective spatial information for the battery degradation diagnosis 
and lifetime prediction [23]. 

Based on these patterns, we utilize the first-100-cycle charge and 
discharge data of V/I/T to construct a tensor-like data structure as the 
input for CNN as shown in Fig. 4. For the i-th battery sample, the input 
tensor is xi = (Vi, Ii,Ti) ∈ R100×100×3. Data of V/I/T are stored in channel 
1/2/3 of the tensor, respectively. In each channel, the horizontal 
dimension corresponds to the cycle number ranging from cycle 1–100, 
while the vertical dimension corresponds to 100 equal-time-interval 

Fig. 1. Capacity fade curves of cell samples in Dataset A in first 1000 cycles.  

Table 2 
Operation conditions of selected cells from dataset A [1].  

Barcode Charge Condition Lifetime 

EL150800460514 ‘3.6C (80%) - 3.6C’  1852 
EL150800460468 ‘5.4C (40%) - 3.6C’  1054 
EL150800460525 ‘7C (30%) - 3.6C’  742 
EL150800463229 ‘8C (15%) - 3.6C’  966 
EL150800460518 ‘1C (4%) - 6C’  300 
EL150800460501 ‘4.65C (69%) - 6C’  527 
EL150800737276 ‘5.6C (19%) - 4.6C’  817 
EL150800737334 ‘5C (67%) - 4C’  1935  

Fig. 2. The three-stage deep learning based framework for the early-stage 
battery lifetime prediction. 
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sampled values of the raw V/I/T data in a full charge and discharge 
cycle. Given a training set {(xi,yi)}i=1

m , yi is the lifetime of the i-th battery 
sample, the input of CNN is X = [x1,x2,…,xi,…,xm] ∈ Rm×100×100×3. 

Training an effective CNN structure from the scratch is computa
tionally expensive [31]. Recent studies have shown that feature repre
sentations learned by existing CNNs well trained on large scale datasets 
can be effectively transferred to other tasks [32]. Therefore, to evaluate 
whether a pre-trained CNN can perform well on our task, in this paper, 
we adopt the structure and weights of a famous pre-trained CNN model, 

VGG16, which has already learned rich feature representations from the 
ImageNet dataset. Based on a lot of experimental analysis, we discover 
that latent feature representations learned from the first seven layers of 
VGG16 are most predictive for the battery lifetime. Therefore, we adopt 
this CNN architecture and add a global average pooling layer at the end 
to form our own CNN feature extractor, denoted as a function φ(⋅). 

As shown in Fig. 5, the CNN feature extractor φ(⋅) contains five 
convolutional layers, two max pooling layers, and one global average 
pooling layer, which are stacked as {conv, conv, max-pooling, conv, conv, 

(a)

(b)

(c)

Cycle increase

Cycle increase

Cycle increase

Cycle increase

Cycle increase

Cycle increase

Fig. 3. Cycle-to-cycle evolution of (a) voltage (V); (b) current (I); (c) temperature (T) in first 100 cycles. Figures on the left show the full curve, while figures on the 
right show corresponding zoomed-in curves. 
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max-pooling, conv, global average pooling}. To match the fixed input size 
224 × 224 × 3 of φ(⋅), we pad X ∈ Rm×100×100×3 with zero and obtain 
X̂ = [x̂1, x̂2,…, x̂i,…, x̂m] ∈ Rm×224×224×3. For each input x̂i, the gener
ated feature map sr of the r-th convolutional layer is: 

sr = A
(

Wr
q ⊙ x̂i

r− 1
+Br

q

)
, r = 1, 2,…, 5 (1)  

A(s) =
{

s, if s > 0
0, if s ≤ 0 (2)  

where Wq
r and Bq

r are weights and bias of the q-th kernel in the r-th 
convolutional layer, and x̂i

r− 1 is the feature map generated from the 
previous convolutional layer. The A(•) is a nonlinear ReLU activation 
function in each convolutional layer. Max pooling layers with a window 
size of 2 × 2 are utilized to compress the spatial feature size. At the end, 
the global average pooling layer pools the feature map over all spatial 
locations. 

Through these convolution and pooling operations as well as 
nonlinear transformations, correlations of battery V/I/T signals over 
different early life cycles and over different periods within a cycle as 
well as correlations among V/I/T over the tensor depth can be effec
tively captured. The latent features generated from the CNN channel is 
zc = φ(X̂) ∈ Rm×d1 ,d1 = 256. 

3.1.2. Domain knowledge based handcrafted features 
In this study, we manually crafted 20 features zH ∈ Rm×d2, d2 = 20, 

based on battery degradation data of first 100 cycles to perform early- 
stage lifetime predictions. The zH is designed to characterize battery 
degradation patterns from various aspects and are grouped into five 
categories, as listed in Table 3. The crafted features are inspired by 
[1,23,25]. 

