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Abstract

Ultra-high performance concrete (UHPC) is widely used in high-rise buildings, bridges, and other
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structures due to its excellent mechanical properties and durability. Compressive strength is a key
indicator for evaluating its mechanical performance, and understanding its patterns and accurately
predicting compressive strength are crucial for UHPC research. However, traditional methods for
predicting compressive strength often suffer from complexity, large computational demands, and a
lack of adaptability. In contrast, BP neural networks can learn from large amounts of experimental
data and autonomously adjust the network weights, thereby optimizing prediction accuracy. This
paper proposes a novel method for predicting the compressive strength of UHPC based on a BP neu-
ral network. By collecting experimental data from different mix proportions, a neural network
structure consisting of an input layer (10 nodes), two hidden layers (12 nodes in the first layer and
24 nodes in the second layer), and an output layer (1 node) was designed. The results indicate that
the BP neural network can effectively capture the nonlinear characteristics of UHPC and achieve
high prediction accuracy. The study demonstrates that this method provides an effective solution
for the rapid prediction of UHPC compressive strength and offers theoretical support for its mix
design and engineering applications.
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TR A AR TR B i AR, RS 2 5T At b s 2R EE N M. KB HE
IR R, RS IS T E TR s -3 2 2 & P BE R %t 1 (High-Performance Concrete, HPC). iR
%k 1 (Lightweight concrete, LWC) LA S = M BE 7R %% 1+ (Ultra-High Performance Concrete, UHPC)%% % 4~ 2 5]
[1]-[3]c FHt, UHPC PAFAR R (1 /7 2 Ve RE AN APEAE =y SRR 5. Mt KPS 245 1) S5 0tel Jog B HH K 1Y)
ST /7. UHPC 3 B AL 150 MPa BTSSR, [N R0 35 I PE AN GT R E . IR SR A 28
THREAE S & LL B, SFEGEANT MBSk SRR BN E DL AL B R RS . BB UHPC
NS S AR e, RE L I 2 B RS T 75 SRk da ) .

TR AP SR B VA H 2 R R A B AR AR [4], BLESC R BN BT & B 50 L2 .
A G52 P 8 P52 FR0IN 7 V208 AR T vk e A R BUEAR AL [5]-[7]. XL R R E B, HAESEPr TR T
EE R R RYER]. — U7, R HERA R FERHK, MLUENE A TRENFNR: H—Hm, St
J7EEE R NS S L ARG G s AR It 0 R, R AE 78 70 B iR R e LY ERE I E AR
LRMEAFAE, TUHETEW RZMB SRR LR UHPC F, XFRREIARE . Hit, @v)&E—
PR A 25 42 52 A% 52 e R 22 50 3R 1 Tl 77 %

AR, BE N TR SRR, HETHLEE 5 ) MIEE LTRSS 2] 7T 2 M A9] [10].
PR D 2 DR 5 KPR E 2 ME BT RE 70 R 0 B2 S R, O UHPC B He s FE (R P S 64t 1 4 (R e 1R 7
%o MAEG L, MM L EeNS B 2 W FIBLEE i 22 SIRFIERE I, A 308G 2 Rl m PR 22 (an sk Je
KEH=E. TYBEER. BERE. FYP RS, BERADNREE SRS, WAL, MEMKITTH
TR AR B AR, Tl I 2R 858 B A A A, BERSAIS 16k N TR AOm, AT R
B RGRZ AR 3N A T e
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BT B W R, ARG GUTER UHPC P o B N U K i Ut g, s 1 — Rl - 22 (2% 1
TR . A FAREIF B A T E WAL 181 HAFB AR LR UHPC 58K, 257 7 DUKIE. FEAK.
IR K AL HESE S HON I AL B, UHPC §THs 5 B % B AR B B e o A2 SRR b, 8L I 2R A0
BAIE, BT T2 R S R I HE (0 22, A A AR A S R T T R . WS B ER R AL -
VAE UHPC 5 2 T b (R S g, SR e 1R e U0 10 & e AL A0 B4k

AHTFEAN UHPC Pt 55 5 PRk PSR it 7op Bk, RIS oy bRl it SRR sae 174k
PaSCRFAI B At o

2. BUREEME
2.1. BUREEREME

Xt Bt i 5 DA b v DA A B SCHR AR ot DABA DR AIT U850 e 1 — BSCMEA G A

1) SEEG b IR e L o FE R IR Y A RO EE 20+ 2°C L AHXHREE 90%. 28 KIS A M 37 75 #4471
SRIE .

2) W BRI B ROZ B A T URRAAE . APRERR: R &L ke 4 A DT .

