Engineering

Contents lists available at ScienceDirect

Engineering

journal homepage: www.elsevier.com/locate/eng

Research
Smart Process Manufacturing: Deep Integration of Al and Process Manufacturing—Review

KEAE A AR CLEF B — MRStV EIFES N RALSR
ab* 7hen Song °, Kai Sundmacher *°

 Process Systems Engineering, Max Planck Institute for Dynamics of Complex Technical Systems, Magdeburg 39106, Germany
® Process Systems Engineering, Otto-von-Guericke University Magdeburg, Magdeburg 39106, Germany

ARTICLE INFO HE

Article history:

Received 21 November 2018
Revised 13 December 2018
Accepted 25 February 2019
Available online 22 August 2019

MEHER RTE DT 5 b th NZEEI 5 RFIAKER BT ok 2 iy,  HAEn WAk, X Rhig Rz os 4k 8
Fio F20504F, AERADTKAFI10042, AT & s LB, AN 9% A it
AN B T AR S T T 7 SR H 2538 0. 24 Thseas Rl o B br & PEBUPE BE i 2 il A, 1X
e BT BRGSO . AL S ik, Sk b R0 2l I 25 56 B S B 50 IE B T VE R I . R B
ARG AT S A A B B Rk 25 5 SR, B SR AN B 2% 2] (ML) 7y R R BRI 21
. VAR T I T R . AR SCRIZENH T S FIML I VEFIA SR R TR . B A T ML
iﬁﬂ JTVERLFH T RORE TR 1 BB A E AP IR . AL RS TIEWIMLTE Z LG MRL, AR AT
“ ﬁﬁ R R R R AL T R R BN . B A T T AR AR

B o)y © 2019 THE AUTHORS. Published by Elsevier LTD on behalf of Chinese Academy of Engineering and Higher

Mﬁﬁ% /j Education Press Limited Company This is an open access article under the CC BY-NC-ND license
AL (http://creativecommons.org/licenses/by-nc-nd/4.0/).
MRk

La|= o BRI, AR T R TS TR

21 22 AT A 2 Bkl Toig R MELESTIE
FEREVR AP A REAT, #A — D ICF N MRS
Rl R R EE . WL SR L EF, PR 3R Lk
i I 22 6T R B . BRACAR I SR — S SR A ] 1
19122 m), MRIEEWRE WEMFEYIRE) KL, S5
TSN FR] — [N mT DA3R AR R R A BRAAR I
ROETTA . BEE S — T S5 30 TR R A Bl
KAt SN BE R TR B K, Rf S SO TR AT T ILAE W]
PASCSEHIAS AU A A 5 NP R PR B ANAT D, AT
G T RHIELTT « A AN e XA USRIy T 5
MEHREE, Al ARRRE 2 A 5 i i BR (1 s

* Corresponding author.
E-mail address: zhout@mpi-magdeburg.mpg.de (T. Zhou).

(e, B o] Be AL s B R B S K IH 2 B
Ko B, Z5EA I FREE AT 8 10°%[1]. A
I, EHR BN REE RAR R XA BRI 45 44 2% (Bl 2 AN AT
REHY .

B &SI AT R I, MEHME RS2 (MD 41
BT A SR R R [2]. M — /N B AT 5% 2 dl i >R H
g AE SR 2T VA (3], A8 BE RO A Rk E i ok Tt
B RLEPE BT o S — RO S A — R AR
Y, AEAFZAE R AT DL — 41 O RN B A P ) LR AR
KT R . B ELE - CR (QSPR) i)
R — A EHE MR R, H AN B R A B Ry
fiEo EARME BT ) S N A et 22 18] 38 8 A7 A8 52 2% 1) 5%

2095-8099/© 2019 THE AUTHORS. Published by Elsevier LTD on behalf of Chinese Academy of Engineering and Higher Education Press Limited Company
This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

: Engineering 2019, 5(6): 1017-1026

: Teng Zhou, Zhen Song, Kai Sundmacher. Big Data Creates New Opportunities for Materials Research: A Review on Methods and Applications of
Machine Learning for Materials Design. Engineering, https://doi.org/10.1016/j.eng.2019.02.011



