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Abstract: Lithium ion batteries and solid oxide fuel cells have become popular as clean energy devices. However, the commercial
application of the batteries as complex electric power systems requires the batteries with long—term, multi-dimensional and
high—precision performance. Some battery performance prediction methods are still in the initial stage of exploration. With the
popularization and promotion of artificial intelligence, machine learning based on the artificial neural network technology has
attracted recent attention. Recent advances in data science, such as machine learning, provide the scientific and engineering
communities with flexible and rapid prediction frameworks, indicating great application prospects in materials research and

ek H#H: 2022-05-28. BT H I 2022-06-30. Received date: 2022-05-28.  Revised date: 2022-06-30.

HETH: HxE SR TRI(2021YFB3502000); 4 A 27 [ SR 7t B First author: XU Jianbing (1991-), male, Ph.D.
N LR R 50188 A\ U808 I 26 3 PR R 75 H (2020GQG E-mail: xujianbing@mail.tsinghua.edu.cn
1003); fal 4 M P 72 Bt 5 4= % Bh(PO99386669); HH [E 1+ Correspondent author: CHEN Di (1987-), male, Ph.D., Associate Professor.
JERE R4 22T 1 B BH(2020M680537);  [EI 5K A A RF 4 E-mail: dichen@tsinghua.edu.cn

(52102107, 52102137); iR &SR0 T2 E 5 & 5505
IR BI(KF202101).

B R1991—), B, .

RS M a19s7—), B, fit, BIFTRN.



. 3022 - QEIEN=Ei )

J Chin Ceram Soc, 2022, 50(11): 3021-3039

2022 4

development. This review summarized the latest advances on machine learning for the development of renewable energy

technologies (i.e., solid oxide fuel cells, lithium batteries) and carbon reduction technologies, and gave some comments for the future

development directions.

Keywords: data science; machine learning; renewable energy; solid oxide fuel cells; lithium batteries; carbon dioxide

electrochemical reduction catalysts
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Table 1 Summary of recent research on machine learning for performance prediction, fault diagnosis, and performance
optimization in Solid Oxide Fuel Cell (SOFC)

Research Model Method selection . Performance
Methods . . . Virtue Weakness Data Set o References
contents classification basis indicators

SOFC system Artificial Neural ~Regression Multifactor input Small error and ~ Easy to overfit Data for 80 Mean error< [24]
status and Network conditions high fitting different 1%
performance  (ANN) degree operating maximum
monitoring conditions error<4%

Least square Regression Establish Faster Long total 16 input and  Root mean [25,26]
support vector mathematical convergence calculation output square error in
machines relation of dynamic ~ (26s) and higher  time parameters series-parallel
(LS-SVMs) system based on global search mode<3%

input and output precision
data

Recurrent neural ~ Sequence, Use long-term data ~ Implement Not suitable for 1000 data Maximum error: [27]
network (RNN)  regression effectively parallel and long samples 5.29%,

sequential sequences, mean error:
computation easy gradient 0.25%
disappearance

Bayesian sparse  Regression Handle multiple types Handle multiple ~ Accuracy Data set: Accuracy> [28]
polynomial of problems for tasks depends on 2''x27 92%
chaos sensitivity analysis large samples
expansion
(BSPCE)

Back Propagation Classification, ~BPNN for multifactor Data set: BPNN(1%), [29]
Neural rank input conditions, 858set, SVM(4%),
Networks RF for feature training set:  RF(6%)

(BPNN), sorting, SVM for 650set
Random Forest classification

(RF), Support problems

Vector Machine

(SVM)

SOFC Deep Neural Search Multi-factor input Find the optimal ~ Overfitting Data set: Mean error 1%  [30]
performance  Networks conditions, decision  solution 17 384x11  fuel utilization
optimization (DNN), Genetic optimization efficiency

Algorithm >65%
(GA)
SVM, GA Regression Solve the constrained Find the optimal ~ High sensitivity Data set: 1000 Mean error [31]
nonlinear solution to parameters <10%
optimization
problem

ANN, Regression RMO handles Find the optimal ~ Easy to overfit Data set: 538, Accuracy: >99% [32]
Radial Mobility optimization solution training
Optimizer problems quickly number: 100
(RMO) and requires small

computational
memory

k-Nearest Regression Compare the Data set: 538, ANN is the best, [33]
Neighbor prediction results of training accuracy >98%
(kNN), ANN, different methods number: 250
Bayes
regression,

Logistic
regression

DNN, GA Search Multi-factor input Find the optimal ~ Parameters are  Data set: Achieve [34]

conditions, decision  solution complex and 1882x7, durability and
optimization difficult to training set:  high
interpret 80% performance

(to be continued)
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(Table 1 continued)

