55 54 55 8 R i % R Vol. 54, No.8

2026 4 8 /] JOURNAL OF THE CHINESE CERAMIC SOCIETY August, 2026

http://jecsoc.cbpt.cnki.net DOI: 10.14062/j.is3n.0454-5648.20260046

YEE{E 5 5130 3D FTENTREE LR RB I 5 1A

RAE %, R, S FRR 1 AR

(1. FINKZEEARGEBTREYEE, 7&K @Y 518060; 2. | RATER LA TR AT E ASLE, 7K HIIl 518060;
3. RIS R SRR E SR =, 7&K E I 518060;
4, FI TR G SR Eiad e E SR =, R FY 518060)

# E: 3D EH AR A SERA #ESCR I  R A G T  H B, R 7E S AU A T RS RS . SR, EH
ARIEGEFAT M BT SRR AT G Pk, 32 BARBUATRE AR 2 ae U ER T, DURFTE L 2S5k & feth
FEEEA RS, Ak, ATAERRH —Fhal & E B SR ISR A EEANELL, DUSEIUm = B AR RHE§EY 3D 4T BTS00
Fedit. ZAEZE T ST T B T35 S 7 FE(Physical Information Equation, PIE) 3 28 PE GETIMIAAY,  FE7 F %458 5 PIE
FRBT M IBFT R AR, BE4E BAriieE. BRI SO E RSB S, STOUFTENE E R R AR . A TAESR H
FIB S EOR T Tk, MR Z e RIEERAE T 2H T E, BERA T LESHMMAMER ST EHEME. X ek 3D
FIEREE T MR B S T2 e MRt T R SE I ES AR 5 VA, SHESNZ R ARTE @R LA R IR S B BUK
KA 3D HTEMREE L MUASE ) WEE R TR, BLAIRES; HEISHit : e

FESES: TUS28  SHIRERD: A XEHES. 0454-5648(2026)08-2579-23 Ly
™ 4% AR AT i8] :  2026-07-09

BEERN CHRRE, 3D STEEAREANERE 2, B4 THEARS AR, ERTERT, AL
HERARMESAR Z —, fEEZHIESERI T REEOR, HRRRRH D SIHLAR5% > (Machine Learning,
A (R P B 5o IR SR S B SO AL DL ML), EAE R KR IZ 8 S AR BN RE T, N
B bk e ORS00 T A Gl . b ) A A R T B AR . AR VR A R
3D FTEIHRAEEFAUKAT R, EREKIEIRTE  Firh, ML BOR OB 2 B TRORHE RE TN 5 R
Jl TR WM EHR S, JFReRE AR T2 S, REBRAERA Y. TZ5MERENE
PASEELIE i Y, AN E M i a. ZRG, AMRMR IR EOE SR B K s 20 i
EAUHT R B, SR, REWHIER, 2 W, B OR A it SRR BP AR 4
ARAE - FUAT W IR HE T B S AT T Wl — A% SEBIL 07 0 e Mk e VRS e U MA 4 1 v s U
ORI B EPRIE TR R 2 AR RESUIRR T — SR A B A E S DL
R PR A o SR SR VR R ARG I AR SR AR XGBoost HESL, BOAMER M TN 1k e 1k e
Mt APESE Z ik RE, MOX LB AR FEA . IREE LM 2 TR (& RHL R >0.95), HERT
B R, MEH T 3D fTENARHE TR HAERC S LR 4000 B (K R PV o g A e 2
NE Gk Hik, BUA 3D TEN L EMEREMACTT  BEXHLEI RS LR 2, a2 Fh et ML 5%
AT STENR SRR R 2R MNPt TG AT R, /G 7T SR 1 T AR
H, HEEMIAE S A A SRR EA (R RmiE 0.98). MU, ML EHESNRELA R

WA E H: 2026-01-25. BT H#H: 2026-03—-11, Received date: 2026-01-25.  Revised date: 2026-03—11.
HEWH: BRARB¥ELSE—XBAGH KBRS ELSERTH First author: GENG Songyuan (1997-), female, Doctoral candidate.
(U25A6016); IR ZERITE AT L5 H (JCYJI2024 E-mail: gengsongyuan2022@email.szu.edu.cn
0813143004006); | R4 “HRe3 it R BHEEIHTENA Correspondent author: LONG Wujian (1977-), male, Ph.D., Professor.
(2023TX07G066). E-mail: longwj@szu.edu.cn

B BKIAR(1997—), &, R,
WBEEE: RRE(1977—), B, i, #HR.



.+ 2580 - CREFR Eh22 4D

J Chin Ceram Soc, 2026, 54(8): 2579-2601

2026 4F

¥y &% (o AIC A A0 J7 T 4 A Sk 3% o Shahrokhishahraki
26ONE I ML BRI AL 7oK JR &, o SEIl aT Rk 4k
TRBE L A BRI L T 4% . Peng 2517
k2, R TIRA ML 5% HEsUAL FI R B8 13
THHEZE, BeTh i EARAL T 15 AR i R B 1) ) 4
Ae BRHRIS OAS

1E 3D T EpYR#E X — B ARSIk, ML 75k
FEREILH R 4F piE % . 35 B Fe S TR ML
R AE TN AT EQ A4 RL B AS M Re 5 AT 4T B . ol
Geng 25U ¥ YRl T 3 T BE HL A% Ak (Random
Forest, RF)5 % 118 A B e HESE, BT [RI B H 3D
FTENVR B A AR AS M A AN AT FT B, AR A R I H
S TRIKS B2 (R? A 0.84~0.99). 5% )7 212 45
& B A 5 5 4R B 2] (Ensemble Learning,
EL), % 1 mks i, DUARAGTR Bt 3T BN
GRE, AT ZSHORERMA 7E. RN
BT, Geng PRI T — A HAZ S RH
KREVRREZ H AR RACHESE, SCBL 1 723 2 P 4T Ep %
R i FE BRI [F ), i 2 PR AT B VR A L 1 AR
(44%~57%) 5 BRAEL(19%~22%) . N T #HE—H 3T+
PR (] RV S A BEVE, Geng 2RI
o2 7 ¥ B {5 B J7 #2 (Physical Information
Equation, PIE)-5 ML 1 [E] 9K 2 ) X AR HESE, SEE
TATEIZH S MR AR 8 1 R Re VLT, 358 1
TEHI AT SE . At Zafar SPhEN 4R ML
5855I, A T & 2 M as nga) i a] #7 Bl K Je s
ORI AR TEBE o Zhao S5V K 1 3 TR 25
(Deep Learning, DL)I¥ H 8l 7311 5248, H T &1k 3D
FTER B L O B e, 57 T TS 2
RE [T . Schossler 25U RS LA T 2 b
AR, IR 2 B AR AR KP4 3D 4T Ep
REVIRITERE . A S MBI .

