5 5155 8 0] i N

N Vol. 51, No. 8
2023 £ 8 H

JOURNAL OF THE CHINESE CERAMIC SOCIETY August, 2023

http://www.gxyb.cbpt.cnki.net DOI: 10.14062/j.issn.0454-5648.20220973

& & i i

Bl I PR 8 L A4 MR M iy F e 2 P

Wom' EEEY F B KER B K £ER

(1. dbm Tk R2EprR Shlid 2, T RBIEN AR E R TR =, Jb5t 100124; 2. Jb5g Tk R2abbkl ik 223,
BT IhBE A R 2 E SR A S0 %, JbRT 100124, 3. WINPT K%, BRI EE R E A8 E, R 430070)

B O T IROTREE AR AVE PP R AR R, ARG o BRI A (R TS AT PR LR
Pt RE SR e I EC S L BT, BT AT R R A A R B B A RE TN TR R X% 2 8. i M T ALg% 2 )
B RE, S G SR I A AR IR ERAN IR SS, IHGNEE T HLES 2 2 A Ak T TN 0%, PR e B2 FH RCR AN A J T
1], LA ST R TR - AR AR I FEE T R AN S B A8 A

KR JREEL; T AME; HlLESeES; ﬁﬁi; FiL
hE 4SS TPISI; TQ178  ICHAFRERL: A
4% H AR ETiE) : 2023-05-05
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Abstract: The durability evaluation of concrete materials based on the related experiments has a low economic efficiency ratio. The
prediction accuracy of the conventional empirical formula for durability is restricted and the proportions of concrete mix cannot be
calculated according to the performance. It is thus necessary to develop a novel and efficient material quality control and performance
prediction tool. In this review, the process of building machine learning models was stated. The basic working flow and advantages of
common algorithms, as well as the durability index prediction algorithms based on machine learning were summarized. Its
application effects and development direction were discussed. This review can provide a basis for the in-depth development and
application of machine learning technology in the field of concrete.

Keywords: concrete; durability; machine learning; algorithm; prediction

BEE TR AR A R, N TR RERORZE
ke, Bl N E )50, ReE xRS
EHEAT IR 1 BB AR L P A, SR e i A
FARER, RREHRT AR e TR~

PERETIIN . B RIS BRTHLES IO
V2 S 4 JE A REVR TE LR £ A Rk e £ e A
5B T S bR TR, 1T 7E LR 4
JeE S SRR R G 237 A R AT A BT TEAT A T

AR T 2 i B2 Ak PR R A 5 AR T - AR
LA MSERETTI . TR, Hlas IFEM BB
ski %2 5 T B S WSS T BOREE RS, BT R

WeRs H A 2022-11-11. BT H#: 2022-12-10.

HEWH: HEKAAFEEEETH LI (51578025); WAL H AR E4E
41 170 B (E2022210028).

FEH: X BR(1983—), T, L, #HI.

BHrBL
Y S (BN i) iR e NS By b S i
REAMIR AP e ZPAN 4R bR . Horh BLHUR RN

Received date: 2022-11-11. Revised date: 2022—-12-10.
First author: LIU Xiao (1983—), male, Ph.D., Professor.
E-mail: liux@bjut.edu.cn



5551 &5 8 1] KR A LA ST TN VR R L PDRH AP R T RE SR + 2063 -

ER AR IR R B SER R, prblE
CAFAE KBRS SRR B+ T2 VERE A 556
S HLER S ) BRI A PR RE B AR BB A 2 1
BoNF e ML R, IR T AT
R EZ . WMlriE+E . LRI A,
AN > TR R (R BN TR, AR
WFFE A 78 430