As discussed before, evolution curves of some measured battery pa
rameters show certain spatial variation trend as the battery ages. Fig. 6 
demonstrates the evolution of (a) CCCV charging curves; (b) IC curves; 
(c) Discharge capacity versus voltage (Q(V)) curves; and (d) IR curves of 
a battery sample at multiple cycles. We observe that as the cycle number 
increases, these curves tend to move towards certain directions as an
notated in Fig. 6. For instance, the CCCV charging curve shifts towards 
the upper left as the battery ages because the battery would more 
quickly reach the charging cutoff voltage and therefore the duration of 
CV charging mode would become longer. Such variation trends poten
tially reflect battery ageing dynamics and could help predict the battery 
lifetime at an early stage. Based on these patterns, the 20 features are 
manually designed. 

Details of some features are elaborated as below: 
(a) In features F5 ~ F10, Qi(V) means the discharge capacity versus 

voltage at cycle i, and ΔQi− j(V) denotes the transformation between 
cycle i and j, i.e., Qi(V) − Qj(V). F5 ~ F10 are summary statistics, i.e., the 
variance, mean, minimum, maximum, kurtosis, and skewness, of 
ΔQ100− 10(V), denoted as Q100(V) − Q10(V). Detailed expressions of these 
statistics have been offered in [1]. 

(b) F11 and F12 are two parameters, p1 and p2, of a linear model 
fitting the capacity degradation curve as described in Eq. (3). F13 and 
F14 are two parameters, p3 and p4, of a typical semi-empirical model, the 
square root of time (SRT) model [33], as described in Eq. (4). 

Clinear
l = p1⋅l+ p2 (3) 

Fig. 4. Input tensor structure for CNN.  

Fig. 5. Structure of the CNN feature extractor.  

Table 3 
Hand-crafted Features for the battery lifetime prediction.  

Feature category No. Feature 

Charge-related 
features 

F1 Time duration of CV charging period, difference 
between cycle 10 and 100 

F2 Charging time, difference between cycle 10 and 100 
F3 Average charge time from cycle 10 to 100 

Discharge-related 
features 

F4 Covering area of IC peak, difference between cycle 
10 and 100 

F5 Variance of ΔQ100–10(V) 
F6 Minimum of ΔQ100–10(V) 
F7 Mean of ΔQ100–10(V) 
F8 Maximum of ΔQ100–10(V) 
F9 Skewness of ΔQ100–10(V) 
F10 Kurtosis of ΔQ100–10(V) 

Capacity-related 
features 

F11 p1 of the linear model, fitted to the cycle 80–100 
capacity degradation curve 

F12 p2 of the linear model, fitted to the cycle 80–100 
capacity degradation curve 

F13 p3 of the SRT model, fitted to the cycle 80–100 
capacity degradation curve 

F14 p4 of the SRT model, fitted to the cycle 80–100 
capacity degradation curve 

Temperature-related 
features 

F15 Temperature peak during discharge process, 
difference between cycle 2 and 100 

F16 Time of temperature peak during discharge process, 
difference between cycle 2 and 100 

F17 Minimum temperature within a cycle, difference 
between cycle 2 and 100 

F18 Average temperature within a cycle, difference 
between cycle 2 and 100 

IR-related features F19 Internal resistance, difference between cycle 2 and 
100 

F20 Average internal resistance from cycle 2 to 100 

Note: CV = constant voltage; IC = incremental capacity; SRT = square root of 
time. 
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CSRT
l = p3⋅

̅̅
l

√
+ p4 (4)  

where Cl
linear and Cl

SRT are the estimated discharge capacity at cycle l 
from the linear model and the SRT model, respectively. 

In the two-channel feature engineering stage, the output is a candi
date feature set zT = [zC,zH] ∈ Rm×d3, d3 = 276, which concatenates 
machine learned features zC and handcrafted features zH together. 

3.1.3. Feature analysis 
To examine the effectiveness of extracted features, we conduct a 

correlation analysis between extracted features and the target battery 
lifetime. The strength of correlation is measured by the Pearson corre
lation coefficient as defined in Eq. (5). 

rj =

∑m

i=1

(
xj

i − x
)
(yi − y)

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑m

i=1

(
xj

i − x
)2

√ ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑m

i=1
(yi − y)2

√ (5)  

where rj is the correlation between the j-th feature and the battery 
lifetime, xi

j denotes the j-th feature of the i-th battery sample, and yi 
denotes the lifetime of the i-th battery sample. 

In each feature channel, we sort features according to their correla
tions with the battery lifetime. Table 4 lists the correlation coefficient of 
the most relevant twelve features from each channel. As shown in 
Table 4, both CNN features and handcrafted features exhibit certain 
correlation with the target battery lifetime. A few handcrafted features, 
which are carefully designed based on domain knowledge, appear to be 
higher correlated with the lifetime than CNN features. In Section IV⋅B, 
we further examine the performance of single-channel features and joint 
two-channel features through computational studies. 