JRE ML HRAE 3D 4T ER & LA 5T R LS 1
IR R, A AR SRR SR B R T AT AR AE [ A
JAMR . E4e, ML BRI M BE E RO T K & = i
= IR EE , I AE S s TR ih A A3 HE L7 40 3%
o ok, SRRz e @ s AR, 48 H
TSR R B 78 25 FE T OLE R 2R AN, HL A
MrTEEME AT RE R 3 NP BbAl, ML EEZE BN

CHAR”, PR R S B = T I ) B AR

XAE— B LGS 7 HAESEbs TR B 48 24
@', 52k, HET UM EE A ER PIE
DI e T W 48 7~ A B[R] () N AEA B OB, He i B
AT 3% B U, ARG, B (¥ PIE J5 V70 A HE

FEARZME . Z R EME R RGN, HF H
e THRRCERARTT S AR B Yk A R A AE SR PR
BRI, FYEE B S8R s T kRS, A
PIE 55 ML B 2 1l A, [ A B ML B4 5
PIE AbBE A i /R BE 77, AT SCILOLEA H AN,
F LR Sl L v P S I Ak B 7 R A AR O A T
TERZODANEE T, R T — BB -4
TREIRANHELE, B 7E M UL LA RS P 9T B2 4L
ACHERR « ARSI 2 PpAS [ () il & S B ( “PIE
IR ML” 5 “PIE 8¢ ML” ), 237528 1% 3D
FT B VR %k 1 9 A8 M R 5 BF IR AT % T4 (Extrusion
Screw Speed, ES)HHERMTM, JFHES 3T Hix
ME(Q)s "WiME X ~F (Printing Nozzle Diameter, PN)
54TE1)Z 5 (Printing Layer Height, PH)H$] E[J i &
(Printing Speed, PS)IH5 72, LM AHRM T
ARG RTT R o %ITIEAE T T 52 T+ 0 A
5, B E N SR AR 1) R AR S B — B

AT ERELLTNE: H%, KM “PIE
KA ML [RE JEng, B3 mmR A T BTy
FEAE RATH KA 51 N & R 22 M 4% (Convolutional
Neural Networks, CNN) 45 2% B8 204, #a HH 43E
2 B2 ] ) CNN flt & #% & (Physics-Informed
Convolutional Neural Networks, PICNN), T ;#f
TR & - RS, ik, BT “PIE HEK
ML” 5%B&, ZRa PRI, BERIE.
TS RIVWEITRE, JF45 & PICNN L il
WS MAE 24, @5 BS Jeiesidn e, #tmex
H RF FE )R amkg B BS TR A s, &
T O. PN 5 PH & XS4, BHILH#ESH PS it
SOTRE, IR DAL T S48 50 W L SR T, A
ACFT B R . SRae a5 SRR, IR & K37k
WA SEHD UL EC A R E M 54T EN S 4, A& RIFH T
FERLFH ATAT P o A AR @ I P B AL B 5 000 2 Re 1Y)
RIERLE, A 3D FTEIRE - Re T 5 T 20
AFRAL a2, X HES) 124 R A E S A ) <
TR S AT R R i B B AR o
1 AR T ER
1.1 #HHEFIEXESEM

ML 7E N N TR R AZ LUk, it EIL RS
H& N T B 325 S IO I RE ) AR D AE T
W FVE AT RO, 29 AR SRR, SRR
BEAT P B R . fEA% ML 4332, DL 5 EL
K& B LBImA2) 2 MAH. DL #EdRZE s



254 55 8

TKRAUR 5. Wp3RAE B 5151 3D 4T BNVREE 8 BE BT 751k .+ 2581 -

WA 2% 255 1) S35 20 08 1) v 2 R AR R 5 5
21, ATAR N ML e AL 3 5 AT A8t IR0 A 2% B A
i, JGHIE T 7 R AT i 2 v 2 1t LS RS F 3
Sto EL W@ M) @ IR 456 2 > B 5 o 3 (RIAMA AR
BRI TR B 1 e S A e, HAZ.O0 B4
T BT, R AR m NIRRT
TS 15 592 Ak e S

FEARTAES, &t 2 FfAS [a] i S B Rk -5 S g
syl 7 DL 5 EL W ARSI . iR
EIEER S M SR N, ERTHSRR R XT T 2
Fes AR B MRS, RS TRAR G R BTARAR
#(Root Mean Square Error, RMSE)VL & Il ki [A]
5, X “PIE R ML” HIEh& g, OB
TR R BRI AV EE L) O, IX R AR HL 2%
5 R [ SR AR 2% ) B8 77 A0 R % 1 4 2% pR HUE S
I, ARTAEXTEE T CNN. fEH#H 48 X 2% (Recurrent
Neural Networks, RNN)AIK 57 #1c 12 ¥ 4 (Long
Short-Term Memory, LSTM) 3 it L. 5 8 s K AL B
(1) DL A5 7, SE46 45 R B, CNN 78 JiE IR B /) (Yield
Stress, YS)A1 %814 %l & (Plastic Viscosity, PV)Fiil{L:
SIS T A BE . FLEDREE B R 4
LE] 0.96 F1 095, RMSE 4%l 198.92 Pa Al
0.37 Pas, T RNN (R=0.91. 0.89; RMSE=
312.45Pa. 0.58 Pa-s)ll LSTM(RZZO.93\ 0.91;
RMSE=278.33 Pa. 0.49 Pa-s). It4h, CNN 7Eill %k
i) B A%, 2909 RNN [ 60%. LSTM FJ
70%, I E SRR B, AR TG
CNN 1ERiZ 3RS T BIARRF

P “PIE HEE ML” HRE& Sng, HAZ O
BTN BT RE b g S 56 A I 2R AT HHs Bk B
T, 37 SO B B & R PRI 05 e ) EEOREL
5o PRI, AR TAEXTEE 7 RF SCHF A) 5 [7] 5 (Support
Vector Regression, SVR) fl £ & #& F+ ¥ 36 W
(Gradient Boosting Decision Tree, GBDT) 3 fi B H
BRI E & BL . S5 EIR, RF 1E
ES TS5 sh R ILBON 5 MHREE R* 4 0.97,
RMSE K 2.39 t/s, 2T SVR (R*=0.89, RMSE=
5.12 t/s)f1 GBDT (R*=0.93, RMSE=3.78 1/s). [,
RF fEYIZR ] 5BRASE M7 I R R 4F, R
RN TAEE M. Bk, ATA/EGEE RFAEN
RIS T AREH .
111 R F I 55 CNN & —Ff
LA AT AP RS S5 R Hl (iR FR B
B DL B, $78 CNN ZE/ i@ S B S

BRIk = DUSOR I () A T R . 24
ZE, RN SR A NSl BT 3G
FREAE, DHREUS AL, FHRH S35 2
OB SR, RANGSE. i)E
DRI AR) T 38 ik o R AT PR AT R SRR, TEAR B B
FRHERIEIRS, P R A BAR 4E R, B R A )
R IR R AR . AR R AL T I 2%
AR, AT RG FI D A J2 B2 EER 23 A7 ZXRRAE Bl S5 21 A
L PIFEARPRZE ], PASE R R H B 73 2R 4F 55 . CNN
() 3= EALAAE T Hoom K B B RFE S 2T e T, ot
JRBIH N TRHE TS [FIR, HREERE . BUE 3
ERZRACEE R, AR B S 4 . SR
it B a2,

112 BENUARMEE SEMEE IV RF 52—
P L) BL 5%, i i E oK & R SR ISR Rk
o e O I WS U S i e VT SRS S v
H P SE) R P2 T AU BE . RF KA Bootstrap
Aggregating (Bagging)Fi AR, MJEIHINZREE AT
AR I BEALHARE, RN AR RIIZ T4, IF
TERA T ESLUZR—BRERE, DA 5] AFEA
BENLIE . oAl FERERRO SR 1) S 2 R
RF ZPENLER —MEEF&, AN Z &S
A AE D RS 7 25, M — 2 51N T RHIE
BEMLME . 31X 2 FhEEHLENLEI L FAE R, AROK L 58
T Z R, AT RUBRAR AR T 22,
7 A B v 4 F i i 26 I 5 oK B B g G e g N
LI (032 A e,

1.2 HEBSEMI R

12,1 REESEE L5 R A (SR A
ERRYIZRIT A AT Te e , haEd I I ZR5 115
FIMSH, BATERERE TERRE. BRES
OV RE, iR AMERR R REE, LaES B
TNE PR . T3S R BAE R,

