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Prediction of Compressive Strength of Concrete

using Probabilistic Neural Networks
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ABSTRACT

The compressive strength of concrete is a criterion to produce concrete. However, the
tests on the compressive strength are complicated and time-consuming. More importantly,
it 1s too late to make improvement even if the test result does not satisfy the required
strength, since the test is usually performed at the 28th day after the placement of
concrete at the construction site. Therefore, strength prediction before the placement of
concrete is highly desirable. This study presents the probabilistic technique for predicting
the compressive strength of concrete on the basis of concrete mix proportions. The
estimation of the strength is based on the probabilistic neural network, and show that the
present methods are very efficient and reasonable in predicting the compressive strength

of concrete probabilistically.
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Ngo 71z, FIYE Zxe] Uit Aoz AMgET. dutHoes FIHE AY AAe o
$ Exstn, Be Aze] 285W, A¥eAE X ot HEo] 8BY 4FA= AP &
FEE BT A 8Y Fol dAHEZ, W 2835 E NEA e AYERE & A
T 371 §& 28T 4, Agdo] oz A7t ¥ WM, FTAYEE HAS7] Hd 24,
Wiy, AR R S5 T EFY @ 23& 1Y TAYE AFAE 54T HEH
2 B%3 dF3e Aol wj¢ FL3d.

HEAAEE od AAZL od 26 &=AE WEse EH A (Classifier)o] i1 g 1).
B33 F A o) FHHYE(Training patterns)dl A & gd ¢uFos 2¥3} Ho,
old g sl disl, FHL2EFH] AE Aszn, 2 A} £ SH2E AR

FHE 2R3 PHS 2EHZ 8 BEFd JoAM 71di ) H(Expected risk)& #4383t
T ot o]y WY Folt "Bayesian EXH ] U1, o] P g FH2E Tt
EAlo AL 4+ AHMood & Grayhill, 1962).

97t SdHE At BT st 04 B2 6p2t3 sHAEAL A7t pdd HE X=X - X X,
Z e F5 8 AHE5td 0=0,U% ¢=0,0X& ZA3lc Bayesian #EWH S &3 2t

d(X) €0, if hylefa(X) > hdpfs(X) forall A= B (1)

A7IA f(X) & f(X)E TF S8 Ad Bl dig EL=F4oly, Lot = 47 B5d
AR #a¥" &4 A5 (Loss coefficient)olth. ek 2F7F Sl AT AdHolgtd &4AFE= 0
ojty. =% hy = 0=04 7} 8 AA8E(Priori probability)°) 3L, hy(=1—hy) & 6=0,7t B A}A
g0t}

Bayesian §&%WHE AHEE Ao AAAEE A &AASL 1€ ZE Fd29 dsid 2dn
A&, A ()& 183 {8S BRste 3¢ GEUETFTE Lotk duh. 4zbe] F2d
dd FSUEdTFE vAY golx, FERY TE AT F JAU"E, A I=gFE EEARY
vhg Abg3e) Aok ), Parzen(1962)S SHUL2ES FFUEFFEY ol Ao,
oA HA Y=FsrE P2 AL EAHIY 2). Gaussian £XS A4, hEF 2R
& g&3 2o} (Parzen, 1962; Cacoullos, 1966).

fA(X)= 1 1 ¢ (X_XAi)T(X"X:ﬁ)]
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A7 me Y 0,0 £F FARYY & X, £ UL 4,04 idA FR Y, o0&
Az, 283 pe FAYE HYelrt. f,(X)E Gaussian Thi % EX g9 @ FolA T,
B2 A] Gaussiand &+ glon, ojud U2 A28 & Ut AL 08 Y AL,
XN E FERYEY A A2 &3] FEHE HAX(Peak)E 7HAE S Uehu Y,

-312 -



2 08 ARETE f(X)E AA HesEn, e E %€ AH8E B Fole Gaussian TER
Haeoh

e e . PR
- — —_ { =
o) ; ~ 45t | =
{ Pegion of Class R
{ . e
! o
° o - - i RBUEES
o I Ciazss O 35 e MRS
R TTToT o BHUE
———r— 3
2 ! ! io =z
L e ) - 25 ~
s T T N
e ] \{ Pz O 2 iy
- —" i = -
;;C:'u o 15}
) o
3 3np " ! N
c Y. =]
3 Q J —
o ‘ ¥ sz O as
° !
—— — N
-0 5 10 5 x

291,892 993 AAd 94§ Adx €244 A=H{S L2 9 Parzen WY

ag 39 JdFRPX & F e SH22 ERIE
o

X
g AA4A%G F2& Yk 483 (Input layer)

aus

RE FASYol SUYY AYHYe YPsE AF9 (nput oy
Byl Zo|n, &&Z(Pattern layer)& 2t E-{g o wes
A A 9e e 98 49 xo BAG=X- W) -
S 7% %, wH¥ 843 ¥4(Activation function)ol (Gummeton e
Z& Adstd uHy ANe SRV =, FAS