Research Model Method selection

Performance

Methods . . . Virtue Weakness Data Set o References
contents classification basis indicators
SOFC fault SVM Classification  Efficient Dealing with Parameter Data set: The diagnostic  [35]
diagnosis classification nonlinear sensitivity 30000x197  accuracy of
technology for problems single fault is
multi-class more than
classification 95%
problems
RF, SVM Classification,  The valid features are Deal with Parameter 3 fault types  The fault [36]
rank automatically nonlinear, sensitivity and 25 diagnosis rate
extracted and the multi-factor influencing  is more than
weights of the problems factors 90%
whole neural
network are
initialized using the
raw data in SOFC
Stacked Sparse ~ Representative  The valid features are Multifactor Depend on the 10 fault types The accuracy of [37]
Autoencoder learning, automatically problem original factor  and 16 input  fault diagnosis
(SSAE) unsupervised extracted and the variables is close to
learning weights of the 80%
whole neural
network are
initialized using the
raw data in SOFC
Principal Classification ~ Multivariate / 70 000 data  The false [38]
Component statistical analysis set detection rate
Analysis combined with is less than
(PCA), SVM supervised machine 7%

learning methods
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(a) Using Artificial Neural Network (ANN) to predict SOFC performance results to get SOFC voltage and current density relationship with H, and CH, fuels

Mutation 10 12 4 16 18 20

___________________ Anode gas flow rate/SCCM

Anode
Fuel Mixture CH,+H,0=CO+3H, H,0+CO=H,+CO, e
Electrolyte H,+0O*=H,0+2¢" CO+0*=CO,12e-
. 02- f 02— - B
s Air ' Oz+4e_:202— C
—————————————————— , Cathode
. Heat Transfer ! - - - - VR Ao
T _Phvsics Simulation k-----=--=——c----
; Mass Transport : b[ Multi-Physics Simulation I- + Model :_1_1 ation |
1
i Chemical Reaction ' E
1 Momentum Transport E .
i Electrochemical Reaction ! . i
. ——————ee T i, AR ——
I Database Generation |< ——————————————— -':_ Parametric Studies |
______ 3------
1
)
)
)
L S——. AV
------------- >| Deep Neural Network Training |- -=--=--=-------» Model Comparison E
AT A
D e -:Accuracy ! Speed |
_____________ A 4
Sensor detection | --- ->| Real-Time Prediction | 1950 —
------------- A, X Cathods ot gasemperature o %
:; 1900 |- \ A ;§
1 H _ ‘;’ 1850 - \\ ./'/./. 18 %
: + - Optimized g o :
! [ Selection, | | ittt —>| Online Optimisation |— -------- > ol /./ N, E
" - -4 Crossover, | 1 R
| ' 1700
! 1

(b) SOFC training set database was established by multi-physical field simulation, and then the Deep Neural Networks (DNN) model was used to train the data
set, and the SOFC DNN prediction model was established. The SOFC parameters were optimized by Genetic Algorithm (GA), and the optimal solution was

obtained to predict the maximum temperature gradient and heat production of SOFC

K1 HLEsaE I SOFC 1 AE i 7240

Fig. 1 Machine learning for SOFC performance prediction*
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(a) Relationship between input parameters and output parameters (voltage) was established by ANN for SOFC performance prediction model, and Radial

Mobility Optimizer (RMO) was used to quickly optimize the performance of the model
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(b) Output parameter of voltage, current density by the neural network and experimental data of SOFC at 600 C, 700 ‘C and 800 ‘C under the inter cathode

layer thickness of 6 pm, 20 um, 56 um and 105 pm

K2 HlLEssSIxt SOFC MRtk i 5l

Fig. 2 Machine learning for SOFC performance optimization'
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(a) SVM is used to construct hyperplane in high dimensional space to

classify the samples. This method is used for SOFC fault classification
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Table 2 Machine learning research in Li battery life prediction, battery health diagnosis and motor material screening in

recent years

Research Specific Model Method‘ . Performance
contents Methods content classification sele'ctlon Virtue Weakness Data Set indicators References
basis
Life Elastic net Battery life Regression Converted Simple, efficient Many data Capacity decay Forecast error:  [39]
prediction into linear and easy to samples are  curves of 9.1%
model explain required 124 lithium
calculation batteries in
different
states, first
100 cycle
data
Support Vector State of health, Regression SVM Solve the Sensitive to  The dataset Forecast error:  [40]
Regression battery life regression classification ~ missing data  contains 396  0.11%
(SVR) and and regression samples and
prediction problems of 2/3 training
high sets
dimensional
features
SVM Battery life Regression, Input and Deal with Sensitive to 591 sets of Forecast error:  [41]
classification  output nonlinear kernel cyclic 6%
relational regression functions discharge
mapping, problems and missing  data, 70% of
classificatio data the training
n of battery set
life
Gaussian Battery life Regression Early data Simple and easy Higher 20 000 Predict the [42]
process predict later  to explain dimensional  impedance remaining life
regression battery space loses spectroscopy ~ of the battery
(GPR) behavior its validity without