HRZ N R . vl @, A TARRH
B R AR 0 2 E (AT B Bk &R
AR R, DU B Re A e SOME RE VS 48 45 S AR
MHEZSHAEG . SHEHK(24, 25], A T/EM
5E | CNN 5 RF 181 fr 75 A0 0 B 8 2 0 S -
HRJEH, Wk 1R,

1.2.2 fiAk B br ek Er 5 EEZH A Sk
e, TE DT EAR H iR ECk T SR
J7 Ao MRACEIE AT 55 R il 15 4R, FHRAEZ E
br R B e MURTE S HAH S . ST RMSE et
EOULH R o e e iiiE 5 1 SE 2 1A ) 22, B



. 2582 CREFR Eh22 4D

J Chin Ceram Soc, 2026, 54(8): 2579-2601

2026 4F

HENE R EE 2 T, ATFE#E
RMSE 1E il Z 5 AL i B A e 8, Ht 54 200
A(D)e

n 2
,':1(ti _p[)

RMSE = 2 (1)
n

K 6 N | DFERIIESAE: pr ARSI
PRI ;s n AFEA S50,

1.2.3  HZHOARAR S 2 kv N i Z AL
I AR B b 2 TR T AR R A I A b R DL 2%
125 B AR IR B i IR AR EL . PEREU S R Fa e T
& I () BT B BT IR R BIOE BT 0 M e
BB . 255525 BT e 23619 20 % v sk
BRIOE, A TAER R IE ARSI E N 3000 X,
TE RS HAR AT FE & 1461

1.2.4 TR mp o 4b 25 0 8 e 2 0k Rk
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Beetle Optimizer, DBO) 3 & Ge L A0 535 114 e
I TS5 R AE QU T T, PSO 5 DBO
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%1 CNN 5 RF EEBSHEXSRETEE
Table 1 The definition and range of hyperparameters of CNN and RF

Model Hyperparameters Definition Range
CNN Kernel size Filter size in each convolutional layer [3x3, 5x5]
Stride Stride of the convolutional kernel [1-2]
Num channels Number of output channels in the convolutional layer [16-512]
Pooling kernel size Window size used for downsampling in the pooling layer [2%x2, 3%3]
Pooling stride Stride of the pooling kernel [1-2]

Learning rate

Step size for updating weights in each iteration of the network

[0.001-0.010]

RF Max depth Maximum depth of DTs 1-20
Min samples split Minimum number of samples for the split 2-10
Min samples leaf Minimum number of samples at the leaf node 1-10

Max DT Ensemble’s largest number of DT representations 1-1000

Max features

Number of features considered during the selection of the best splitting

0.4-1.0
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ML BRI ZRR%C, TN REAE T 5 A2 0
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PRAEBRRE 719 0T [RIE4E%%, RMSE R R 451
B M B (A A T ) X K AR 22 B R T
FITER R R B . R, AR TAENHEHE CNN A
1571 2K BRI Lpaa 7€ X9 RMSE.
142 HRAPEAE BT R R G R s B0
A% CNN AR B X8 AR 255 1) T A 5
W, FREIENE CAT R, AR AR IR AR
17 K] PIE VE AL AR 240 25 2R 2 o AR 45 3L
BR[28], WREE LA ZSHEN A L AL T
[R@FRG) LT R .
o(YS)=327.99+2.71x[m(S) / m(B)] -
194.03x[m(W)/ m(B)] -
145.99x[m(FA) / m(OPC)] +
419.18x[m(SF)/ m(OPC)]+287.42xm(F)  (4)
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N(PV) =7.89+1.74x[m(S)/ m(B)]—

3.70x[m(W)/ m(B)]+

3.96x[m(FA)/ m(OPC)]—

0.49X[m(SF)/ m(OPC)]+2.73xm(F)  (5)
Kt o(YS)NJE IR 71 (Pa); n(PV) %8 M 3
(Pa-s); m(S)~ m(B). m(W). m(FA). m(OPC). m(SF).
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(kg)o
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I RN FLAE Jy 4 0F 3 BE 9 1 BT, T R AR N
ARG N2 72 . BRI &, @ L) E
FRBUERI Lo, T CNN B FM 1 i
BTG PIE iHMRESHZ M ER.

Input
parameters

‘ Cement content |

Silica fume content

- W
OMHCOH
Y/ AMRA
Aua A

N R~
AORONY
GAGA

)
Am Am =

PICNN H5 B (1) 5044 453 25 8RB Lroran W R £ 451 2%
T Lpaa T FRAR I Lprg I0BR AR B[ (6)~
A(8)]-

Lo =W X Ly, + Wy X Ly (6)
LData = RMSECNN (7)
Ly = |FPIE - FCNN| (8)

S wy Aoy 23 SN PR IR R R E R, TR
R o 2 v o 88 2 H0 A S50 B A E
RMSEcnn A CNN FE R34 77 A% 22 5 Foan N CNN
PR IR AR S HUCIAE s Fpie N PIE MR S 30t
SAE o XA THEAS AR R B 05 75 AN [R] BR A4 RHA &R
AT — S S BRI AR R AR S 2R A
SO, ARG R T R R s 2 AR A
# 5 PIE 1775 2 S i, 5880 ] e i A 48 A 2 7 200
UK B 43 3 O I, AT SR THZ AL BE 7T
PICNN fiti & B B 433 2% pR 302 IR AR a0 1 1 s o

CNN
-

Output
performance

&

W7
X

1
ol
ol

Yield stress

Plastic viscosity

[
N

4

o (YS)=327.99+2.71x [m(S) / m(B)] ~194.03 % [m(W) / m(B)] ~ 145.99 x [m(FA)/m(OPC)] +

2
Y I
~ ‘ Sand content ‘ WA N,' o
2 8| 85 N0
ks 3
= £
g
S
S Weight 1 m
E < l‘ LData
%
(]
—
o Physical information equation as a constraint
=
b
o
= 419.18 x[m(SF) / m(OPC)] +287.42 x m(F)
n(PV)=7.89+1.74 x [m(S) / m(B)] - 3.70 x [m(W) / m(B)] +3.96 x [m(FA)/m(OPC)]| -
=
~ 0.49x [m(SF) / m(OPC)] +2.73 x m(F)

|

Note: m(S), m(B), m(W), m(FA), m(OPC), m(SF), and m(F) represent the mass (in kg) of sand(S), binder(B), water(W), fly ash(FA), ordinary portland
cement(OPC), silica fume(SF), and PVA fiber(F), respectively. o(YS) denotes the yield stress (Pa), and #(PV) denotes the plastic viscosity (Pa‘s). The terms
m(S)/m(B), m(W)/m(B), m(FA)/m(OPC), and m(SF)/m(OPC) represent the corresponding mass ratios.

B 1
Fig. 1

B4k, iR PIE MM A S E N & 410y i &
AR 207 SRR BRI AL 22 B o 32 £ SE B

PICNN fi & AL 451 5K bR B2 IR RS
Process of modifying the loss function for the PICNN fusion model

TRENL R AR B A A S AL E e A FLA%
Ho FEMEER, I HICHR28]1C 58 IE 1% )7 24
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Rheological performance prediction

Data preparation

Input data

I

Data preprocessing

!

Initialize CNN model
i

Adjust CNN layer structure
1

Update weights and biases

Il
Build PICNN model

I

‘ Train PICNN model ‘

!