{(Output Layer)

(Summation layer)2 g2 T3 v|dE &8 A3 o .
g Fast 88 AAT ol&2 V&Y AAY o8 A -
Back Propagation(Rumelhart et al, 1986) 217 3o} Al
AHEEAY Sigmoid A8t T iAol Ay Azt
A expl(Z—1)/6°]8 M. BEA WL 0,9 A FELETFE U5 A Q) 2
o A3l 7HFA HE W,E FAYE X2 ML X e X=X, X, =10 H=&
Aissta 4 99 24 "

a293.88 N3¢ =

X I’VAi_l)]

fa(X) = Tezp[— ( (3)
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FEAZYE FAL Y uiFUA A8} €Y L FHAFYLE ASEN T, 44y FIHH
Z23YE AEFZAEE FU22 FY3At B ldAs FAEFY R SH22 S
& JeElRAth FAFYE FASE 9% UFEL H 1o Y €¥X, -4

99 %, 49 ANE F vy Z A, 9 F& ZA, EstAlelth 181,
FTHFYo 288 EE HWFES 5T 7HFAE F7198A 0174 09 Ato] Boz2 A3 3
Aok, =%, 100 T 400kgf/cm?7tA] 10kgf/cm?¥ F713sle 23YUE GEPEE AL 31719
ZH2g Aeolstm, 2 Fd& d2 5 8 10, 12, 15, 18 € 2lcmg £H T o] &, F 217719
FURELE AgdYYd. 2 =FdAdE EE FESY0 Wi 9 EXE A
(o = v=Tog(05),0.1=28.3%6 )34}

HE8A4HE TAS7] HHll AFEEAYE 217 FEARY FoAA 14709 HFE FTERYES
Fasgden, H5E TVEHYE HFEUAYA d¥so 28d 2= FERFY FAYE
ASZ=TT XFATHE 2). S2YE $FZE 180, 210 B 240 kgf/cm?®ol dis) A A9}
nlEstges, B ort 019 B¢/ AdE e M 2 AR HE 3, 29 4.

H1.FAFY 2 2922 AL vHAAS o

Unit fine aggregate Unit
Soecified Fine Ur;it Unitt content (kgf/m?) (:Oal‘Se':e
ifi water cemen aggrega ;
Slt)f:ngth S(Icurrr?)p wre sg.%ggt:; content | content { Natural | Crushed ggn‘t?egnt Adr{g/z()tu ©
(kgf/cm?) (%) (kgf/m® | (kgf/m®) | sand (s,) | sand (s,) | (kgf/m®)
(1) (2) 3 4) ()] (6) (7 (8) 9) (10)
160 10 64.2 46.6 179 279 335 503 987 0.84
180 18 59.5 47.3 195 328 325 487 929 0.98
210 10 535 445 176 329 314 471 1006 0.99
210 15 53.4 455 187 350 313 469 963 1.05
240 15 486 445 185 381 302 454 969 1.14
210 18 44.3 4.3 190 429 292 438 942 1.29
300 10 40.9 42 172 421 286 428 1013 1.26
350 18 357 425 187 524 268 402 931 1.57
400 10 32.1 40.2 170 530 260 390 992 1.59
¥2.35 4 g2 AR 825
Unit fine aggregate| ynpit
Specified Fine Unit | Unit | content (kg#/m®) | coarse
Strength Slump W/C | aggregate| Water | cement aggregate| Admixtu |OUTPUT
(kgf/ecm?|  (cm) percentage| content | content | Natural | Crushed | content | re (%) | Class
(%) (kgf/m3) | (kgf/m3) |sand (s,)|sand (s,)| (kgf/m?)
(1) (2) (3) 4) ) (6) (7) (8) (9 10) (11
150 5 66.9 46.2 169.7 254 340.1 510.6 1018.1 0.76 150
190 5 573 4.3 166.7 290 3223 4838 1042.3 0.865 190
220 5 51.6 43.1 165 318 3106 466.3 10525 0.96 220
290 5 42 41.2 162.1 386 289 4339 1059.7 1.16 290
350 5 36 40 160.3 448 272.7 409.5 1053.2 1.34 350
290 8 42 41.8 168.3 401 288.7 433.2 10315 1.26 290
110 10 80.8 50 184.1 228 365.1 547.9 939.3 0.683 110
290 10 42.1 42.2 1725 411 288.2 4324 1013.3 1.23 290

*» The numerical values in parentheses present the percentages of the differences between the specified strength by

test results and the specified strength on mix proportion.
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‘ Specified strength Slump | Number of Specified strength by
Experiment ' t f’
(fc , kgf/cm?) (em) tests tests (Je1, kgf/cm?)
) 180 12 a7 30 18739)
Compressive 210 12 354 30 208 (1.0)
Strength 240 12 372 30 244 (1.7)
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