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.issn.0454-5648.20260104

Bl R sh AR A ) B R AR R BE i R AR A RE PTG U5 1

HER '™ BWAS 7 WY B &S K OB

(1. JTHERZE L ARER LRESEE, M 530004; 2. ) FHRZEES TR RIEK S TREZEE SR E, MT 530004; 3. | KR4
WAk TAERRER K SN SRR E TS0 s, REEH T2, | AR R5E 5230005 4. Hrsfl KNI TR, 28K
3¢ 830049; 5. Hh[E ELEE LRI BT BEA R AR, HiM 311100)

O B KEERE L EIEI R AR RSRHERE . WS ERIEE R, BAAGYEIENTER G . LRI
FEA T BRI 2, A TAEIR I T — P T o R S A S i 21 IR N VR s JR AR S BB VR BT Ui IRFER
ESRANE TR L TR, B 3R EIIE IR G LRI 4 IR FE 41 IR B Rl IR AR S e B0 iR, I
TRIR a2z R SR A M 1AL I R SR G IE S & . S0 R T S B iR AP, 5 NA R
T SRR AR AL A M BER 0 A, SRR N S 5 . FESLRERE b, MR DU B Ak S0 A 1 3 R 4R 2 ST 28
MR FEIE A AS AT SR FE B SEIREE TR pritshas BB N E MR A B R T PSR rapE, 7RIS R Sk
TRIMHERGRIE 0.92, FEALEXT “E BB 5 “HE” WEWEFHLSHRAER R 5 AR T E 91.43%F1 88.00%, EEL
T — R RAE G IR SNE . BhAt, BINED MR AR O IR IR P AR AR T e S SR A, E SR R AL il R AL O e
REMIZ 0 E BHRHE, FEAUE S N B R AR FH P S M A, T T B0n SR A B G i (R A B B o AR AR R
THIGVE T 2T i PR RN IS M AT AT, AR R T /I RE AT Tl T IR, N Ihae BLK R B0 B4 fe b it
T BT SO T8 AT s 3RO T AT S e SRR S

%ﬁﬁ:ﬁﬁiﬁﬁ;N?ﬁﬁ?m:ﬂ%%&%ﬂ;ﬂ%%kl%%;%%%ﬁ%im;ﬁ@%ﬁﬁ_'”
FEDHS: TQ745  XEAFRERE: A XEHS: 0454-5648(2026)08-2602-12 P
4% i ARETFE] . 2026-07-10

TREE LT IE RO A H L 2E i, Bk BRI IR S B R 2R o
R RERY, O T REBANEREL W75 N TR AR R I PR RIR -
P R Z @S R TR, SR, (EKEER (ERS BRI, PR REZME T FELE
REREHRE TR, MBS, & SERMEFEIM, W SO R
B AN AR IR T E S HE L HER RN SRS B Bima, B gl SRE ot
REER AN, B RG0SR 2000 BT R RS 7 D SEBLL R s A W,
FURIAR R AR AE . X PR RAAT NI R e MR 5 AL 25 P T AU 22 R A BE R 3 {5 5 s
R PYBEL T S R, BRI B HE A, ARSI R, REB AR
E A S EUREE PR BOE P GG ER T HUBMIRSD T SR A 5 K S AR AR RRAE, S E
WE R 525k, Hm RS TRsEErEE iR, M2 T, EWENEIE S
B B R A IR 1 AR D L, BRI ZUCNRRMIRAR A B E S . TR
S BRSSO R E IR NIRRT b b, Shen U ZEE RWIE 5 M g iR
PREMSREN SR %, M TFREE T2 RS SEAFRMME R, #REED i
5T TR ERA EEMPEE L. 4 2O 5 15 Ty g S B R R TR SRR T

P LA TR S EISHI L, TR EJERERSG. R, LR TYEE S B M 5

AR H . 2026-02-28. BT H#E: 2026-03-14. Received date: 2026-02-28.  Revised date: 2026-03-14.