‘ Model evaluation and validation l

[

Z AT o 31X 2 AN R BUAS B m o
HBS . N ARSER BE AR S0 K 3l 5 ) #4402 ]
R EN AP 55, AR TAENG wy B wy IS E
I TERE, P 1.2 FHTR K DBO HiExt
HAT R &,
1.5 #E-HE RS RIS RIERESR

A TAE TR H 13- B TR A KB T BV S 5
CHEZE, HRARRAR I 2 Fis. iZHE2L R G P f
AN T EHEHE S RS SR A LAY (PICNN) R
FFTENSEU(ES. PRI T 5 1H 5 1 it F

Extrusion screw speed prediction

Determine input parameter values:

1. Calculate parameters p(CD), PD, and 7 based on
physical equations

2. Set parameters Q, D, and L as required

3. Run PICNN model code to generate parameters
a(YS) and n(PV)

Determine output parameter value-ES:

4
PDxL3j +bX[PDxL3

o ) o
ES= x p(CD)x O
nxD’ X(U(PV)X(%}«;—(YS)J

|

Printing speed calculation

PS calculation and verification

S
PN x PH

Note: p(CD) represents concrete density, PD denotes the pressure difference, 7 is the torque, Q refers to the concrete output volume rate, D is the nozzle

diameter, L represents the distance between ports, o(YS) is the yield stress, #(PV) is the plastic viscosity, ES denotes the extrusion screw angular velocity, and

PS represents the printing speed.

K2 AL AERER
Fig. 2 The general flow chart of this study
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. AEH(TA) &&=, FRAI(ESA) & . KA

(SP)y& . W HEMNF &5, ZAHEES TR 1
SR VR Bt LI AR AT I S R oy 5 ) B 1
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Be, SATAERAITENZEM BismE R E. %3
BRHYS B 7 v E R F h A A A (1 E
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YS MRSV T AFRA.. 7955
BE AMINFR A K 25 4 45 856 sh 24 e RS A7 1) 8 3 5
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R FEBARTE VMR, MR IR BBk B 73 1

FEA S 6 [F]— STk A A Bl FE AR LA b AT
FELAHE, FFRAEREZR S EE, BB L
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FERE RN ZRFT R BT i NFFAEEAT Z-score FRifEAL
Aab P (R ek 25 0 AHJ Bk ARRHE22), {4 4R AIE AR XY
fH 0. bRAEZEN 1 50, T4 Z &= (YS. PV)
MR FF IR UG s LARI T 45 R RE . & LRk, &
& YS B FEAE 274 AASEIE, PV HdEER
284 HAMEAE, HAARHMETE WK 2 A1 3.
UbAh, A TAERAK) DL Al EL Sk B ot i 1
R E R, RERETE I ZRad R B AN ) B
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Table 2 The statistical indicators of the YS database

Indicators oput Output
m(OPC)/kg m(SF)/kg m(FA)/kg m(S)/kg m(TA)/kg m(ESA)/kg m(SP)/kg m(W)/kg m(F)/kg o(YS)/Pa

M 284.62 20.50 10.20 400.50 0.80 1.50 25.30 220.50 0.50 600.50
SD 216.59 38.20 24.50 300.20 1.20 2.10 70.50 80.30 1.80 800.20
Min 20.00 0.00 0.00 0.00 0.00 0.00 0.00 20.00 0.00 11.00
25% 100.00 0.00 0.00 100.00 0.00 0.00 0.00 220.00 0.00 120.00
50% 100.00 0.00 0.00 500.00 0.00 0.00 0.00 220.00 0.00 450.00
75% 500.00 30.00 0.00 750.00 0.60 3.30 0.30 330.00 0.00 800.00
Max 1000.00 295.08 200.00 1926.00 7.50 8.00 500.00 392.10 9.10 4940.00
C 274.00 274.00 274.00 274.00 274.00 274.00 274.00 274.00 274.00 274.00

Note: M refers to mean; SD refers to standard deviation; Min refers to minimum; 25%, 50%, and 75% refer to the corresponding percentiles; Max refers to

maximum; C refers to count.

=3 PV HUBESITER
Table 3 The statistical indicators of the PV database

Input Output
Indicators
m(OPC)kg  m(SF)kg  m(FA)kg  m(S)kg  m(TA)kg  m(ESA)kg m(SP) kg  m(W)kg  m(F)kg n(PV)/(Pa-s)
M 285.37 20.61 10.21 399.87 0.80 1.49 2522 220.51 0.50 19.95
SD 215.82 38.08 24.42 299.75 1.19 2.09 70.39 80.25 1.79 14.89
Min 20.00 0.00 0.00 0.00 0.00 0.00 0.00 18.00 0.00 0.55
25% 100.00 0.00 0.00 100.00 0.00 0.00 0.00 220.00 0.00 5.00
50% 100.00 0.00 0.00 500.00 0.00 0.00 0.00 220.00 0.00 10.00
75% 470.00 30.00 0.00 750.00 0.60 3.30 0.30 330.00 0.00 20.00
Max 1000.00 295.08 200.00 1926.00 5.00 8.00 500.00 392.10 9.10 93.25
C 284.00 284.00 284.00 284.00 284.00 284.00 284.00 284.00 284.00 284.00

12 bR B Rl b, RN IR TSR IE 2 8] )
PN TE SCIBC B F0) i ) AR S RE MR, AR AR 3 il 0t
YS Hdfs FEA PV OEHE FEHEAT T RORIEAH G R HL
(Pearson correlation coefficient, 1t r)73#71, 152
RIHE 5% 2 B0 B 4 P 3 (Y'S s ) AR 3b (PV %
WEEYITR . e RAos 1. 1) REM RS 5

MASHA PE. 76 YS Bl Ed, SF 5 YS &
PR IEA 22(=0.82), SP 5 YS th & 145 4
F(r=0.59), FH SF A1 SP % YS BA B A
o SF IR A RIORL I 78 R0RE F0 KLU A 3% 1 w3 i
WARNE 75 11 SP {EE BB E N st o BuK e i
Wi, BT ] Be VRSO 22 3 H K T RS e & Y'S (7q
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G BB A L. EEERERZE, FA 5 YS Hor5 PV KRZ 25K, Hd OPC 5 PV 1y HitH
EHAASL=-0.09), FJHES FA MERIEFRIE K ok(=—-0.48), X & K NTENK AL & L s H
SRR BEEEA G, 15 PV Bl e, & Bt pt okl W, OPC M hnfkka & K &M R in(OPC 5

1.0
0.8
0.6

0.2

Pearson correlation coefficient matrix (all variables)

Variables

0.31 B

0.0
0 031 @Il 0.21 0.23

OPC SF FA S TA ESA P
Variables

(a) YS database

Pearson correlation coefficient matrix (all variables)

: .43 . 037 0.14 0.15
1.0
SF - 0.41 W 020 023 0.19 031 ..I
.. 0.8

Variables
es]
w2
>
S
o
(o]
=
(3]

0.20 027.007 —0.4

OPC SF FA S TA ESA SP w
Variables
(b) PV database

Note: OPC refers to ordinary portland cement, SF refers to silica fume, FA refers to fly ash, S refers to sand, TA refers to thixotropic agent, ESA refers to early
strength agent, SP refers to superplasticizer, W refers to water, F refers to fiber, YS refers to yield stress, and PV refers to plastic viscosity.