TR ATRFI R ANE 521 2 R 3R I BRI .
PG TR ANE TR AR A0 3 “ HLERAKZN 7, HAME
FETAE RO ANV A SR BEAE, AL &R S iREE L
ORI AVERIASK IR, 1 B R AN (1 B2
RS R B 0% AKE — I A VE$R AR 95 (L O LB D 4
fitf, CEFEMZARI ) L RN R AR R, Ed
ES RN SH, WS EHRET IS 5 BT
BT ATHEAL, SRR A M BT
EAZ TR A IR, JF BAE G Y45 6 k45 5 AR
PSR AR, AL A FIER]; MAh, Mg
M ERAR AT DL L F A B 5 DR AR T 3R &R
3 BB AR —E R Eie IR AL & LE AR
e, BhTEEERS, RELRERNTIEERK,
KRG RIBC & AL —E ML AHEZT, BT AL
a7 T R VR TRt AR I A 00 A 2R ) A 4 18 3
4 AN 1) ATBESEE 2 H AR I RN HE
) 5 vy (R FROIORS B, 0 2H B B2 A% 0 AR Rt A
BHEA RAFRAATE: 2) Aet® s & K20 i
ANEFE I AL AW U5 3 3) AT DU I 1 &
BRI SHL  BIRYE 0 p8 BUE SRR H A2 &
4) FET LA ST IR B A R A PE TR “ 3
PEIREN 7 BE PR A, R R A, i &
FE I, YIRS R BT & k. AT
B3R 4 5, BLES S ] PRINAR R AN (R BT LR T B A
BHIF ANE, 38 7T BLHR &t f & B i v 24T
Ao ASCHTER 1 S NL LA 5 > TR U ik K AR
R e BEAR AR ISk, £R08 1z i wt Fu et
J&, B T HLAS S ) TN VR e AR A R T 7T
AR JETT 17 o
1 HLBF AW ERE

Wl 1 FR, ML S ) TN R ) R
FEAG 3ABED HRE . AR, R
LRI

Kl SR B B ) 2 AR S5 @S ZRpl A o >
PP R SR . FEAPRERL 2400, e A2 T
LA, AR A R R T ORISRl

5 B RO AT TR, AR R
WA . BE I — ) £ H AR R AT Bes /N B R
XTSI SRS, WREREAE — e B3R TS Y
FOTIUIIAR € o RFAIE B 6 1) J SCAE T PR B 4R 4
RTHHLER ST B FRAGHE SR A2 AL fE
HH 2 T8 B A T R A AR B LR 5 FAE 55
RN EZPHIFR, HRARENAEPLES ] 15
NAZE, HIEZ 5HEMIIZNERE.

Modeling Model evaluation
Algorithm Model
selection explanation

Literature
collection -' -'
Model Model test
training
Data
processing

Model
validation

Model
evaluation

ERREEERERR (e
Fig. 1 Workflow of machine learning
BRI B S R A RRE M, R
R PR (R T VR B P52 S v, (L O o A ST AR
AU AR T o 2L, AT B AL I R R
VAl AR N RS H AT R, ST
T AERAE, By RS A A R R A S
K SR ZRREAS B B HORS RBAON T Bt SR
PRI —BORFE: RINE G AR, 22 S AR
SIBIIGRFEA T — M . —F P PRz
R TR, (EfRRTTIRA P Z R . BH R T
I S5 B oy 5 2R 3 47 1 R RV AT it o R AU
s M E ke bR, Rl e
UEAE . 22 XIRE . I R 2 8055 T A H Kk
ﬁzﬁgm@[lo, 20]0
B Ja — A B S IS B ) B R 34T
fRE. R IR ANPEOT . HLds S B RN B
SR, HEAARR IR 2 S R I R s
R AR ) o SCAE Tl B AT TR L8 2 ST B2 1
FRREM SN, DR ASR AE— 2 i\ i dhs
i AR RS SR 1 B DR R e S 1 T 2, AL R
Wi B IR . e H AT BOg il Shapley
additive explanations 7 HT(SHAP), &% N\ A8 & X i
A5 R ST AT AR HEF, JEAIWTIE . SRR
PEN2T0 R0 5 A7 T 2 8 A A ot 504 T
135177 IRIRZE(RMSE) PB4 X1R 7% (MAE) 4

[15]



. 2064 - CREFR Eh22 4D

J Chin Ceram Soc, 2023, 51(8): 2062-2073

2023 4F

Xt 4 LR 22 (MAPE). #1955 & $(RY) & 45 bR gk AT
2, geah, LS NZR SRR OBIP ), [H]
I 25 R TY AE YI SR AR A R ToUl i 22, 0 ABEARY
Tz A EE STEAT VAN