3.2. Stage 2: wrapper-based feature selection 

In the two-channel feature set zT, multicollinearity might exist 
among features. To examine the feature correlation, we arbitrarily 
choose ten features from the candidate set zT, evaluate the pair-wise 
Pearson correlations, and demonstrate results in Fig. 7. It is observable 
that some features are highly linearly correlated. Besides these ten fea
tures, we also find a lot of linearly correlated features in the candidate 
set. To produce a more compact input space by shrinking features with 
collinearities, a wrapper feature selection process [34] is applied. In this 
stage, we input the two-channel features zT into the wrapper-based 
feature selection, and finally output a compressed set of features zS ∈

(a) (b)

(c) (d)

Cycle increase

Cycle increase

Cycle increase

Cycle increase

Fig. 6. Evolution curves of multiple cycles of a battery sample: (a) CCCV charging curves; (b) IC curves; (c) Discharge capacity vs. discharge voltage (Q(V)) curves; 
(d) Internal resistance vs. cycle number curves. 

Table 4 
Correlation between extracted features and the battery lifetime.  

Twelve most correlated 
features 

CNN feature 
channel 

Handcrafted feature 
channel  

1  0.75  0.92  
2  0.59  0.91  
3  0.58  0.76  
4  0.56  0.63  
5  0.56  0.58  
6  0.55  0.52  
7  0.55  0.51  
8  0.55  0.51  
9  0.54  0.48  
10  0.54  0.45  
11  0.53  0.42  
12  0.51  0.42  
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Rm×d4, d4 = 132. In zS, 121 features come from the CNN feature channel, 
and the remaining 11 ones belong to the handcrafted feature channel. 

3.3. Stage 3: lifetime prediction based on regression models 

In this stage, we utilize different data-driven models to perform 
early-stage battery lifetime predictions. Two different prediction 
methods as formulated in Eqs. (6) and (7) are considered. 

formulation 1 : ŷi = F(j)
Θj

(
zS,i
)
, i ∈ [1,m], j ∈ [1, 5] (6)  

formulation 2 : ŷi = F(j)
Θj

(
zS,i, ri

)
, i ∈ [1,m], j ∈ [1, 5] (7)  

where ŷi is the predicted lifetime of the i-th cell, FΘj
(j)(⋅) denotes the 

mapping of the j-th prediction model in five candidate data-driven 
models {GPR, elastic net, SVM, random forest (RF), and GBRT}, Θj de
notes the parameter of the j-th model, and zS, i denotes the selected two- 
channel features of the i-th cell sample. 

The difference between formulation 1 and 2 is that an additional 
categorical input ri ∈{r1, r2,…, r72} is employed in formulation 2. In the 
studied Dataset A, cell samples underwent 72 different multi-step 
charging profiles. To integrate the operation condition, which has a 
large impact on battery degradation patterns, into our framework, we 
transform the multi-step charge profiles into 72 categorical inputs. The 
ri ∈ {r1, r2,…, r72} denotes the operation condition of the i-th sample. 
Performances of these two methods are examined in Section IV⋅B 
through computational experiments. For convenience, formulas of the 
following regression models all follow formulation 1.  

(1) GPR 

Because of the flexible, nonparametric and probabilistic character
istics [35], as well as working well on small datasets, the GPR model has 
been extensively applied in battery prognostic studies. Moreover, latter 

comparative experiments in Section IV⋅D indicate that the GPR model 
provides the best results for early-stage battery lifetime predictions. 
Thus, it is selected as the regressor in our framework. 

The GPR model does not estimate any parametric solutions for Eq. 
(6). In fact, it assumes that for each input z, F(z) is a sample from the 
Gaussian process (GP). The GPR calculates the joint probability distri
bution of all F(z), which are jointly Gaussian. The mean function m(z) 
and covariance function k(z,z′) characterize the distribution of F(z). 
Here, the mean function m(z) is set as 0 and the covariance function is 
adopted as the mostly used squared exponential kernel as depicted in Eq. 
(8). 

kij
(
zi, zj

)
= σ2

f exp

(
−
⃦
⃦zi, zj

⃦
⃦2

2σ2
l

)

(8)  

where σf and σl are hyperparameters of the GPR model. They are opti
mized via maximizing the marginal log-likelihood function of Y [36]. By 
marginalizing the joint prior distribution over the training output, we 
can derive the posterior distribution of the testing output. The mean of 
the posterior is the predicted lifetime.  

(2) Elastic net 

The elastic net is a regularized linear regression model [1] which 
integrates both L1- and L2-norm penalties. The problem of learning an 
elastic net can be formulated as Eq. (9): 

β = argminβ

{

‖Y − zSβ‖2
2 + λ

(
1 − α

2
‖β‖2

2 +α‖β‖1

)}

(9)  

where β is an m × 1 vector of model coefficients, λ is a regularization 
parameter, and α ∈ [0,1] is a hyperparameter trading off the L1- and L2- 
norm penalties.  