3) SCHRH RS SRR A L oK L b, IEM B S B R & BB R4 F
FESCRRH UL -

MR LA i debnitE, WCRIFES TIDHERE A ANEA I 181 IANFS SORHEC EL R B - o 5 16
W, HESL T HUEE . BRI TR KR TR R KL R SROROKGR dEE R ANER
#e. LHKE mIPAEME 10 NS EAENRFEE .

2.2. BIEEESHSIHE
N1 E A TSI AR, ASONEHE AT 7 S8, RS IR 1.

Table 1. Characteristics of database parameter data distribution

= 1. BRESHEIED HHHE

ZH ION] /ME M TE i
Kie/kg.m™ 1251.2 325.3 754.9 788.5 173.6
K /kg.m™3 433.7 0 186 200 109.1
IR kg m™ 356 0 33.8 0 76.2
K/kg.m™ 272.6 144 187.8 178 26.6
FYR/kg.m™ 397 0 37.1 0 92.8
R AK ) kg.m 57 5.1 314 30.2 14.7
418k kg.m™ 1502.8 407.8 1045.4 1049 215.1
WY /kg.m™ 234 0 82.1 78 81.3
F K Hikg.m™ 1058.2 0 26.5 0 116.3
EE i /kg.m™ 375 0 40 0 95.8
YL HEE/MPa 220.5 88.6 143 139.6 29.6

I, 24T 7 NS ECN UHPC $iE st A e tE, DL MERERNE &M, WK 1 iR, &
T 5 B 5 e K45 B A e M K(0.65) 0 55— THT, i NS 8] I A S 5% 2R B i KA AN d5e/ME
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Figure 1. Heat map of feature correlation coefficients
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Figure 2. BP neural network schematic
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FaE B2 T R ESHR VMM AW VERER A, 2 Yo TS 14 Be 11 B 5
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10,

3) i E
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Figure 3. The number of neurons in the first hidden layer affects the effect of the model
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Figure 4. Neural network topology
4. MEWEIRINER

3.3. HEMEEEIIZ

MEHE S B LA I 90%E R AE AU ZREE FH TR I 2R, AR 10%E 884 F 0 A S 15 A i3k 4772 H
PERTES .

B AR 10 MHEEE AR, JRE LR R AR, HIIGESL S N hh, & LHITE
XNZR, WEERHAT ISR, LR G LR AR XA A YR AE BHa g AT+ T, I
ZARE

WA S H, IR . PLES T HR % 25 (Root Mean Square Error, RMSE). “F-¥) 4%} % % (Mean
Absolute Error, MAE). i€ &% (Coefficient of Determination, R2)/E At A A il - Fa b, Hit-5 07 A0
REE WA 2.

Table 2. Statistical indicators of model prediction results

= 2. REFUMEERGIHERR

B4 AR X
iR LS (-n) R 5 P 20
n iz
PRI R 3 n-pl B S 2 I 45
Z(yi - pl-)
PR E z LR MR SR S R L )
Z(yi - )7)

i=1

3.4. HMEMERILER
M2 5 B (7 iR 22 (RMSE) PR ZZ(MAE). UE RERY TR, WK 3.
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Table 3. Model prediction accuracy
= 3. REFUNEE

ZH IS M
BT RZE 5.777 10.407
SR ITR % 3.383 7.692
HRE REL 0.959 0.915
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Figure 5. Prediction results of UHPC compressive strength of neural network model

[E 5. #MZMKIER UHPC HEREFTNLER

4. g

BT BP #HE ML, $EH T R i BE VR E L (UHPC) P 8 5 1 T 7 v, B s R«

1) UHPC FIHT RS8R E 52K TR IR FIAN AR 4S5 IR . AR SCRETHI) BP #HE /4%, mI LA
Bl S ik UHPC BE A BRI 55 5 RS20 0% 2R

2) BP #1Z 48 B AL TN )35 7 R AV GREE R O 5,777, TEDIRREEH 4 10.407; “FIy4axti Z /e
ZE N 3.383, TEMNRE TN 7.692; Yo REAENZEHILH] 0.959, TEMALEHILF] 0.915. 7 I BP
PR P 28 AR LE T UHPC P 58 P 7 TR B B s e e . BN IR ZE A TR S iz Ak Be /g, #CmT LA
&5 B BP M4 N 25 5 AR MERA TN UHPC B PR .

3) £T BP MM A T LLIE S UHPC BT RE T, @it — B 0iTk, arseml A
A R4 T REA AN [RIC & B[R] UHPC 1 RE I SRR 35 B ML 5 SO LA L e, BERS A R0k 58
HFEFFERIIN ST WHIRI 1, $REERCE.
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