2 WMBFIWEREE

2.1 AIHHEML%

N T2 25 (ANN) 2 HHOK & I 48 oAl B
T RM %, R Tu s 2 fs. 530
P e 2 ) 265 2EL AR AL, O PR 48 T D B TG L
B R EAPZ T TR AU 3 B 72 RO 25 1 286 U L
AR I TNEE . ANN SV SEIU FE 2 7R is S 72
W, RN E RS T TN, A B AT Ak
e P g P N ) =Y R S W 2 < | U Ol e 1
g & ek G SE NN, B EMAETIA
B A ) 2 B 1A TG, A S5 2w g
BEAGEHIC, WAL MM EHIL), BEK%
FOTHI I G R NBOL A, R B, s
BN B LR P B o ANN FOER 38 7E T 25
MR, XPRBERENAE SRR, BA B I ThEE,
Al DAZER I o R R AT R R0 0 2 [ 1%
P,

Input from the superior neuron

Neuron

TOutput y —f[Z(a,x, (9]
i=1

Threshold value
Weight of input

B2 #hzsosity

Fig. 2 Structure of neurons''*!

Input layer

Hidden layer ~ Output layer

B3 ANTahs pag st
Fig. 3 Structure of ANN !4

T ERTE ANN SR 8 2R 1 2
1664, LA EENRE A E L% E bR, R
fEALESE ANN BRI geiat, a5 s8us R
AW Sk, Ak, B EE AL EE AR (GPU) AT YL kb
B (CPU) W RV R, AL 56
A THORIIIRTE, JET ANN SE RV B 2 5] B
WHIFIHE BT . DAIREE A4 4% (DNN) A,
B A F A AL S B AR I A=, T 2 S AT 3R
ETRINZR, PR EH Z BRI 23T i
WY, 54500 ANN AEL, X0 DNN ({3 i 2
ISR Re T INAR S, (HR BE 5 2] 1 B AN T
AE ELARTIT FUAT IR 1) S FH 1A s 28
22 ZHEFEE

TREFEMN(SVME N — R BESIL, RESA
PRy 2R e R [T U ) R, P R U o, A
AR RS B E A (SVR) . iR A T2 =)
HAE NS E 2 R BRI R R N T 22
MINSHZ . BARAERRAELH SR, SVM ik
M seEl R A BTN 1 AN ARLR st B %, KR
O 2 ] R (1 AR 2 1k 5% 2R W S Ay o s ) R 2 o
R, FHE e 4 A R AR AP, ERTH
A B2 I 00 B e /N 2200 L B A\ Bt
MIYERRAT IR, AL IRIFAE | DN Edgeasia), ff
R e 1% 2 0] B 2Rt A .

SVM 5ik 75 B AR AR ] R FF IS5, (H
T RMUBE N A A R AME
2.3 RFEHT

YRSF (D)2 3 T WHIR 45 74 58 B4 J [ 4
F ) — P EE . — IR LS — MR L B
PR AN P DT AR R A 4
B, FCSR B AR Sk B AR Y s N DS,
A R AT RO AT R, W RRREE R, HA
A ESA AN A, o BIx AR AR
2R R AR AT S SRR T X%
RUBVERIAS RIS R

MBI EE:, PR EIEMPINIE R, 5T
HE, HEERAD, BHEENIEMNREZR, WS
FEAE 2 R
2.4 BEEZL

B SR (GA) & 2 = R B s AL At b Ja &
TP A — R N TR RESEDY, LR 7 H(GP)
2Ll GA ANIERE, EFXHARRE R IRNES TR
BUR BRI, RIS RNE
ZetE, EREEIGBARER K. & HTHENLE



5551 &5 8 1] KR A LA ST TN VR R L PDRH AP R T RE SR .+ 2065 -

it 2 1) P,

B4 s siiaiig)

Fig. 4 Structure of Decision Tree

[33]

1E GA I GP 5EAl AT A MR R R IA K AR
(GEP) Sy — # A ri, TEI& & SEPRSH . GEP
B TER S GA. GP ML, Hsewld g
Jo RGNS 1 20 e K R e AR IR0 A
PTEAT & RLPEVPAY, 3% 60 B PE f 5 i A A AT
BB MRS ER, BB SR kT =P,
ZEIEWAR A T AT LG i AR B SN &
e Rk, BT r R R B Bm iz AL ae
UL v O TR v s 12 B, AR Sk, SEEAE R T
FREISAT B2 00, IR B T VR B 4 RE R
e,