(3) SVM 

Fig. 7. Correlation plot of ten features from the candidate feature set.  
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The SVM model maps a task in low-dimensional space into a linear 
task in high-dimensional space via a nonlinear transformation ψ(⋅) as 
expressed in Eq. (10). 

y = w⋅ψ(zS)+ b (10)  

where w is the weight vector and b is the bias term. The SVM can be 
formulated as an optimization problem described in Eq. (11): 

min J(w, b, ξ) =
1
2
wTw + C

∑n

i

(
ξ1

i + ξ2
i

)

s.t.

⎧
⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎩

yi − (wψ(zi) + b ) ≤ ε + ξ1
i

(wψ(zi) + b ) − yi ≤ ε + ξ2
i

ξ1
i , ξ

2
i ≥ 0

(11)  

where C is a regularization parameter, ξi
1 and ξi

2 are slack variables as 
well as ε > 0 is an error allowed by the model. By solving the Lagrange 
dual problem of Eq. (8), the optimal w and b can be deduced through the 
duality [37]. Here, the radial basis function is adopted as the kernel 
function for SVM.  

(4) RF 

The RF is an ensemble algorithm which aggregates outputs of mul
tiple decision trees [38]. The idea of the RF is to generate different de
cision trees, each tree is trained with a random bootstrap sampled subset 
of training samples. In each split of tree nodes, a random feature subset 
is utilized. The final output of the battery lifetime is the aggregation of 
predictions from these various trees. Such randomness improves the tree 
diversity and renders the RF model learn more patterns of the data.  

(5) GBRT 

The GBRT is also an ensemble algorithm which aggregates many 
‘weak’ trees to a ‘strong’ tree with better robustness. The idea of the 
GBRT is to iteratively generate multiple decision trees [25]. In each 
iteration, the new tree is fitted to the residual of the previous tree. This 
process is essentially a functional gradient descent, the model is itera
tively updated by minimizing the loss function (adopted as the squared 
error function here). The final output of the battery lifetime is a 
weighted sum of predictions from multiple trees. 

The pseudo code of the framework is presented in Algorithm 1.  
Algorithm 1: Framework of the early-stage battery lifetime prediction  
1: Stage 1: Two-channel feature engineering  
2: Channel 1: CNN-based automatic feature extraction  
3: Input: V, I, and T in first 100 cycles  
4: xi = InputTensorConstruction(Vi, Ii,Ti) ∈ R100×100×3  

5: X = [x1,x2,…,xi,…,xm] ∈ Rm×100×100×3  

6: Input for CNN: X
∧

= ZeroPadding(X) ∈ Rm×224×224×3  

7: zC = φ(X̂) ∈ Rm×d1 ,d1 = 256  

8: Output: latent features zC  
9: End Channel 1  

10: Channel 2: Domain knowledge based handcrafted features  
11: Input: V, I, Q, T, and internal resistance (Ω) in first 100 cycles  
12: zH = CraftedFeatures(V, I,Q,T,Ω) ∈ Rm×d2, d2 = 20  
13: Output: zH  
14: End Channel 2  
15: zT = [zC,zH] ∈ Rm×d3, d3 = 276  
16: Output: Two-channel features zT  
17: End Stage 1    

18: Stage 2: Feature selection  
19: zS = WrapperFeatureSelection(zT) ∈ Rm×d4, d4 = 132   

(continued on next column)  

(continued )  

20: Stage 3: Battery lifetime prediction based on regression models  
21: Input: Selected features zS, battery lifetime Y  
22: zS

train, zS
test, Ytrain, Ytest = TrainTestSpliting(zS,Y)  

23: or zS
train, zS

test, rtrain, rtest, Ytrain, Ytest = TrainTestSpliting(zS, r,Y)  
24: Model training:  
25: for j = 1 to 5  

26: Θj* = argmin
Θj

J
(

F(j)
Θj

(
ztrain

S
)
,Ytrain

)
, j ∈ [1,5]

27: or Θj* = argmin
Θj

J
(

F(j)
Θj

(
ztrain

S , rtrain) ,Ytrain

)
, j ∈ [1,5]

28: end for  
29: Output: The fine-trained models  
30: Model prediction:  
31: for j = 1 to 5  
32: EvaluateMetrics(FΘ*(j)(zS

test),Ytest)  
33: or EvaluateMetrics(FΘ*(j)(zS

test,rtest),Ytest)  
34: end for  
35: Output: The best prediction model and metrics  
36: End Stage 3  

4. Computational experiments 

To justify the value of the proposed framework for early-stage bat
tery lifetime predictions, five sets of computational experiments are 
conducted. First, the effectiveness of each stage in the framework is 
verified separately. In Section IV⋅B, the performance of features 
extracted from various channels (CNN or handcrafted) are discussed. In 
Section IV⋅C, the effect of the wrapper feature selection method is 
evaluated by comparing with widely used methods. In Section IV⋅D, the 
performance of various data-driven models towards our task is evalu
ated. Next, in Section F, the robustness of the proposed framework to
wards different battery materials and operation conditions is examined. 
Finally, in Section G, the superiority of the proposed framework is 
examined by comparing with state-of-the-art benchmarks. 