2

A, XEESC SRR AL G AR AR A ORI T 1R
AR, EHTHLEEY ) (ML) JiEMRJE[4], X ue s Ak
5% 22 BUAE FT LAAG Rt i AR SR )

ML AN & e (AD #7332, HH K2R 2
FARAE DR . & DT IREM B b R
HEAEH, PUONERESAEA RIS AE I BN 15 0
AT HEAE RS R A S . fod ki, 4
ML AR 2 A0 W] DA AR R B B ik e ML
ARAERS R T K — L8 B Dl S FH PRSI 45160, 475 T 419 952 7
SREE[S] & B AU B [6]. #5ERE 4RI H
TAFBR7] HEAGTE VR[S AR M 20 % [9], B ALHEA A
M ZALAPE[10]. REW R B[], R &R
HAIN12]. AHLROE R (OLED) #EH13]. Sk
[14] AR RE15] )25 5E

KA1 [16] 418 1 ST 2R R WY, Bl A2 AR 72
MG Z, MLIAGE] PG E .

4T BE B BML J7 VA LE R BT 78 o i B 2 H
sR N, AT H R s AR ML 5 35 3EAT #ORHTE 5T
(B 2B AR AT R, IR BRI R ML AE AR A BLAT
ek EE RN

2. BRI F BRI E

w2 (17157, JUT4ERT, BEA R Xt B 288
FIAK M AT JLA AT, BB AVE A
BT, BT SR e, BB AR, L4
BT, BEETHEALA M, 55 =Rl 2in R o SR 2

WY, ERVFIRYESE R R S A ER R B S
H RSt G ) @, A4 RLR 2% 1 M R 45) 1 R % P2 e 3R
(DFT) F4> T3 71% (MD) #il. et = JLEH,
KB SIS A ™= A 1 3 DY FhoR 223 20 I RN T4
Re VA —BHE T I CR) BRI BB HLEsE S IME RN
T R R0, B LA R R ik

WIEl3 [16]fa, “REHE” A “HARIKsh” J7HK
0 E AR B 4 O RS

Wk, MBSERATR] (MG A 74 HoAh 2
AR ZH 205 Bl — BLAEAR HEA LR} 2% Fh R EHs iy m] FH 40
AIYi e P2 AR IR R EE G B, Ak
Mo WU T OERSERITERD EAT DL AR
MTH Cang e i) BERIGMlE (i FRARED ARk
T K R EHE S 0H0E SR B R R BOML 77 v i R 3t T
EORIIbLSy, AT INIE R i S de R K R AN B 1. S
BR[18] 7 B8 B (R 151 T 4 22 40 5 K & A ) &5 ) A
PRI AT AT FHEOE

3. BFMEAIIFIZITEY ML

AR PR 3 RN TH 5 T ] DL 840w A 22 1E 17] 1)
L, RIAESRR 58 25 T R 8 MR R 1 54T 9l AT Tl
Do 7T Ak B B2 e ) R i VAR TR g h e i B
FERERARREVE A RD NS 5235 . feit, THEAL
T ¥ (CAMD) J59:[19,20] © & #2 th 453 2
TEFRE, HHKZGHE GRS e R
1 F. CAMDJiikHE MIHBLLLR, O F &%

12000 |

10500 |

9000

7500

6000 -

4500

3000

Published works on “machine learning”

1500 -

B 1. 199941 H £220184F9 H HIARIIET “HLEs )7 A1 “HLEs2:3] 7+ “MRL” BB EEcE.



/ 2nd paradigm \

1st paradigm 3rd paradigm

4th paradigm

Empirical science Theoretical science Computational science Data-driven science
V- F= % T
V-B=0 » l \ ul
VXE= —g—f L m o o
Experiments \ Classical laws J DFT, MD, etc. ANN, SVM, etc.
1000 years ago Last few hundred years Last few decades Since last few years

B2 Bl PR TEa: SGiE. Big. WEMEEEIE . ANN: N THZEM %% SVM: SCRFEEL.

7500 - 4000

6000 |- "
© 43000 ©
© =
o kel
i< e
£ 5
L4500 | ©
o c
e 5
= 42000 2
= g
B 3000 | i
= [0}
K] <
k) @
S re)
o 41000 2

1500 |-

B3, Rt ” M “ER IS TTE B R AR SO (199941 ] 2 20184F9 7).