2.5 EREAL

£E A T S A A T R — A FE AR
M, A 7 BT 5 T VAR AT 4R
T

T Tk RV B IR ) D O B B VR P SR B
IR R — NN b — RN SR R T R A 3 i o
KIRCE, AT E S ISR, W IER 2,
B RIS 0 25 R A B AR h i 25t . B Rl
T R 4 i A T f B A A B R R
(GB)~ BB HAH LT HL(Light GBM). i FE 12
TH(XGB). [ iE B2 TH(AdB) B 2 T e 5 b
(GBDT)&:54,

T T R R B HAT B BT TR I SIS AR
SEAERE— I ZRI 8 E 8T 2 N SRR AT A, ¥
BRI GRE R P ENE N At . BN
F(RF)EZ 1 s T U TR RS, 2
N o) 2 sk —D, BENLRM S TR
ZURTM, BRSO BT SR, ARk
T BB IR AR S A AR, (A
TR AR, BENLARMAS L i 2 I Hh 45 SR e &

— BRI 2 RS R e . i 5E T R
PAE S RGO KR BRi UL, 55—yt ]
LAAER IRt (AP A, HERR = AE N

.
3 ZTHLE S B REE L A TN

3.1 mESEFEEMTN

TREE T I PTE B B E MR i B AT ANEDE
Mtabre —, R REHE & FIFEE LA 2
HEAT TN PR Z —

FURMAE T E 2k oKt KIEHE. 7
BE ok HESRE L RS LA R A A E RN,
K SVM. ANN &ty Sk gm0, sk g
B RBOHAT TN . ARE SR, EREERUN
IR, SVM b ANN FRF0i 58 wems ', 71tk
Fenli b, FET SVM IS Rl L TN AR AT LA ST,
TEIW 2 TR, B 75 SR i 284l 4R %5 7 SVM 1i&E A
TEE), 58ChE 44 ANN HLEL, SVM 8 T
B, ZSIRE AN RS . JARERD . BHEER
/NI, A SR i SR L SRR AR AR IR
7AW NEIE RS, G RGE A, S
Rtz iz, it SVM B & S 30R 8/ 11
. MEEHEESAEENE N, WA ESWMALE
PIAELE S R TN 4%, 1T Be B AL VAR
S, ANN 5627 2] B 7 S o () B 4 BN (1) 2 (iR 22 048
HFERIHR T SVM S B, Kt ANN 7E 248
E. KFEAREMEN FRIMEN. oh, 2T ANN
SV TR FE 2 ST B L v I 5 AR P 42 Y 4% (CNIN) B 7
BAABERMPUTIRE ST, RN AEAE 50 B0 1 2
RN, TR B B TR AR

FRigEe AR 4 FhEEARA SN, 7B E R
FIFE2 ST RSB . SIS AL A8 2 > B 7R 1
DA ELEIHIE, KRB 9%~ 13%FE KN 35%~40%
KR B = JC RS e R 1 R T EE s iE MR
s wERFERRKIATS R, WA LS 10%
TR B AR RIS B /K YR i — etk 2190, HHspLek
WL 2 )R eV B S i W) 6 kRS, [
BT e S TR B, SR A T AL AT
BEEHERT, Bs58 T HBHNNERE. vYBE
BRI AR ToTE AR AR A N, (H 0] DL R
B FF far NABE TR, SEBLG A [RRE SH AU R 9 45
ERFE K5 B R TR BT RS B E P
TR, g S RGBT VEFREE T e BE B %
VRIS N ISR, T AL 8 25 =) T e 7Y



« 2066 CRER 3h 4R ) J Chin Ceram Soc, 2023, 51(8): 2062-2073 2023 4E
VR L EZ N, F A B/ 3R SCRE IR EAL(LSSVM) Al Ay

5 AR SIB R, T T R AR
L R 5% b R R B FUs MR R . RS
ANSHUE /D H 3 BONTRE LB LA S50,
AT DA FH 2 1 s 2 e ] U g 2 s st e 11 8 T
TR, L op R o RO (R T R P e v, R
1T 0.99M7, FilFH £ ek ik [ A (MLR) B X 942 41
SO0 HHE HEAT 2 o) R LA T YRR o
JifE, EHEFRPEE . T OB ERMRELS RS
T, MSEIRENKT 7%, FEARSLI T
TR PUEUE 71535 PR RS IR At B, JE PR st A%
FRI(MGGP)FI £ 7t B & B 7] HFE 25 (MARS) 2 Fif
WEE T T @b K A B M R T 7 AR
I HS ANN A1 SVM B35 10 000 o4 iy 14 08 1) [) 45
K,