4.1. Experimental setup 

In this study, Dataset A is primarily investigated to evaluate the 
method performance. Datasets B and C are utilized to further verify the 
method robustness. 

In Dataset A, 123 cell samples excluding one shortest-lived cell are 
studied. Particularly, given the difference between long-life and short- 
life batteries, a stratified random sampling method is adopted to parti
tion the data. The 123 batteries are randomly split into 70% train set (86 
training samples) and 30% test set (37 testing samples), while the ratio 
of long-life batteries to short-life batteries is identical in the train and 
test set. 

The performance of the framework is evaluated using three metrics 
expressed in Eqs. (12)–(14).  

• RMSE (root of mean squared error): 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n
∑n

i=1
(yi − ŷi)

2

√

(12)    

• MAPE (mean absolute percentage error): 

MAPE =
1
n

∑n

i=1

|yi − ŷi|

yi
× 100% (13)    

• R2 (coefficient of determination): 
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R2 = 1 −

∑n

i=1
(yi − ŷi)

2

∑n

i=1
(yi − y)2

(14)  

where n is the number of batteries, and yi and yi are the observed and the 
predicted lifetime of battery i, respectively. Specifically, lower RMSE 
and MAPE mean smaller predictive errors, higher R2 represents better 
predictive performance. 

4.2. Stage 1: analysis of extracted features 

In this section, the performance of the first stage in the proposed 
framework, the two-channel feature engineering, is examined. 
Comparative experiments are conducted to evaluate the effectiveness of 
features extracted from various channels (CNN or handcrafted). Several 
types of feature combinations are considered: (a) unselected CNN fea
tures; (b) unselected handcrafted features; (c) combined two-channel 
features without feature selection; (d) selected CNN features by the 
wrapper method; (e) selected handcrafted features; (f) selected two- 
channel features. For a fair comparison, these various feature combi
nations are all input into a GPR model for the battery lifetime prediction. 

Results of formulation 1 and 2 proposed in Section III⋅C are summa
rized in Tables 5 and 6. In comparison, formulation 2 integrating the 
operation conditions as inputs does not generate a positive impact on the 
lifetime prediction than formulation 1. Prediction errors of formulation 2 
are larger while the R2 are smaller. These underperformed prediction 
results may be attributed to the limited number of battery samples. In 
Dataset A, there are 123 cell samples cycled under 72 different operation 
conditions. When the operation condition is added as an input, for each 
category of operation condition rj, j ∈ [1,72], there are only 1– 3 battery 
training samples. However, the performance of the data-driven model is 
largely influenced by the quantity of training samples. Therefore, in 
formulation 2, the number of training samples for each category is far 
from enough to train a good prediction model. This method needs to be 

further examined when more battery degradation samples in each 
category are available. Subsequent computational studies are all based 
on formulation 1. 

Fig. 8 demonstrates the results of using (a)/(b)/(c)/(f) type of fea
tures. From Table 5 and Fig. 8, we have the following findings:  

(1) Before the wrapper feature selection, the unselected CNN- 
channel features (RMSE, MAPE and R2 are 186 cycles, 13.1%, 
and 0.77, respectively) underperforms the unselected hand
crafted features (RMSE, MAPE and R2 are 145 cycles, 11.6%, and 
0.86, respectively). This finding still holds after the wrapper 
feature selection. Selected handcrafted features produce a smaller 
RMSE (133 cycles) and MAPE (8.7%), and a larger R2 (0.88) than 
selected CNN features, whose RMSE, MAPE and R2 are 158 cy
cles, 11.4%, and 0.83, respectively. It is known that CNN works 
well for the image classification and similar classification tasks. 
However, for the battery lifetime prediction problem, which has a 
more accurate requirement on the regression output, features 
automatically learned from CNN may underperform those finely 
crafted features, since the domain knowledge plays a dominant 
role in the latter. 

(2) Combined two-channel features outperform single-channel fea
tures. This conclusion holds both before and after the feature 
selection. Before the feature selection, by using two-channel 
features, we get lower RMSE (141 cycles) and MAPE (10.2%), 
and a higher R2 (0.87) than using single-channel features. After 
the feature selection, by adopting two-channel features, we again 
obtain lower RMSE (112 cycles) and MAPE (8.2%), and a larger 
R2 (0.92) than using single-channel features. These results indi
cate that CNN features and handcrafted features have certain 
positive interactions and a join of them can improve the battery 
lifetime prediction. 

4.3. Stage 2: comparison of feature selection methods 

As shown in Table 5 and Fig. 8(c) and (d), after the wrapper feature 
selection, the performance of single-channel features and combined two- 
channel features are significantly improved than those of unselected 
features. This verifies the effectiveness of the wrapper feature selection 
towards our task. 