B3 YS HI PV Hilis B AR AR S kR
Fig. 3 Correlation matrices of features in YS and PV databases
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W % R EEk 0.97), MR R T RARE .
)W 5RABSH ALK R W YS (=0.23)
PV (r=-047EIUH AR F M. W5 YS [
59 IEAOCE LR E , (A5 B ERFE i, W 5
OPC & IEA 2 (r=0.96), i B 7E£dE K IR B
FAFEE, OPC KK W tHAH NI I, /K8 4
SR ] REHE AR UK RS, S8 W 5 YS
BEHIEMH. T W 5 PV BB A5 &4
BLRAR A KIS A AR AR, PV FEIK. 3) SP
H5RAESHMEME. SP 5 YS 2P & IEH Sk
(=0.59), H5 PV JL-FEK(=0.005). iX 7] e H
N SP ) F AR & BUK IR BRL, BRE YS, {H
Bt & LbH OPC %, SP IR0 HIUR N 7T BE A /K e 7K
AR P3G SR RN TR, S 30 YS AT 1 PV
X SP e LU EE g B A, 52 RO 2 TC RN 2L 45
HEFEFW . 4) TA SRAESHMMHEIE. TA 5 YS
EER AR G=-0.15), 5 PV HEFHHFAAMHx
(r=—0.19). 1] REf 5L R 2 50 dh e b TA 5 FHoAh 26 53
(tn'S, TA 5 STE YS i FE h AH G RN 0.71)F%
ERZHAEH . 5) F SRS F5 YS
I MER 59 (=0.03), 5 PV 259/ IEM 22 (=0.07).
AR NI S BB IR AR I BE R, 3275 PV,
{RAEG S e F i A, BRI b o) o WAL A8 4 RE )
S AR . 6) RRAER LR T, &
B ONRHIE Z AN AR R BT R 2T 0.8, &
BN A7AE P 5 1) 22 B R 2B M ), & A 1E N ML AR
RN AB A E B B S A A FE: OPC 5 W (=
0.96~0.97), [t 7 K L7E & 1F R i Fa e v OPC
5 S (=0.68~0.71), FH OPC 5 S i@ [0 %
DLAERRID 32 10 TAEM:; TA 5 S(=0.71~0.77), AR
5 TA H 55 B RE A G . XN f5 48
PIE HIRI R (i 1 £ s B o

A, RV A TAEEEE FE R T 2S5 AR
P, X BT YSCEE STk A SR FH PR e B A R 22 1l 73 1R AT
T gt 55 . FERE B HE OPCLFA #1 SF.
S HR[29-411% OPC FIH Y04 R E Bl K BN -
C3S 45%~60%(ii -4, TIA), CoS 15%~30%,
C3A 5%~12%; FA £ N F 5k C 2%, HAE(RE
FHOE 2%~8%[f]; SF [ SiO, & & i = T
85%. IXLERPRMEEVEIRIEE T 3D FTERVREE LA AR
LB R A R A, SR B AR R B A R 4 AR
F vk, BB ST PIE 5 ML Bl &8 8 1)1 25 5 56 30F .
22 YBYRMERHMES TN

T 142 AR EHESE, £xF YS M

PV [T, XHEG KR EAT T A X T
YS FHM, AR K BRI Lysrorr HH AU IR B 452 2%
T Lyspata FPVEAE BRI Lyspre B &, F Ak
2 (9)~RA D TR,

Lysrotal = Wys1 X Lyspaa T Wyso X Lyspr ©)
Lygpaa = RMSE ygeny (10)
Lygpr = |FYSPIE — Fysenn | (11)

3 RMSEyseny A T T YS 7 CNN B
YT MR R 2 (Pa)s Fysenn N CNN B YS Tl E
(Pa); Fyspie A PIE ) YS 1H5AEH(Pa); BLE R
wys1 M wyso NTEENZEL, R4 2.3 7 182 H0H
s J, HEE N 0.5,

[FEE, XfF PV ORI, A5 Ok e e O
(12)~3%(14).

Livroas = Wovi X Lpypaa T Weva X Lpypir (12)
Lovpan = RMSEPVCNN (13)
Lyypre = |F pveie — £ PVCNN| (14)

HA1: RMSEpyenn AT HUI PV ) CNN 7 (1)
B 75 R% 7% (Pas); Fpvenn /9 CNN FRLE) PV TN
fE(Pas); Fpypie A PIE 1) PV 5 {f(Pa's); E
FE wevi A wevy ATEENSEL, R 2.3 THE
ZHORIEE TS wevi 1wy 70 I E N 0.4 F10.6.
2.3 EEBSENEMR KT

EHESHARALEFEF, DBO kIR AN
WEN 100, AT GE R BL R E 2 505
)N 5. B 4 E/R T PICNN B8 35I7E YS 5 PV
W ESHERAERS . B 4a FIE 4 H
YS TS R . B AR E I I, RMSE
Fre I, JEEZE 1080 R T RaE, £
AR SRS, AR Ak 2228 3000 YRI%ARET, RMSE
2[5 % 93.96 Pa. (HFER NS, BATEES 638 IKi%
fRJ5 RMSE B LR FR7EBAK K ¥, 7RI T DBO
FE RS m A I RE T . YS TN R
[¥) PICNN # 8 g (£ S 53k 4 o K 4c A
Bl 4d Bor T PV AL B, s 5
YS FARAL . ZAERAES 723 WOER G AR
8%, % RMSE N 0.25 Pa's. [EFEH, DBO 7£
ZAT S5 A RIS AR AL R . PV T
REBSHMI LT 4.

7E PICNN BB IR CE AR A FE H,  H AR 3L
s N /METIA4E E Y RMSE . 3@ i 5 4 28 457 2%
T 5 500 453 S T B R (wi~ w)@I N DBO
VAR B [ 4 2R 2 (B CBUE Y8 L 0.1~0.9), FIELER
10 W 28 25 AL B S A0 TR N B Sh IR RAE A, 4
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IR ABIRARNE &, AR WS  RERE IR TAERE RPN E L RMSE
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1250 T
| 1
1000 F Rapid :
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(§ s00 L Singe [ convergence
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|
2= ﬁ RMSE = 93.96 Pa after 3000 iterations
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(a) Evolution of RMSE across training iteration stages in YS prediction
O T — e
: D R
L — = S
el i io;v;; error | Convergence point: 1080 iterations
< -
& 500 - after 638 |
2 s iterations t
2 750 / .
/ Rapid Near t Stable
1000 | decrease convergence | convergence
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1250 : I L . I 1 I L
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(b) Analysis of model convergence point and early iteration error in YS prediction
0.5 T
. |
Rapid |
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5 04+
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S o3l stage | convergence
Mo ! stage RMSE = 0.25 Pa-s after 3000 iterations
I
I
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(c) Evolution of RMSE across training iteration stages in PV prediction
0.2 T
I
1 e L e e e R e = e = o
z 03+ o /L/o;ve’r;rror : Convergence point: 723 iterations
£ z
= 4 after 396 |
2 I iterations |
E 0.4 | Rapid Near : Stable
decrease  convergerice G
stage stage | Siage
0.5 1 T | 1 1 1 1
—250 250 750 1250 1750 72750 2750 3750

(d) Analysis of model convergence point and early iteration error in PV prediction
Note: RMSE refers to root mean square error, which evaluates the accuracy of the prediction model by measuring the square root of the average squared

difference between the predicted and actual values.