knowing its
past
performance

(to be continued)
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(Table 2 continued)
Research Specific Model Method‘ . Performance
Methods selection Virtue Weakness Data Set References
contents content classification . indicators
basis
Linear Battery Regression, Compare the Atotal of 18  Decision tree [43]
regression, temperature classification  accuracy of 600 sample (0.99), linear
kNN, RF, and battery different sites were regression
Decision tree  performance methods recorded at (0.5),
prediction three kNN(0.75),
operating RF(0.94)
temperatures,
70% of the
training set
and 30% of
the test set
State of Neural Network State of charge  Regression Fuzzy neural Small error and Easy to overfit 40 hidden Forecast error  [44,45]
charge (NN) network high fitting neurons <5%
prediction simulation degree
DNN State of charge  Regression The weights  Multilayer The model is  Battery Forecast error  [46]
of input perception complex and  discharge <1.1% (25 C)
parameters the process time data of forecast error
are obtained is 5 different <2.17%
by unexplainable  external (<20 C)
self-learning temperatures
Adaptive State of charge  Regression The fuzzy Simple and Sensitive to ~ Battery data  Forecast error  [47]
Network-base system is efficient, abnormal for 10 <0.1%
d Fuzzy realized by data different
Inference combining driving
System fuzzy environments
(ANFIS) network
with neural
network
Relevance Battery capacity Regression Hybrid Data of 41 Compared with  [48]
Vector machine batteries at RVM and
Machine learning different CNN alone,
(RVM), model for charging and the error is
Convolutional higher discharging smaller
Neural prediction times
Network accuracy
(CNN)
Electrode BPNN Battery cathode Regression Supervised  Strong ability of Slow Data set: DFT The predicted [49]
material material learning self-adaptation, convergence calculation voltage
optimization algorithms self-learning results distribution is
and nonlinear in good
mapping agreement with
experimental
results
CNN Battery Classification Hierarchical Higher Need to adjust X-ray phase  Accurately [50]
microstructure and classification ~ parameters, contrast nano  quantify the
detection multi-scale  accuracy rely on large  tomographic  microstructure
characteristi amount of images of evolution of
cs of CNN data 650 electrode  battery
material electrode
particles
DNN Screening of Regression Multifactor ~ Extract richer  Difficult for ~ Data set: 4 250 Accuracy >75% [51]
battery input data features training
electrode conditions

materials
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(a) Relationship between the capacity of lithium battery and the charging cycle time under the first 1 000 cycles of charge and discharge in different ways. The

color of each curve is determined by the cycle life of the battery
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(b) Relationship between lithium battery capacity and charging and discharging
times under the first 100 cycles of different charging and discharging modes,

used in the training set of machine learning model
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(c) Prediction results of lithium battery life

calculated by machine learning algorithm
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Fig. 5 Severson used machine learning to study Li battery life prediction
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(a) Comparison of Back Propagation Neural Networks (BPNN) and Density Functional Theory (DFT) results for thermodynamics predictions of LiNiO,
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(b) Convolutional neural network (CNN) simulating lithium ion battery
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(c) Using deep neural network, support vector machine, and kernel ridge

regression to predict the voltage of metal ion battery electrode materials
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Fig. 6 Machine learning used in battery materials
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Table 3 Research summary of machine learning for the development of CO, reduction electrocatalysts

Model
Methods Research contents . . Virtue Weakness Data Set Performance indicators References
classification
The change of Gibbs free
Extreme Categorical L energy of CO adsorption in
. L . 171 designing .
Gradient Prediction of catalytic and » 1060 SAC was predicted
. . . Sensitive to SAC DFT .
Boosting performance of Regression continuous K quickly. A total of 94 [62]
) o unusual value calculation data, .
Regression SAC predictive . potential SAC compounds
. 80% training set
(XGBR) variables were screened for CO,
reduction
About 250
. The complex Easy to over-fit, bimetallic Terminated (100) have a low
ANN, Density . Small error .
. nonlinear i complex systems were overpotential and are more
Functional . . . and high .
interaction between Regression . model, randomly selective for the [63]
Theory fitting X . .
adsorbed and difficult to selected for the electrochemical reduction
(DFT) degree i i . .
adsorbent explain interaction of CO, to C; species
model
Easy to over-fit, Search for {100} -terminated
. Small error X .
Screening CO, d hich complex 2~8 hidden polymetallic copper
and hi
NN, DFT reduction catalysts ~ Regression fiti & model, layer, 75% catalysts for [64]
ittin,
for transition metals & difficult to training set electrochemical reduction
degree i
explain of CO,
Easy to over-fit, 7 000 DFT single
. Small error .
Search exhaustively i complex point .
. . . . and high . Reveal the active site of CO,
NN for active bimetallic Regression . model, calculation, 583 . . [65]
fitting . . reduction reaction
surfaces difficult to CO adsorption
degree . .
explain sites
Accurate prediction Applied to Au nanoparticles
. Easy to over-fit,
of CO adsorption Small error ) 1384 DFT and AusFeAu;Fe dealloyed
complex
energy and HOCO . and high i calculation data  surfaces, the active sites of
NN X Regression . model, . [66]
formation energy fitting i sets and 1 104 these disordered and
. . difficult to . .
on highly irregular degree . training sets irregular surfaces were
explain . .
Au surface identified