To further examine the effect of the wrapper feature selection 
method, six widely applied dimension reduction techniques, the prin
cipal component analysis (PCA), non-negative matrix factorization 
(NMF), autoencoder, GBRT, and RF, are considered as comparative 
benchmarks. First three methods are unsupervised dimension reduction 
methods. For a fair comparison, the unselected two-channel features are 
input into these methods and then the compressed features are all fed 
into a GPR model for predictions. While the GBRT and RF are supervised 
embedded feature selection methods, which automatically select fea
tures during the model training process. They can directly output the 
target lifetime and do not require additional prediction model. Results of 
the wrapper method and considered benchmarks are summarized in 
Table 7. 

As shown in Table 7, the wrapper feature selection method out
performs benchmarking dimension reduction methods with the lowest 
errors and the highest R2. Specifically, the RMSE, MAPE and R2 of the 
unsupervised autoencoder are 141 cycles, 10.2%, and 0.87, respectively. 
Metrics of the supervised GBRT method are 173 cycles, 11.1%, and 0.8, 
respectively. This indicates that the wrapper method is more appro
priate for our task and is thus adopted for subsequent analyses. 

4.4. Stage 3: comparison of prediction models 

To examine the effect of various models for the early-stage battery 
lifetime prediction task, both the unselected and selected two-channel 
features are fed into six models, the GPR, elastic net, SVM, RF, GBRT, 

Table 5 
Formulation 1: lifetime prediction results of using different features.   

Feature type RMSE 
(cycles) 

MAPE 
(%) 

R2 Number of 
features 

Before wrapper 
feature 
selection 

CNN features  186  13.1  0.77  256 
Hand-crafted 
features  

145  11.6  0.86  20 

Combined two- 
channel features  

141  10.2  0.87  276 

After wrapper 
feature 
selection 

Selected CNN 
features  

158  11.4  0.83  121 

Selected hand- 
crafted features  

133  8.7  0.88  11 

Selected two- 
channel features  

112  8.2  0.92  132  

Table 6 
Formulation 2: lifetime prediction results of using different features.   

Feature type RMSE 
(cycles) 

MAPE 
(%) 

R2 Number of 
features 

Before wrapper 
feature 
selection 

CNN features  224  13.8  0.66  256 
Hand-crafted 
features  

187  12.3  0.77  20 

Combined two- 
channel features  

175  11.2  0.80  276 

After wrapper 
feature 
selection 

Selected CNN 
features  

202  12.1  0.73  121 

Selected hand- 
crafted features  

185  11.8  0.78  11 

Selected two- 
channel features  

151  9.0  0.85  132  
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and CNN, for the comparison. The same data split is adopted for each 
model. Results of various prediction models are summarized in Table 8. 

When feeding selected two-channel features, among these six 

models, the GPR model provides the best results, with the lowest RMSE 
(112 cycles) and MAPE (8.2%), and the largest R2 (0.92). Yet, the per
formance difference among the GPR, elastic net, and SVM model is not 
significant, i.e., the maximum differences of RMSE, MAPE, and R2 are 
not more than 6 cycles, 0.9%, and 0.01, respectively. In contrast, the RF, 
GBRT, and CNN model, which are relatively complex than the previous 
three simple models, generate significantly worse results. Particularly, 
the CNN presents the worst performance, with the RMSE 233 cycles, 
MAPE 19.3%, and R2 only 0.65. The reason may be that the amount of 
training samples is quite limited (no more than 90) and is insufficient to 
train a high-quality CNN containing a large number of parameters. 
Therefore, for our target task with a limited sample size, simple models 
with less parameters, such as the GPR, may have better effects. 

When feeding unselected two-channel features, results of all models 
are worse than those of using selected features. This again proves the 
validity of the wrapper feature selection on our task. Instead of the GPR, 
the elastic net now becomes the best-performed model. It could be that 
the elastic net is a regularized model and automatically scale down 
unimportant features, thus can better handle unselected high- 
dimensional features. Yet, the performance of the elastic net, GPR, 
and SVM are still comparable. The RF, GBRT and CNN still underper
form the previous three models. 

Based on the above discussions, the GPR model offering the best 
performance is adopted for our subsequent analyses. 

(a) (b)

(c) (d)

Fig. 8. Observed lifetime v.s. predicted lifetime: (a) using unselected CNN features; (b) using unselected hand-crafted features; (c) using two-channel features 
without feature selection; (d) using selected two-channel features. 

Table 7 
Results of different dimensionality reduction methods.  

Feature selection method RMSE 
(cycles) 

MAPE (%) R2 

Wrapper method  112  8.2  0.92 
PCA  159  13.1  0.83 
NMF  171  13.3  0.80 
Autoencoder  141  10.2  0.87 
GBRT  173  11.1  0.80 
RF  181  12.9  0.78  

Table 8 
Lifetime prediction results of different machine learning models.  