4 PICNN BUEZ A %R 7
Fig. 4 Tterative process of hyperparameter tuning for the PICNN model

A )E, B4 E IR A (YS Fl EH R 2 A P fENEE RMSE IABIH/N. X—45
wys1=0.5, wys:=0.5; PV Fl: wpy1=0.4, wpys=0.6) BRI, S IR EMYETIELART, Ll
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Table 4 Optimal hyperparameters for the PICNN model

Prediction target

Hyperparameter

YS PV
Kernel size 3x3 3x3
Stride 1 1
Num channels 65 27
Pooling kernel size 2x2 2x2
Pooling stride 1 1
Learning rate 0.001 0.001
Weight CNN 0.5 0.4
Weight PIE 0.5 0.6

24 IR PRKEREETRES

PICNN BRI AS B GIRES 2%
2 A E 5 B )i it Adam B AL 2$E VI ki L
FREEEEHT, DA/IME SRS R A XN S5
5 S € X AERPLH] R R 77 2 EAEAE B R
Z, BARXTHmE 5 frm. AR TR UIZR A A
(Epoch)i& # 4 3000 %&, DABAORBLAL 78 73 2 o

5 7R T PICNN BERUFE I ZREE E40 Kk R 4K
AR fE . XFF YS TS (B Sa), HATEH
AL B =1(661.31 Pa). FEYIZRATH(HT 500 Epochs),
P AR T TH T B, 2 WA 2 T 7 PR 4 e s Hh 1
FEAREE . B 5 (500~3000 Epochs), 14k T F&ita T
g, FRARAELE 69.75 Pa, B R ETE T AL
FRFIFIATRE AN RS . PV TR AL (& Sb) I ZRBL H
TR R R . HAIMGIK N 0.47 Pass, Bl
FEINGHIAT, RFFLEIGIEIC, AR 0.16
Pas. BRI AR P 26~ TR, BT
BRI E R Rt S RIE LA BRI, g fae kS
5/ € ST E

3R 5 PICNN RERNFSH S BSHI
Table 5 Differences between internal parameters and hyperparameters of the PICNN model

Comparison item

Internal parameters

Hyperparameters

Definition

Scope of influence

Tuning principle

Tuning method

Internal learnable parameters of the model. They are learned from
the training data and used to represent the features and patterns
of the data

They directly influence the model’s output and are core
components of the model. Adjusting internal parameters directly

alters the model’s predictive capability

During the training process, dynamic tuning is conducted through
optimization algorithms to minimize the loss function. In each
iteration, internal parameters are updated based on the gradient
of the loss function to gradually optimize the model’s
performance

Optimization typically involves minimizing the loss function,

often achieved through the use of backpropagation algorithms to

Settings parameters during the model establishment and
training process. They are not learned from the training data
but are manually specified before training begins

They influence the model’s establishment and training process
but do not directly affect the model’s output. The selection of
hyperparameters impacts the model’s structure, learning
process, and performance

They are fixed parameters set before training and then remain
unchanged or periodically adjusted during the training process

to optimize model performance

To determine the optimal solution, different combinations of

hyperparameters are experimented with and evaluated.

compute gradients and update parameters

Techniques such as crossvalidation, grid search, or

metaheuristic search can be employed for this purpose

2.5 PICNN #2270 4 5E X bb 38 iF

2.5.1  Hai¥dR IRz CNN AL X L 6 Al
Bl 7 %5 B 7 PICNN 5 3 v CNN A5 24 7 9| G A A
WA EIHLEI. 76 YS FiiH (& 6), PICNN #
RTEYISREE RS L 13850 5h 192.66 Pa
1 198.92 Pa, HJEFEMT CNN AN M 1)
237.66 Pa 1 307.80Pa. &1 @~ iIH 2k Z1H
(PICNN #12—CNN 45 2R)FE M £ 4 A,

EZREE EWARZH O HE, XKY] PICNN
BT VR 75 B0 P 5 38 =22 AL g 71 07 T A T 4l 3L
YEOKBN A CNN 8L, 78 PV Ful (B 7), RIEEW
%3 PICNN BRI 45 R H AL T CNN B,

PICNN 7E Il ZR 82 A4 b ()P 3 45 2% 43 il
0.32 Pa-s f110.37 Pa-s, 1] CNN #7443 54 0.50 Pa's
F10.77 Pa-s. SRR ZE B LLAE RN E. Bid
SR — R, SN B IR T TR
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5 PV BN _E 35 o6t be iR 22 40 A . T LU H,
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PIE MIHURAEI T8k . IRZEDAHER, HE

(1 22 5 317 3 R FF 7E B AR K (YS MR R 1 35 266 %
WwZEN 6225 Pa, PV AP LN IRZEN
0.11 Pa-s). AEMX—FE, #—PHH 7 PICNN
55 PIE Wiild5i 2 2 [8] /) RMSE #1 MAPE, 455 L
£ 6 5K 7. ARG T BAREE, FlnYsS
TR MAPE N 6.17%, PV MIiREER MAPE N
2.70%. XEEE R E EIEH, PICNN BB /E R EFHL
e TOUINAS FBE 1R IR B, JFCH tH P b 01 1 2 ) RN
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K5 PICNN REAY 4 2K bR #0542
Fig. 5 Loss function evolution for the PICNN model
NI \ . CD)=m(CM)/V(CV)
N A ST ] 5 % 40 2k o(
3 AT M AR TN AT B S AU e m(CM) = m(OPC) 4 m(SAC) + m(SF) +
ﬁl] TJC m(FA) +m(S)+ m(TA) +
m(ESA) +m(SP) + m(W)+ m(F)
3.1 E TR SRR EE FE Rt LR AT R ge T V(CV)=m(OPC)/ p(OPC) + 15)
3.1 YIRS EUE ER SRR Ak m(SAC) / p(SAC)+m(SF)/ p(SF) +
LN BS PRSI, A TAERA “PIE £ ML” m(FA)/ p(FA)+m(S)/ p(S) +
WG, HAEME T 1AM 274 HEERED ES s m(TA)/ p(TA)+m(ESA)/ p(ESA) +
e HFIIZE RF BEALE 8 AN\ S 80U HR A T7 m(SP)/ p(SP)+m(W)/ p(W) +
Bk 8 Fin. H, RELEE[p(CD)]. il m(F)/ p(F)
1T 72 (PD) AT 75 HHLAE (T)3X 3 D R A S 2 ifs D= (CD)X(IX( ) XL] (16)
SRR AR B R (15)~R(17). - g\ e
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(a) Scatter comparison of loss on YS training set
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(b) Scatter comparison of loss on Y'S test set
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800 - | 198.92Pa
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(d) Boxplot comparison of loss on YS test set
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ot
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(f) Violin comparison of loss on Y test set

[ Training set
[ Test set

(g) Error distribution on YS training and test sets

Note: Training set is the data used to fit the model parameters during training, while the test set is the independent data used to evaluate the model’s performance; The

blue curve shows the error distribution (actual vs. predicted) on the training set, reflecting how well the model fits the seen data; The orange curve shows the

error distribution on the test set, representing the model’s predictive performance on new, unseen data; The horizontal axis represents the range of error values

(in Pa). By comparing the two curves—especially their relative positions and the gap between them—we can assess the model’s generalization ability.