HEWH: EXEARE L LI H (52478242); | A E KL 1 First author: ZHAO Guoxin (1999-), male, Doctoral candidate.
(R AA23073017). E-mail: guoxinzhao@st.gxu.edu.cn

EEE: BER1999—), B, LWLt Correspondent author: CHEN Zheng (1982-), male, Ph.D, Professor.

EEEE: B OIEQ9s2—), W, Ht, #i%. E-mail: chenzheng@gxu.edu.cn



254 55 8

AR S5 T n] RS AR ST IR A TR T is AR RS B BE VPG VA .+ 2603 -

M 3 52 PBRT iR BRAE A AL e R gE——H))
A2 e S WA R 22 A ST R I A b R e, sk
b, TREE L EE A F— AR R i R
AR, £ “IEERE” 5 IR ZIEHF
TR — BRI “ 1 2R itk Al . §SE
EVEHRIR TR SR, FEOVEAAAE™
H S, MECLEEIREE T IA S T B T T, S B
S e A I AL

WK, PANLES 5 2] A% O I HUR Ik 5h 77 k4%
18 HoR R S 4ERFIEAZ 3 B8 7, (8 A% I Il 52 S 4
i B A AR U R A O N T e
(Artificial Intelligence, AD)IKBEAF 7T 2 B R A T MR
WAV RE T 5% % S B0 2 MEEPYY, R
AR T, KREFE TR 7T HERERIEAmE
(Gene Expression Programming). % ¥ 6 F& $2 F+
(eXtreme Gradient Boosting, XGBoost). =il
[8] )9 (Gaussian Process Regression). % JZ B AN 25 #1248
W £ (Multilayer Perceptron Neural Network)F14% [i]
F BR B ph 42 W 4% (Radial Basis Function Neural
Network )5 424 (1 F A A 25201 Coenen 2501 %
Shen 212k — 35 1) HI 45 B 1 22 (4 2% (Convolutional
Neural Network). 5 H1ic {2 4% (Long Short-Term
Memory) 5 VR FE M 28 @37 T MPRFH 2y . BidEAE S
TASTR PRI BRGS OCTR . SRTAT, UL RHIT 2 IR 55 T
A Ee BTt B SURT BB A 5, HE DL s S Hb S
R S e o R R R A BB . R eI 4E
JE, e #a s B RS R TR A
R HEIEXN R ED 2T AL S B, HAZO
YRSRAE T MU B R T T AR AR iR . 7E
WD B MR SR R, BB D a
RGN RREIR AT T B R, (HISE 7772
M DU HH 5 A B B 2 A SO E PR A A
5, MEUUEREEW A TR . REWA Al HARH
37—k, HEF SRR ARSI AR
BRI, 90— RAZ O HER PR : 1) RIS %)
7ot 7N < P RS R I E 2 S SIRUW 93 vy Bl
WH YWY, MET CRTRERT XA
FILPES, BUSHBRIEZ RN RE ), FHAS T A
CHFIRAT (A CHFTEUE” RTTAR G 2) B
FMAT-1 51 K 2 HOERRE B, i S s Ok
WA GIRLT 3T, W SRR A 2 L St
Gy RBER (PR R SR A G Ak, S EURE ARG 7
THLH RS B 5 A Bl P 40K 3) FKS S
AR IR T G, ARSI B B /Y

