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Applications of Machine Learning in Thermoelectric Materials
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Abstract: Thermoelectric materials are environmental-friendly energy conversion materials. Their performance optimization is a
complex issue of multi-parameter coordination, which becomes a challenge. Although the computational simulation and experimental
methods for thermoelectric materials have developed rapidly, the efficiency of searching thermoelectric materials still needs to be
further improved. Machine learning has some advantages of low computational cost and high prediction speed, which can shorten the
search process and accelerate the corresponding studies on the structure and performance optimization of thermoelectric materials.
This review introduced the research progress on machine learning for small sample numerical data (data volume is about 10?), large
sample numerical data (data volume >10* and image data in thermoelectric materials from the perspective of data types. Moreover,
different machine learning algorithm models used for the structure and performance of thermoelectric materials in different data types
were discussed. In addition, the future development and application direction were also prospected.

Keywords: thermoelectric materials; machine learning; graph convolutional neural networks

AR A BRI R AT R S B R RE A #AVRE LA
H L4, A8 11 14 B R AU RAT AR K R BT 7
PO R PR AR RO A g, B
ZREOIAORAS R PRLIn s A FE AR E FE TT LA I
b ER AR AR HE U B TR, B
Db E S pOAE, BB H . H AT R
BARCLBD LI T RDACRIHT, Wy R A

AR E . 2022-10-12 BT H#: 2022-11-05,

BEWH: 2095 SRS H (2021PE0ACO2); [ 5 [H 4R R 243k
4:(52172216)-

HEE. B M1994—), 2, LB,

WEEH: B M981—) %, Ht, #HiE;
TEPR(1985—), &, A, SR,

KA/ NG . WO TAGE IR G DUGRERR
RPN 55 SR SR A
RN TARRG 5168 S ARG A &5 55)
iAW ARG, BATEsIEM, BAiefrk
WEFS . LRI R. B, HRIEE AR
M Ge s B A AT, B B R - 2
FP A I~ AR I PR REDE o IR AT R

Received date: 2022-10-12. Revised date: 2022—-11-05.

First author: SHENG Ye (1994-), female, Doctoral candidate.

E-mail: yesheng@shu.edu.cn

Correspondent author: YANG Jiong (1981-), male, Ph.D., Professor.
NING Jinyan (1985-), female, Ph.D., Experimentalist.

E-mail: jiongy@t.shu.edu.cn; jyning@t.shu.edu.cn



+ 500 - CRERR Sh2230)

J Chin Ceram Soc, 2023, 51(2): 499509

2023 4F

PERETT DL E AN B AE ZT k&AL,

ZT=S'¢T/x (1)
Forfr: SAMELY Seebeck Z%: o MBI G2,
So RMEHITHRE T o AMEHIIRG R, T A4
XL B AR ZT 18, 9 SR Y Seebeck
AP SRMFER, KERMHTE, HE
Seebeck A%, ML GRLMF R WAL HA—,
TN R — S B, BT AR AR AL T
LAS I R

MR YR, M BMERER 2 IRE KT
KR 5 1 IR PERE RERZTE 20 tH4D 60 AW,
b SRR S POE R, B RSN TR I
- SRR Seebeck REUKFUE K I A HE RN
SRR 10 52 %, Rl SRR L B
WEFE AT FEBRIAI], — S AR BiyTes.
PbTe. SiGe Z5Mi i Y, Hrb BiyTes SAL 51K
I 24 A Tl S A i SR A AR, 5 2 TR
e RERSETE 2000 SE 4547, BEAE P T I HE—H 7 ik
MEESRIE N, —HRASHREME&ZE, W
HR T SR ST KNI SRS
B2 Half-Heusler &40 Cuy(Se,S) KA M
B b PR S ARG ZT (B 12
(I TV R P o Ak AR — 2B 3 T I R
YERE, (MG ZT e elgnt 2B,
(PbTe)m(AgSbTe,) '), BiyTey/Sb, Tes {4k it 212
(LK 1), B2 R R S5 258[23-24]

1 AR RS

Fig. 1 Development of thermoelectric materials?® %

A REER AT RIESI LR, S8 ERRAEM
RPN EE MR, S0 TR BT T
PR FTOF TARIE AR KT B s . R A i AT

H, AR i R RO e s Ty T
IR o 2 AN G5 o Al o >3 B HT B A s A kLT
Forh, T AR SEBLE A RHIR B A D TR . X
TR . 1) HLEE ST RE 2 BT DU AN F
HERA; 2) HLASSE ST (AR T e 5 A 2 — 1k
JFPHH SR SRR AR, LR ZhAS B i) TS BRAAR
1. BRIk, B EBRIRIG I T R R AR
RISE, Bl IRBI AN a8 > 1 A AR
A, AR R RE BRSO TR AT RE .

AERB A HE SRR B, e
BRI 73 9 IMEARBUERE . KA S Bt 2
BEHE(E 2), FFHT A 2B S 2 SR T i B
Yo b IR =) R FCHE R, FEXE AR R K e 3
AR 5 T 24T T Fe

B2 #vbb R e 28

Fig. 2 Classification of thermoelectric material data
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(a) Convolution operation of image
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