K6 PICNN 5 CNN BIBFE YS Hdi e b 45 S be S i 2 43 Aii
Fig. 6 Comparison of loss and error distribution between PICNN and CNN models on YS dataset



. 2592 . CREFR Eh22 4D

J Chin Ceram Soc, 2026, 54(8): 2579-2601

2026 4F

Loss/(Pas)

PICNN
Models

(a) Scatter comparison of loss on PV training set

3 PICNN loss average |,
i : 0.32Pas
& 2r CNN loss average
T\‘ﬁ/ 0.50 Pa-s
St N
ot
PICNN CNN
Models

(c) Boxplot comparison of loss on PV training set

Loss/(Pa-s)

Pt

Models

(e) Violin comparison of loss on PV training set

E : &
=1 o8 iy 0
R 30 B H
0 oRRB & ©
PICNN CNN
Models
(b) Scatter comparison of loss on PV test set
3 | PICNN loss average
= 0.37 Pa's
‘:"‘j 2r CNN loss average
7\(2/ 0.77 Pa's
- é a
= /
PICNN CNN
Models

(d) Boxplot comparison of loss on PV test set

D

PICNN

Loss/(1

CNN
Models

(f) Violin comparison of loss on PV test set

Count distribution
o N (=)
L) S (=}

33
(=]
T

(=]

—-0.6 -0.3

I Training set
I Test set

0.0 0.3 0.6
Error/(Pa-s)

(g) Error distribution on PV training and test sets

K7 PICNN 5 CNN #BUFE PV B bt g be R 2 43 Afi
Fig. 7 Comparison of loss and error distribution between PICNN and CNN models on PV dataset
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{PDxﬁj4 (PDXEJZ
ax +bx
T T
ES=
n*x D’ X(PVX(§)+YSJ
p(CD)xQ’ (18)

X O B DA IR SRR B (m/s); D 3T
ENEE B2 (m); YS 5 PV 20 5 N H1 28 3 715 PICNN

ES, JUARHE SCHR[42]52
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Tz SEAT JUAATC B o b T AN 7] B 4T B R AT
JURMTSHCREE . BRETH A . KARLESS), BN
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% 6 PICNN 5 PIE 7 YS Fiill L0 E S
Table 6 Differences between PICNN model and PIE for

predicting YS
RMSE/Pa MAPE/%
Training Testing Training Testing
22.30 13.66 16.25 6.17

%7 PICNN 5 PIE £ PV il LRI ER
Table 7 Differences between PICNN model and PIE for

predicting PV
RMSE/(Pa-s) MAPE/%
Training Testing Training Testing
0.21 0.17 4.26 2.70

%8 ES filll RF REMN I HSHIER
Table 8 Information of inputs/output for the RF model used to predict ES

Parameter type Abbreviation  Definitions Unit Method type for value assignment
Input p(CD) Concrete density kg/m3 Calculated using the physical equation
PD Pressure difference generated by the concrete at the input and N/m?
output ports
T Torque required for the rotation of the extruder screw in a DC N-m
motor
(0] Volume of concrete at the output port (per unit time) m’/s Setting target values according to
requirements
D Nozzle diameter m Equipment parameter settings
L Distance between input and output ports m
o(YS) The yield stress of concrete predicted by the PICNN model Pa Obtained by running the PICNN model
proposed in section 3 code
n(PV) The plastic viscosity of concrete predicted by the PICNN model ~ Pa's
proposed in section 3
Output ES Angular velocity of the extruder screw 1/s Calculated using the physical correlation

equation'”!

Note: p(CD) represents concrete density, PD denotes the pressure difference, 7' stands for the torque of the extruder screw, O refers to the concrete output

volume rate, D is the nozzle diameter, L indicates the distance between the ports, o(YS) and 7(PV) represent the yield stress and plastic viscosity predicted by

the PICNN model, respectively, and ES denotes the angular velocity of the extruder screw.

#z9 ESHIEESKIHER
Table 9 Statistical indicators of the ES database

Input Output
Indicators
p(CD)/(kg'm™) PD/(N'm ) T/(N-m) O/(m*s™) D/m L/m YS/Pa PV/(Pas) ES/(r's™)

M 214521 4210.42 0.99 0.01 0.02 0.20 498.76 14.87 19.89
SD 99.87 199.74 0.05 0.00 0.00 0.00 799.33 14.92 19.95
Min 1690.18 3319.09 0.78 0.00 0.02 0.20 14.79 1.36 2.37
25% 2081.05 4080.42 0.96 0.01 0.02 0.20 58.64 4.96 8.00
50% 2143.78 4209.85 0.99 0.01 0.02 0.20 207.14 9.63 14.74
75% 2210.09 4340.06 1.02 0.01 0.02 0.20 600.00 19.96 24.05
Max 243930 4790.18 1.13 0.01 0.02 0.20 4412.76 81.69 117.47
C 274.00 274.00 274.00 274.00 274.00 274.00 274.00 274.00 274.00
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(a) Evolution of RMSE across training iteration stages in ES prediction
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(b) Analysis of model convergence point and early iteration error in ES prediction

K10  ES FNEERY(RF) H S RIS AL 78
Fig. 10 Iterative process of hyperparameter tuning for the RF model used in predicting ES

%10 RF REFREBSH
Table 10 The optimal hyperparameters for the RF model

Hyperparameters Prediction target (ES)
Max depth 10.0
Min samples split 6.0
Min samples leaf 8.0
Max DT 127.0
Max features 0.5

3.1.4 B MR AT L IO £ SR 5 RS B 4y bt 5
FARALJE ) RE £25Y, ES (TN 45 R an i 11 fios.
K 11a AT 110 20 5 9 2R AR 4 B e 5
SRR A BT, BT R R A TS
LR, B LR A O . AR I 2R AR A
% B R A 51AF] 0.99 F1 0.97, RMSE 4 %A
1.86 t/s 1 2.39 r/s, I EA M 70 EE.
B e #E—D R 7 R 2 1 o A 1 . UIIZR4E
MR 1)~ 2 73 70l 09 0.70 /s #1123 1/s, H.

Y K ZHORZ R T RACX E . REFEA IR ZE
BT SRNRZEN 1711 1/s), [BEERD,
AR EAANERE . %45 R K, P RF A5
TURERE A i 3k BES S\ S0 [0 & J A2t ¢
R, BARIFMEEE SR,
32 ETRETEMITENERENHEITESZH)

Cogh

£ 3.1 T, ATAREE “PIE ik ML” 3%
W& , 3T A4 B AL J& M (PICNN B T 1K) YSPV)
5 PIB(E R (ASFI 2. HME M T
ES (530508 22, IR RF HESLOL T ES &
REFETIM . KT, ES AUEHH KRG Az G2
K, fESEBRATENRERE R, IO T U IR 5 — A
T.EZH(PS), LIATRET H BIA Bl e A B DT
HH B JUATTR . RI, PS AT A A 4 H- %
PV A IR BN AE B2 ) o 23 AT, RSB “ AR
JEPETN . B SERA . FTENRERE AR " S B4
KRR L) R — .
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(a) Comparison of predicted results for training set (b) Comparison of predicted results for test set
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g
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0 .

(c) Error distributions of training and test sets
Note: Density refers to the color scale, which indicates the local density of data points. Darker colors represent a higher concentration of overlapping
observations in the scatter plot; Training set is the data used to fit the model parameters during training, while the test set is the independent data used to
evaluate the model’s performance; The green curve shows the error distribution (actual vs. predicted) on the training set, reflecting how well the model fits the
seen data; The yellow curve shows the error distribution on the test set, representing the model’s predictive performance on new, unseen data; The horizontal

axis represents the range of error values (in 1/s). By comparing the two curves—especially their relative positions and the gap between them—we can assess

the model’s generalization ability.