An Chen® 41 BRAH £ 1 568 [m) 9 S0 01 2 7
CO, i Ji LA TR &2 ST . AR ) DA HE By
AR BAT 0 B & R - e RS 2 SRR 5

(1) 5 JE AL (SAC) AL PR RE, DR st 7
1 060 F SAC /1 CO W B 19 75 45 T B BB b DL &L
BT BAL =T A TE . 45BN AL
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(a) Extreme gradient boosting regression (XGBR) was used to simulate the catalytic performance of a

SAC with metal and

non-metal co-doped graphene structure, and successfully and rapidly predicted
the change of Gibbs free energy of CO adsorption in 1 060 atom-dispersed metal

Prediction &
creent

-
oV

o ¥
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FMT, T RATR G H X 3 T I0 7 AR A R D0 2 T )3
fr s, NI REAE 4 X CO, 3 51 RE (& 8D).

(b) ANN can quickly and accurately predict the

surface reactivity of metal alloys, and obtain
the complex nonlinear interaction

between adsorbents and adsorbents

and no-metal co-doped graphene system, greatly reducing the research cost

Binding Energy e

(c) ANN is used to screen transition metal

catalysts for CO, reduction

8so
58

0 0.5 1.0 1.5 2.0
(Fukui function, work function)

-

(Projected Fukui
function, New descriptors for ML
Work function) procedure

DFT
Catalysis

(d) Machine learning method based on Fukui function

descriptor is used to screen CO; reduction catalysts
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Fig. 7 Machine learning for the exploitation of CO, reduction electrocatalysts

[62—-64, 67]



+ 3036 - (HERR Sh22 400

J Chin Ceram Soc, 2022, 50(11): 3021-3039

2022 4

ML-assisted Catalog & Prediction
of Most Active Site

(a) Exhaustive search of active bimetallic surfaces and reveal the active sites of CO, reduction reactions, using alternative models based on neural networks to

explore the activity of these sites in parallel, by sharing information between density functional theory (DFT) results, the calculation process is reduced by an

order of magnitude compared to DFT calculation
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Dealloyed
4 Au Surfaces

Au Nanoparticles

ReaxFF Reactive Molecular Dynamics

Training Data Generation

Data . )
Sampling Density Functional Theory (DFT)
Machine
Learning
Active Sites

Identification )
Reduction CO, to CO

o o0
Wl

p-Value
Mapping

(b) Machine learning and multiscale simulations to identify active sites for CO, reduction on dealloyed surfaces and to predict CO adsorption and HOCO

formation energies on irregular Au surfaces
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Fig. 8 Machine learning used to reveal active sites of CO, reduction
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[65-66]
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Fig. 9 Problem solving process combining natural science and
data science
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Table 4 Summary of commonly used machine learning methods in this paper and their application in green energy science

Algorithm Feature Model type
k Nearest The sample type is determined by k nearby samples in the available data set. Classification (fault classification, influence
Neighbors factor analysis).

Decision tree

expected value of net present value is greater than or equal to zero is obtained by

constructing decision tree.

Support vector

Based on the probability of the occurrence of various situations, the probability that the

A hyperplane is constructed to classify samples in high dimensional space. It solves the

Optimization problems (optimal conditions,

optimal operating conditions)

Performance prediction, classification

machine regression problem.

Artificial Simulating the neural network processes of the organic brain to process information is the ~ Multi-factor input variable processing
neural basis of modern neuroscience. Its structure is a multilayer perceptron consisting of problem (performance prediction,
network many connected neurons. regression analysis)

Principal Transform a set of possibly correlated variables into a set of linearly unrelated variables Multivariate analysis
component by orthogonal transformation.
analysis

Random forest

By combining several weak classifiers, the results are voted or averaged, which makes the

Classification and regression

results of the whole model have high accuracy and generalization performance.
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