PRI PRI E RE 152 PR, T kG R R AT 4R AR
RIHEGRRE “ B4R Y, = RAERAS A I AT
B, RERL 7 HAETRE LN 55,

BN FIRFEAIRIN, A TAE I (7 Dy G AL 7K e 2k
PRI BE A R SEFR TR oK, SR T — s AT R
BIAEE RS 2T 28 IR B s JE AR S B Re v
T R TTRIREE RS T A S FE LB S
LR 2 58K, BEENRZHE R E X HR
A7 5 USSR AT R . B e, KFER
P A0 AN A S v AR R I AR PR A, S SimAR B
JISEIR R, SRBCH R bRdE 2 SR 22 45 3R AE
AR AR N IR TR E S & ok, mTiE T
5] N A > BT R+ R (Synthetic Minority
Over-sampling Technique, SMOTE), ¥ [r] B 44 il
ERMRFAE 2 (8] 0 A, A6 OB T TR e I A A s 15
REIBEALN Sl s FELEIERE b, Qg 75T
DUt A Bh A B 3G B AR R & 48 o i 4 ]
A VRE A B AN [F) BE AL A S ) RE A b 1) T A5
72 5 AT B A WRAL, T T A% Ge a5 L B
PERE ERR, SEEL T X IEES . B B PUES &
ERBBI SR ARG EMRE . Ak, AR TAERIE M
Hh K b RN 1 f# B U7 % (SHapley  Additive
exPlanations, SHAP)5| ANAASPEAL FAER,  MELHE I
B A A s UAR AT T A% O R AE XS ZR IR RS W SR 1
KF)IT 4R, ik | H5 B SR AR B AL S A B —
Btk A TAEAMUAKEER RS LRkt 7 —%&
EREE . REHERAER AN RIME TR, AR
e LU /AR S B 5 mT iR AT B V& Hh
AL T IS ENSARIE S HE R T

B KBRS TR B L RS L R AR S R R
SRS . B S0EE 5 52 WU 75 T4 &
WA A RR R AEILE ERT, A TAEME T —BfE
VBN LERRAE -5 B R S B R R VP REZE .
Bl 1 AR, ZER S 4 3 Bt A I N 5 R AE T
TR HRRAE 2% 8] 2 A7 A DA R B 2 F 3E B AR s A
M 3 MO A LR BT . B, MFEsE
TRERAE R IE R I PSS, BT AR e
PRI AR P 1A R 2 A 22 T 22 55 0%
B FRFAE; IR, 51N SMOTE 5.1k E RSS2
5040, THERINAP S E R WA 55,
e N S 5T 5 2h A& B G MR R A R
W, SIS FREIE AR I RS IR



. 2604 - CREFR Eh22 4D

J Chin Ceram Soc, 2026, 54(8): 2602-2613

2026 4F

1. Data acquisition and physics

Data acquisition: Pumping pressure
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Fig. 1 Technical route of intelligent evaluation for concrete pumping state
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Fig. 2 Schematic diagram of the Zhenglong Hongshui River Bridge and segmental concrete filling in a single arch rib tube
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Installation position of pumping
pressure sensors on the inner wall
of the concrete pump pipe
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Fig. 4 Installation diagram of concrete pumping pressure monitoring equipment
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pumping process
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Table 1 Descriptive statistics of the dataset

Variable Count Mean Std. 25% 50% 75% Max
Label 691 0.307 0.627 0 0 0 2.000
X1 691 0.182 0.675 -0.2770 —0.007 0.004 0.034 4.725
X2 691 0.437 2.112 0.000 2 0.001 0.003 0.007 22.690
X3 691 0.749 1.811 0.050 0 0.160 0.220 0.450 12.710

Note: Variable: variable name (including dependent variable Label and independent variables X1, X2, X3); Count: number of observations; Mean: arithmetic

mean; Std.: standard deviation; Min: minimum value; 25%, 50%, 75%: 25th, 50th (median), and 75th percentiles; Max: maximum value.
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Table 2 Performance evaluation metrics of base models under default parameters

. Evaluation indicator Base model

Metric Label LR SVM RF XGBoost LightGBM GBDT

Precision Class 0 0.89 0.86 0.96 0.96 0.98 0.95

Class 1 0.63 0.67 0.72 0.66 0.62 0.70

Class 2 0.59 1.00 0.70 0.77 0.67 0.77

Macro avg 0.70 0.84 0.79 0.80 0.76 0.81

Recall Class 0 1.00 1.00 0.90 0.92 0.90 0.93

Class 1 0.37 0.11 0.69 0.73 0.69 0.66

Class 2 0.56 0.72 0.70 0.78 0.74 0.75

Macro avg 0.64 0.61 0.76 0.81 0.78 0.78

F1 Class 0 0.94 0.92 0.93 0.94 0.94 0.94

Class 1 0.47 0.19 0.70 0.69 0.65 0.68

Class 2 0.57 0.84 0.70 0.77 0.70 0.76

Macro avg 0.66 0.65 0.78 0.80 0.76 0.79

Accuracy 0.75 0.82 0.82 0.84 0.81 0.83
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Table 3  Hyperparameter configurations of the four
selected base models
Base model Hyperparameter Value
RF Max depth 15
Min sample leaf 1
Min sample 4
N estimators 199
XGBoost Learning rate 0.061 9
Max depth 4
N estimators 200
Subsample 1.0
LightGBM Learning rate 0.2210
Min child samples 5
N estimators 50
Num leaves 15
GBDT Learning rate 02187
Max depth 7
N estimators 56
Subsample 0.746 6