K11
Fig. 11
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ps=— 2 (19)
cross-section
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FTER & LB 78 F B fai A 20 2(20)]

ps=— 92 (20)

PNxPH

A PN $RFTEDMIME B 42 (m); PH fR& 21047
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PR, RRET A RLE DTRRUS B 98 BE 55 T PN,

ES TN 1 e A

Performance evaluation of the ES prediction model
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(1) kA, TR AR AT IR AE0E, AT B HEA
b TE BT B

B BIR AR, BRG] NTEAREEF4b, 16w LA
T AT ERNAMBIE: 1) ETRE-VIR#E
HOE A, 872 FEMA ) Ak AR M AR B T RS AT
IR, ZhASMEIE PS; 2) {EfH R4+ 5]
N PR, 38 3 SR W I 4% e L ARD R ST 1 4T
BRI s . X VA EE— PRI S
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FTEI 5
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BHRABRF DI 2 0 Wk, "R S EFH;
R JIA BB BHHER & O /N, IATREH I
Wrez sl Z S AR Kk, £ TRENMHT, Om
WEA S HH 3.1 ik ES TR 4 A TE
B4 & PICNN BT 1 9 A% 2 Bl AT 3h A5
B ORI T AR AR B AR 0 P ER—E VR DK B
HEZE i - B 2 [ R N PEBR R S P R

A AR N - H s 18 & K3 5 VE VI iR
%, FEIGUFAER WA AN, BB R B S5
FHEREmE R, FHCRARQO)EAT IR . Ak
AT 45 G AR RS S L, ST B E Y PS 1
HAY
322 ZHRLHL N AT NS HR A S 61t 5T

NN BRI TR S bR S , HEE—0
B PS 5 Q. PN. PH Z I FRIK R, AT/EH
E T RANE 3D TENREELHE WK 0. PN Al
PH BUEA A, RIFRQ0)IHHE T AN PS H, 4
RHITFER 11 XEERG) LRI BT R S5
FCERMETEWSE. fila, 4 0 B/hi PN B
PH Bk, FAH R FEAK PS LABRARES b A1 L e 1%
TR K2, M 0 BOKH PN B/hE,
M54 PS LA G b el HEFH

gi b, Al PS iFE RN S 5 ZH%
HE, S8R T AR A & 14 T (PICNN)-ES TRl
(RF)-PS 1M H AR . ZAHEANEEIL T V)

HENLER 5 A KB PR Rl 5, o 3D 9T BV
T T ESHE R R T RGN ITT %

F 11 Q. PN. PH EAREERIEH PS ITHE
Table 11 Commonly set values for @, PN, and PH and the
corresponding PS value

Target value Calculated value

Ol(m*s™) PN/m PH/m PS/(ms™)
0.000 02 0.01 0.010 0.200
0.000 02 0.01 0.015 0.130
0.000 02 0.01 0.020 0.100
0.000 02 0.02 0.010 0.100
0.000 02 0.02 0.015 0.067
0.000 02 0.02 0.020 0.050
0.000 02 0.03 0.010 0.067
0.000 02 0.03 0.015 0.044
0.000 02 0.03 0.020 0.033
0.000 03 0.01 0.010 0.300
0.000 03 0.01 0.015 0.200
0.000 03 0.01 0.020 0.150
0.000 03 0.02 0.010 0.150
0.000 03 0.02 0.015 0.100
0.000 03 0.02 0.020 0.075
0.000 03 0.03 0.010 0.100
0.000 03 0.03 0.015 0.067
0.000 03 0.03 0.020 0.050
0.000 04 0.01 0.010 0.400
0.000 04 0.01 0.015 0.270
0.000 04 0.01 0.020 0.200
0.000 04 0.02 0.010 0.200
0.000 04 0.02 0.015 0.130
0.000 04 0.02 0.020 0.100
0.000 04 0.03 0.010 0.130
0.000 04 0.03 0.015 0.089
0.000 04 0.03 0.020 0.067

4 b
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He . BRSO R s, 5 a3 sk 30 1)
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PV T 35 3R 0 H A 55 R A B A e IRz A e
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Extended Abstract

Introduction 3D printing technology offers a significant potential in the construction sector via enhancing build efficiency and
enabling greater design freedom. However, its widespread adoption faces challenges related to the multi-objective optimization of
concrete performance and the lack of intelligent decision-making for printing parameters. To address these issues, this paper was to
propose a hybrid modeling framework that could integrate physics—informed and data-driven approaches for the intelligent design of
3D printing parameters tailored to target material properties. The framework first developed a rheological performance prediction
model based on the physical information equation (PIE). This model, combined with the PIE, was then used to construct an extrusion
screw speed (ES) database. The framework could enable accurate determination of the printing speed (PS) via incorporating key
parameters such as the target concrete flow rate (Q), printing nozzle diameter (PN), and printing layer height (PH). The proposed
intelligent parameter design method could provide a quantitative tool for the collaborative control of multiple concrete properties,
significantly enhancing the efficiency and reliability of process parameter optimization. This study could offer a theoretical foundation
and methodological support for improving the build quality and process stability of 3D printing concrete, thus facilitating the
technology’s application and adoption in construction engineering.

Methods A hybrid physics-data driven framework was developed for printing parameter optimization. This involved two distinct
fusion strategies:

1. Physics-Informed Rheological Prediction (“PIE embedded in ML”): A Physics—Informed Convolutional Neural Network
(PICNN) was constructed to predict rheological parameters (i.e., Yield Stress—YS, and Plastic Viscosity—PV). Physical equations
describing the relationship between mix proportions and rheology were embedded as soft constraints into the CNN’s loss function.
The Dung Beetle Optimizer (DBO) was used for hyperparameter tuning, including the weights balancing data-driven loss and
physics-informed loss.

2. Physics-Serialized Extrusion Speed Prediction (“PIE serialized with ML”): An ES prior database was built via coupling
multiple physical equations (i.e., density, Bernoulli, torque) with the predicted rheological parameters from the PICNN model. A
Random Forest (RF) model, optimized using DBO, was then trained on this database to predict ES intelligently based on material
properties and equipment conditions.

Based on the principle of mass conservation, an explicit calculation equation for PS was derived as a function of O, PN, and PH.
This could complete the parameter optimization chain from material properties to process parameters.

Results and Discussion The PICNN model for predicting YS and PV demonstrates a stable convergence during training. Compared
to the pure data-driven CNN model, the PICNN achieves significantly lower losses (e.g., testing set average loss for YS: PICNN
198.92 Pa vs. CNN 307.80 Pa; for PV: PICNN 0.37 Pa‘s vs. CNN 0.77 Pa-s), confirming that physical constraints enhance predictive
accuracy and robustness. Furthermore, the predicted values from PICNN show a high consistency with the calculations from the pure
PIE (e.g., low MAPE of 6.02% for YS and 2.60% for PV on testing sets), thus proving a great adherence to physical laws.

The RF model for ES prediction, trained on the physics-generated database, achieves a high accuracy with R values of 0.99
(training set) and 0.97 (testing set), and RMSE values of 1.86 1/s (training) and 2.39 r/s (testing). The scatter plots show points closely
distributed around the fit line, and error distributions are concentrated at low levels, indicating the model’s effectiveness in learning
the complex relationships for ES prediction.

The derived equation for PS effectively establishes the quantitative relationship with Q, PN, and PH. A case study presenting
calculated PS values for various common combinations of these target parameters provides a practical reference for configuring
printing processes, demonstrating the applicability of the complete optimization framework.

Conclusions This study established a comprehensive physics-data hybrid modeling framework for optimizing 3D printing concrete
parameters, achieving a precise matching between parameters and material rheological properties.

The physics-informed rheological prediction model (PICNN) significantly improved prediction accuracy and physical
consistency for YS and PV compared to purely data-driven or purely physics-based approaches.

The physics-serialized extrusion speed prediction method, utilizing a physically-consistent database and an optimized RF model,
enabled high-precision, robust intelligent recommendation of ES based on material attributes.

The complete parameter optimization solution, integrating rheological prediction, ES prediction, and PS calculation, provided a
systematic and intelligent paradigm for 3D printing parameter design, reducing reliance on conventional trial-and-error methods.

This research could contribute to enhancing the forming quality and process stability of 3D printing concrete, facilitating the
intelligent development of construction 3D printing technology. Future work could focus on more complex multi-objective
optimization scenarios and real-time dynamic parameter control strategies.

Key words: 3D printing concrete; machine learning; physical information equation; fusion strategy; printing parameter optimization