Model Selected two-channel features Unselected two-channel features 

RMSE 
(cycles) 

MAPE (%) R2 RMSE 
(cycles) 

MAPE (%) R2 

GPR  112  8.2  0.92  141  10.2  0.87 
Elastic net  114  8.5  0.91  132  9.4  0.88 
SVM  118  9.1  0.91  139  10.8  0.88 
RF  168  12.0  0.80  181  12.9  0.78 
GBRT  146  11.0  0.84  173  11.1  0.80 
CNN  233  19.3  0.65  269  20.1  0.62  
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4.5. Analysis of representative cells 

To demonstrate the effect of the proposed method more clearly, 
predictions on ten representative cells from the test set are analyzed. 
Two metrics, the absolute error (AE) and absolute percentage error 
(APE) between the true and predicted battery lifetime, are considered. 
Results are summarized in Table 9 and Fig. 9. 

As shown in Table 9 and Fig. 9, the proposed method can effectively 
predict the lifetime of most testing cells. The error metrics AE and APE 
can be as low as only 1 cycle and 0.2%, respectively, for cell No. 2. In 
general, predictions are more accurate on short-lived cells (such as cell 
No. 1, 2, 3, 4 and 5) than those on long-lived cells. For instance, for cell 
No. 10 with the longest lifetime of 2165 cycles, the AE and APE are 138 
cycles and 6.4%, respectively, which are much higher than metrics of 
cell No. 2. 

There are two reasons for this result. First, in Dataset A, the number 
of long-lived cells is much less than that of short-lived cells. Such un
balanced sample distribution leads to relatively worse predictions on 
long-lived cells. Therefore, more long-lived training samples are needed 
in the future for better predictions. Second, the proposed early-stage 
lifetime prediction method utilizes information from only the first 
100 cycles. Therefore, it is more difficult to capture the long-term 
degradation for long-lived cells using just a small proportion of data 
along the battery whole life. 

4.6. Verification of the prediction robustness 

To further verify the robustness of the proposed framework, the well- 
trained model from Dataset A is tested on Dataset B and C. Specifications 
of four tested cells are listed in Table 10. It should be noted that the 
temperature signal is not recorded in these two datasets; therefore, 
temperature-related features are not included in the verification. Results 
are demonstrated in Table 10 and Fig. 10. 

As shown in Table 10 and Fig. 10, the proposed framework can 
effectively predict the lifetime of different types of LIBs. For instance, for 
the LiCoO2 cell B2, the AE and APE between the true lifetime and pre
dicted lifetime are 19 cycles and 3.6%, respectively. For the LFP cell C2 
with higher current rates and lower cutoff voltages, the AE and APE are 
40 cycles and 8.6%, respectively. This indicates that the proposed 
framework can be generalized to different battery materials and oper
ation conditions. 

4.7. Comparison with other published methods 

In this section, we compare the proposed method with a set of 
benchmarking methods to verify its superiority from two aspects, the 
prediction accuracy and prediction horizon. 

To validate the prediction accuracy, the proposed method is 
compared with three benchmarking methods from most recent publi
cations [1,25,39]. They all target at the early-stage battery lifetime 
prediction based on Dataset A. Yet, features and prediction models 
considered in [1,25,39] are different from our method. 

1) Benchmark 1 
In [1], a set of features were manually crafted based on the first-100- 

cycle degradation data, and were input into an elastic net for battery 
lifetime predictions. A combination of six features presented the best 
prediction results in [1], and thus is selected as Benchmark 1. 

2) Benchmark 2 
In [25], eighteen handcrafted features were presented based on the 

first-250-cycle degradation data, and were input into a GBRT model for 
battery lifetime prediction. We reproduce these features using the first- 
100-cycle degradation data and feed them into a GBRT model as our 
Benchmark 2. 

3) Benchmark 3 

Table 9 
Lifetime prediction results of ten testing cells in Dataset A.  

Cell No. True lifetime Predicted lifetime AE (cycles) APE (%)  

1  334  328  5 1.6%  
2  493  494  1 0.2%  
3  428  438  9 2.2%  
4  742  766  23 3.1%  
5  812  831  18 2.3%  
6  916  874  42 4.6%  
7  1043  1015  29 2.7%  
8  1097  1081  15 1.4%  
9  1287  1256  31 2.4%  
10  2165  2026  138 6.4%  
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Fig. 9. Lifetime prediction results of ten testing cells in Dataset A.  

Table 10 
Results of four testing cells in Dataset B and C.   

Specifications Performance 

Cell No. Material Charge/discharge rate Nominal capacity Upper/lower cutoff voltage True lifetime Predicted lifetime AE (cycles) APE (%) 

B1 LiCoO2 0.5/0.5C 1.1 Ah 4.2/2.7 V  552  580  28 5.0% 
B2  530  511  19 3.6% 
C1 LFP 1/1C 1.2 Ah 3.6/2 V  609  557  52 8.5% 
C2  467  427  40 8.6%  
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900

A B C D

True lifetime

Predicted lifetime

Fig. 10. Lifetime prediction results of four testing cells in Dataset B and C.  
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In [39], four handcrafted features based on the first-100-cycle 
degradation data were selected and input into a general regression 
neural network for battery lifetime predictions. We adopt it as the 
Benchmark 3. 