g N ok 22 AT REAS TR T TR Y 1 T A
i, @I RF B3R 12 N A 5 A0
RevR B LS B T R R A B 1 S 5

K SR W 1) 38 A 90 (NSGA TI) M) R P 4 1ol B v
LSSVM-NSGA Il #3.8&E 73 MR BIEE A,
THIAS BEzE = T ANN B84, RMSE F#IK T 15.18%.
TIMEIE SRR, a8 F B A E TS E N,
YRR E LT AT T, FEPTE B T IE
R T 30.71%MERE -, BB T 1.84%%,

FE 5 IR e LA L BT T TR KRR FE A
TRTHE AL, R THLE 5 2] 1R E LA L
WA RS, LT E 2N A kb
i, {1 NSGA 11 %Y RF #H RF-NSGA I
B8 BV AR T DASE VR R I A LR AR Ak . 40 3 A
ATV BR BN UG 5 AR R SRS B e
BHERMPUE RS, B ZERIRE T A RIEE S
TBIE R KT 3.2x107" m¥/s 15 0 T AH X 3
PR T 85% MM A iR EEE i &t istit, Hszie
B S5 A TR A 2 BT BT s £ TR
HHC G b AN AR R R AN SR 1 oo

x1 BREMALRITRRIULIER

Table 1 Concrete proportioning design and optimization index

Water- Mix proportion/(kg-m™)

) w(Compound o
binder . . Optimization objective Ref.
" Cement Fly ash Slag Fine aggregate Coarse aggregate  superplasticizer)/%
ratio
0.30 420 72 670 1081 0.92 Chloride ion permeability coefficient; [50]
relative dynamic elastic modulus; cost
0.40 357.64 62.46 816.00 1115.27 4.95 Chloride ion permeability coefficient; [51]

relative dynamic elastic modulus; cost

W is mass fraction.
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Table 2 Summary of recent research on durability prediction based on machine learning
Durability . Statistical ~Dataset
. Algorithm Input Output . Training/% Validation/% Testing/% Ref.
index Index size
Anti-chloride SVM; ELM; C3A; w/b ratio; cement; Chloride R% 127 70 30 [38]
ion KNN; GB; fly ash; GGBFS; silica diffusion RMSE;
penetration Light GBM; fume; aggregate; water; coefficient MAE;
XGB; RF; specific surface MAPE
AdB
LSSVM-NSGA Water-binder ratio; cement; Chloride ion Rz; 100 80 20 [50]
1I fly ash; slag; fine aggregate; permeability RMSE
coarse aggregate; compound coefficient;
superplasticizer relative dynamic
elastic modulus
Carbonation GBRT Weighted density; water Carbonation R%; 713 70 30 [63]
resistance absorption of gravel; water depth RMSE;
absorption of RCA; blast MAE
furnace slag; metakaolin; fly
ash; cement; silica fume;
water; w/b ratio; sand;
gravel; exposure time;
recycled aggregate;
superplasticizer; compressive
strength; CO, concentretion;
SVM-PSO; Cover binder; fly ash; time of Carbonation Rz; 50 80 20 [65]
SVM-GWO; exposure; relative humidity; depth MSE;
SVM-SOA; CO, concentration; w/b ratio MAE;
SVM-CSO VAF
Frost ANN; GPR; Water; cement; sand; gravel; Durability Rz; 142 80 20 [68]
resistance MARS RCA; fly ash; RCA replacement factor RMSE;
ratio; water absorption; RCA MAPE
treatment method;
air-entraining type
Resistance to ANN; SVM; Cement; water; volume Durability Rz; 143 80 20 [74]
sulfate attack DT, GPR; replacement ratio of RA; RA factor RMSE;
XGB; RF; water absorption; initial MAPE
GB; AdB compressive strength before
sulfate attack; type of cation;
solution concentration;
maturity under a wet state;
maturity under a dry state;
number of cycles
Resistance to RF; KNN; Cement; limestone powder; Corrosion Rz; 80 85 15 [76]
corrosion of ANN; SVM water; coarse aggregate; fine potential RMSE

reinforcement

aggregate; exposure time
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