22 FEBEENERREERM X 51T
it — A T B — FE AR (1 M B R 3 I IS
TR 2%, AR TAEEER 4 MBI FE T
BEREG ), FE RIxT L T 33 5 (Soft Voting) il
5% (Hard Voting) 5 A TAESZ H 0 3h 3 B & R %

Rl SRS T BE - 3R 5 JRAR T 3 MR ik Tl
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AR S0 AR R R N A5 73 B E HOMLAD, R B A v
HIRTHE 0.92, FEILHE A IIZALTERE -

R4 Mk 4 M EEENERMBSHEE THTEER
Table 4 Performance metrics of the four selected base
models under optimal hyperparameters

Metric Evaluation indicator Base model

Label RF XGBoost LightGBM GBDT

Precision Class 0 0.96 0.96 0.97 0.96

Class 1 0.73 0.68 0.64 0.78

Class 2 0.72 0.77 0.73 0.77

Macro avg 0.8 0.8 0.78 0.84

Recall Class 0 0.91 0.92 0.92 0.95

Class 1 0.73 0.8 0.72 0.69

Class 2 0.7 0.8 0.75 0.80

Macro avg 0.78 0.84 0.80 0.81

F1 Class 0 0.93 0.94 0.94 0.96

Class 1 0.73 0.74 0.68 0.73

Class 2 0.71 0.78 0.74 0.78

Macro avg 0.79 0.82 0.79 0.82

Accuracy 0.85 0.85 0.82 0.84

RS 3 MIRERNTUNMEEEIERR
Table S Prediction performance metrics of three voting

methods
Evaluation indicator Base model
Metric Label Soft Hard Dynamic
voting voting adaptive

voting

Precision Class 0 0.98 0.98 1.00
Class 1 0.66 0.64 0.71

Class 2 0.69 0.73 0.76

Macro avg 0.78 0.78 0.82

Recall Class 0 0.93 0.93 0.93
Class 1 0.83 0.80 0.91

Class 2 0.72 0.76 0.88

Macro avg 0.83 0.83 0.91

F1 Class 0 0.95 0.95 0.96
Class 1 0.73 0.71 0.80

Class 2 0.71 0.75 0.81

Macro avg 0.80 0.80 0.86

Accuracy 0.90 0.90 0.92
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Extended Abstract

Introduction Concrete pumping technology is widely applied in major construction projects. However, under long-distance or
complex conditions, concrete transport often exhibits strongly non-steady characteristics due to the coupled factors like material
rheology and pipeline topologies. This instability easily induces abnormal resistance surges, evolving into severe blockages.
Conventional monitoring relies on post-event management or static pressure thresholds, triggering alarms only when pressure
breaches a safety limit. Essentially, concrete blockage is a progressive dynamic accumulation of rheological resistance, leaving a
critical “pressure accumulation” intermediate state. Static thresholds ignore this, causing severe pre-warning lag. Al methods show a
potential, while intelligent perception faces three challenges, i.e., the binary classification defect overlooking the transitional state, the
“majority class trap” from extreme class imbalance, and the contradiction between prediction accuracy and physical interpretability.
To address these bottlenecks, this study was to propose a novel intelligent evaluation framework for non-steady concrete transport,
deeply integrating rheological mechanisms with advanced machine learning architectures.