Comparison results are shown in Table 11 and Fig. 11. The same 
training and testing data split with previous sections is adopted. We can 
observe that the proposed method is superior to these benchmark 
methods, with the lowest RMSE and MAPE, as well as the highest R2. 
Compared with Benchmark 1, in which Dataset A was first provided, we 
can reduce the RMSE and MAPE by 18.2% and 23.4%, respectively, and 
improve the R2 by 5.7%. Our superior performance than the benchmarks 
may be attributed to the proposed much larger feature set which covers 
more potential effective information for battery lifetime prediction, as 
well as the GPR prediction model which is more applicable to our task. 

Another advantage of our proposed method is the early prediction 
horizon, which means that only the first-100-cylce data is required for 
an accurate battery lifetime prediction and later-stage degradation data 
are not needed. However, in many mainstream RUL prediction methods, 
a large proportion of the battery capacity degradation curve is required 
for the model training, and the battery lifetime is predicted by 

extrapolating the model to the end of life. Generally, it is challenging for 
them to obtain accurate predictions when only the first-few-cycle data 
are available for model training and parameter updating. To verify the 
superiority of our method in the early prediction horizon, we compare it 
with two popular RUL prediction methods. 

1) Ensemble model + particle filter: In [7], an ensemble model fusing 
the exponential model and polynomial model was proposed to track the 
battery capacity degradation trend. The particle filter technique was 
adopted to update model parameters and perform RUL prediction. 

2) Coulombic efficiency (CE) model + particle filter: In [4], a semi- 
empirical CE-based model incorporating the particle filter technique 
was proposed to model the battery capacity degradation and perform 
the RUL prediction. 

Computational results are summarized in Table 12. For two bench
marking methods, the whole life degradation data of training samples 
are used for the model training and parameter initialization. The first- 
100-cycle data of test samples are used for the model parameter 
updating. As shown in Table 12, we can see the proposed method out
performs two benchmarking methods in terms of much lower errors and 
higher R2. This experiment validates the superiority of our method in the 
early prediction horizon. 

Table 11 
Comparison with state-of-the-art benchmarks in terms of prediction accuracy.   

RMSE 
(cycles) 

MAPE (%) R2 

Proposed method  112  8.2  0.92 
Benchmark 1  138  10.7  0.87 
Benchmark 2  147  13.6  0.85 
Benchmark 3  162  14.4  0.83  

(a) (b)

(c) (d)

Fig. 11. Observed lifetime v.s. predicted lifetime: (a) the proposed method; (b) Benchmark 1; (c) Benchmark 2; (d) Benchmark.  

Table 12 
Comparison with benchmarks in terms of prediction horizon.  

Method RMSE 
(cycles) 

MAPE (%) R2 

Proposed method  112  8.2  0.92 
Ensemble model + particle filter  304  23.3  0.59 
CE model + particle filter  238  18.6  0.64  
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5. Conclusions 

This paper developed a novel data-driven framework for early-stage 
LIB lifetime predictions using only battery data of first 100 cycles. This 
promising study could help with accelerating the LIB performance 
evaluation during its development and optimization process, which is 
yet a challenging task for most existing LIB lifetime prediction methods, 
due to the limited information provided by early cycles. The proposed 
data-driven framework had three stages: 1) a two-channel data feature 
engineering strategy was proposed for creating a set of candidate fea
tures incorporating CNN-based and handcrafted features; 2) a wrapper 
search-based feature selection method was adopted to select meaningful 
features from the two-channel feature set; 3) a GPR model was employed 
to produce early-stage battery lifetime prediction via selected features. 
Computational experiments were conducted on LIB datasets of different 
battery materials and operation conditions for the method verification. 
The effectiveness of each stage of the proposed framework was evalu
ated via an ablation study. Main research findings based on computa
tional experiments are summarized as follows:  

1) CNN features and handcrafted features could complement each 
other. The appropriate joining of them could benefit the battery 
lifetime prediction.  

2) The wrapper search-based feature selection method and the GPR 
model were effective enough on selecting valuable input features and 
developing the prediction model in the considered early-stage bat
tery lifetime prediction task. This was validated by comparing their 
superior performance with famous benchmarks considered in the 
feature selection and prediction model development tasks.  

3) This framework demonstrated the generalization ability to different 
battery materials and operation conditions.  

4) This method offered both the higher prediction accuracy and earlier 
lifetime prediction than considered benchmarks published in the 
literature. 

In the future, we would like to improve our method from two 
directions:  

1) Further uplift the accuracy and generalization ability: We plan to 
collect more battery degradation samples via conducting more ex
periments in our laboratory as well as collaborate with the industrial 
partner to obtain data from practical applications. We plan to 
improve the prediction accuracy and generalization ability of our 
framework with more battery degradation samples and more oper
ating conditions available.  

2) Adapt the proposed framework into more challenging application 
scenarios: We plan to explore more challenging applications that the 
proposed framework could be potentially adapted into, such as the 
online battery lifetime prediction with only partial data accessible. 
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