RL 3 TARIEARER 2 AR AT V5 i B G5 F A BT 28 e

Name Description

AFLOW Structure and property repository from high-throughput ab initio calculations of inorganic materials
American Mineralogist Crystal Structure Database  Crystal structure database including structures published in The American Mineralogist, The Canadian
Mineralogist, European Journal of Mineralogy, etc.

Computer Coupling of Phase Diagrams and Thermo- A journal publishing the thermodynamic and kinetic properties of various materials
chemistry (CALPHAD)

Cambridge Structural Database Repository for organic and metal-organic crystal structures

CatApp A web application for surface chemistry and heterogeneous catalysis

ChEMBL Bioactive molecules with drug-like properties

ChemSpider Royal Society of Chemistry’s structure database, featuring calculated and experimental properties from a

range of sources

Citrination Computed and experimental properties of materials

Computational Materials Repository Infrastructure to enable collection, storage, retrieval, and analysis of data from electronic-structure codes
CoRE MOF Solvent-free atomic coordinates and pore characteristics of over 4000 metal-organic framework materials
Crystallography Open Database Structures of organic, inorganic, and metal-organic compounds and minerals

Dark Reactions Project A database collecting information on unpublished failed reactions

GDB Database A database of hypothetical small organic molecules

Harvard Clean Energy Project Computed properties of candidate organic solar-absorber materials

The Inorganic Crystal Structure Database (ICSD) Inorganic crystal structure database
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Name

Description

Materials Project

MatNavi

MatWeb

Mindat.org

NanoHUB

Nanomaterials Registry
Nanoporous Materials Explorer

National Institute of Standards and Technology
(NIST) Chemistry WebBook

NIST Materials Data Repository

NIST Interatomic Potentials Repository

NIST Standard Reference Data

The Novel Materials Discovery (NOMAD) Labora-
tory

National Renewable Energy Laboratory (NREL)

Materials Database

Open Quantum Materials Database
PubChem

The Thermoelectrics Design Laboratory (TEDesign-
Lab)

University of California, Santa Barbara (UCSB)
thermoelectric database

ZINC

Computed properties of known and hypothetical materials

Multiple databases targeting properties such as superconductivity and thermal conductance
Datasheets for various engineering materials, including thermoplastics, semi-conductors, and fibers
Open database of minerals, rocks, and meteorites, and the localities they come from

Largest nanotechnology online resource

An authoritative, web-based nanomaterial database

A database containing computational properties of thousands of nanoporous materials

Gas-phase thermochemistry and spectroscopic data

Repository to upload materials data associated with specific publications
Repository for interatomic potentials (force fields)
General material property data

Repository for input and output files of all important computational materials science computer programs

Computed properties of materials for renewable-energy applications

Computed properties of mostly hypothetical materials
A database of chemical molecules and their biological activities

Experimental and computational properties to support the design of new thermoelectric materials

A large database of thermoelectric materials

Commercially available organic molecules in 2D and 3D formats
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Method Category Brief description

Least-squares regression Regression Least-squares fit of the output data with respect to the input features

Kernel ridge regression Regression Combines ridge regression with the kernel trick

Logistic regression Regression Explains the relationship between one dependent binary variable and one or more independent

variables

Kriging or Gaussian process Regression An interpolation method for which the interpolated values are modeled by a Gaussian process
regression

ANN Regression, classification Uses hidden layer(s) of neurons to connect inputs and outputs

SVM Regression, classification Builds a model that predicts whether a new example falls into one category or the other

Decision tree Classification

Creates a model to predict the value of a target variable by learning decision rules inferred

from the data features

Random forest Classification

k-nearest neighbors Classification

An ensemble of multiple decision trees

Uses a database where the data points are separated into several classes to predict the classifi-

cation of new samples

Naive Bayes Classification

A probabilistic classifier based on Bayes’ theorem with strong independence assumptions

between the features

k-means clustering Clustering
Hierarchical cluster analysis

Hidden Markov model

Clustering
Clustering

Aims to partition n observations into & clusters
A method of cluster analysis that seeks to build a hierarchy of clusters

The modeled system is assumed to be a Markov process with unobserved (hidden) states
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