Method The research relied on the Zhenglong Hongshui River Bridge project, China. An embedded monitoring system with 600
Hz dynamic pressure sensors was seamlessly welded to the straight pipeline's inner wall near the pump outlet to acquire high-quality
rheological resistance signals. During feature engineering, mechanical noises from valve reversing were eliminated, retaining only
effective pressure-holding signals during main cylinder propulsion. Since deriving the exact friction coefficient via true flow velocity
is a challenge in field engineering, macroscopic proxy variables were utilized. Assuming constant propulsion speed, the slope of the
pressure curve was extracted to represent the transient growth rate of rheological friction. Standard deviation and range were
extracted to quantify slip-layer stability and flow turbulence. To address extreme class imbalance in the 691-sample dataset (78.3%
normal), the Synthetic Minority Over-sampling Technique (SMOTE) was applied to reconstruct the feature space, eliminating
training bias. Subsequently, four ensemble algorithms (i.e., RF, XGBoost, LightGBM, GBDT) optimized by the Tree-structured
Parzen Estimator (TPE) were used as base learners. Finally, a dynamic adaptive ensemble fusion architecture calculated
sample-specific dynamic weights based on prediction confidence, replacing conventional static voting mechanisms.
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Results and Discussion The extracted time-domain features effectively map the dynamic evolution of in-tube rheological
resistance. After SMOTE reconstruction and TPE optimization, the base models’ potential to capture minority class abnormal
conditions is maximized. During the comparative evaluation of the ensemble models, the study addresses the “accuracy paradox”
inherent in highly imbalanced datasets. Conventional soft voting and hard voting models achieve an overall accuracy of
approximately 0.90 simply because of the overwhelming majority class, dangerously masking high misdiagnosis rates for critical
anomalies. The overall accuracy improves to 0.92 via implementing the dynamic adaptive fusion strategy. More importantly, the
model substantially suppresses the omission rates for high-risk conditions. The recall rate for the “pressure accumulation” state
reaches 91.43%, representing a 10.3% relative improvement over the soft voting method (i.e., 82.86%). For the most hazardous
“blockage” state, the recall reaches 88.00%, outperforming the soft voting method (i.e., 76.00%) with a remarkable relative
improvement of 15.8%. Furthermore, a SHapley Additive exPlanations (SHAP) visualization framework is introduced to verify the
model's decision logic globally and locally. The global feature importance ranking confirms that the pressure curve slope is an
absolute dominant feature triggering blockage predictions, followed by range and standard deviation. The SHAP beeswarm summary
plots reveal that a sharp increase in these three features heavily biases the model toward a “blockage” decision. Conversely, smaller
feature values drive the model toward a “normal” prediction. Local waterfall plots for individual samples further detail the positive
and negative contributions of each feature to a specific prediction. This data-driven logic perfectly coincides with the physical reality
that pipeline blockages instantly cause a sharp surge in rheological friction and severe dispersion in pressure values due to slip layer
disruption. SHAP effectively explains the statistical feature attribution, and its strong alignment with engineering experience proves
the model's physical rationality. Verifying strict causality requires a further extensive field validation across multiple complex
scenarios.

Conclusions Time-domain physical features validated the ability to characterize in-tube non-steady transport. The slope, standard
deviation, and range extracted from high-frequency pressure sequences could serve as effective macroscopic proxies for concrete
fluid resistance and slip-layer stability. The combination of SMOTE feature space reconstruction and TPE Bayesian hyperparameter
tuning effectively overcome the small-sample fault warning dilemma under extreme class imbalance, eliminating training bias toward
majority classes. The dynamic adaptive ensemble architecture demonstrated a core advantage in suppressing high-risk omission rates.
It leveraged a minor overall precision increment to drastically reduce crucial fault omission risks via tolerating a minimal sacrifice in
majority class accuracy, delivering an ample forward-intervention window. The SHAP attribution analysis achieved a white-box
deconstruction of the ensemble decision logic. The alignment between the algorithm’s reliance on slope surged and the true physical
laws of rheological friction endowed the model with clear physical rationality, laying a solid theoretical foundation for the
trustworthy application of Al technologies in intelligent civil engineering construction.

Keywords concrete pumping; time-series feature space; dynamic ensemble learning; interpretable artificial intelligence;
imbalanced data reconstruction; non-steady transport state



