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Introduction

» Although the several methods has been proposed
to predict the compressive strength of normal and
high strength concrete, these methods has not
been applied for no-slump concrete yet.

- The major purpose of this paper is to assess and
compare the performance of:

+ Various regression

- Artificial neural network (trained by LMBP)

- ANFIS
to predict the 28-days compressive strength of no-
slump concrete
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- Artificial neural network (trained by LMBP)
- ANFIS
to predict the 28-days compressive strength of no-
slump concrete

No-slump concrele
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ANFIS model

ANFIS is the famous hybrid neuro-fuzzy
network for modeling the complex systems.

Rule 1: IF x is Ay and y i5 By, THEN [; = pyx +g.¥ # 1,
Rule 2: IF x is Ay and y is By, THEN [; = pox + gzy + 1y,




Procedure

- 6 Regression

+ 6 Neural network and

- 5 ANFIS models
are trained and tested by using
the gathered database.

. The prediction performances of
the models are evaluated with

root means square and
orrelation factor




1. Nonlinear/linear
regression model

Linear regression :
Relationship by a linear regression equation

Nonlinear regression :

Relationship by a linear regression equation

The general form of the nonlinear

regression model (NLRM) can be state as follows:
y = fla; x x;)

where y, f, ai and xi are the dependent variable.

The major issue :

» Find an appropriate function f with
statistically well-adjusted coefficients ai.
This is accomplished through
(iterative estimation algorithms)

That usually performed by statistical methods. A

¢

N
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2. ANN model

LMBP :
After processing all of the layers, the
activated result of the output layer,
compared with the target value, and the
resulted error will be propagated
backward the network's weight to
minimize the overall error.

&

Levenberg-

Marnguards baik-
propagation

: 0,
z WX, | - —

Output
Sum Log-sigmaid P

function activation function
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Levenberg-
Marquardt back-  |d—
propagation
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_ _ Output
Log-sigmoid

activation function




S ANFIS model
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- qafﬂﬁ“' ANFIS is the famous hybrid neuro-fuzzy

M ~. network for modeling the complex systems.
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Every node i in this layer is a
square node with a node
function :

lli.',1 = Uy (X)

where x is the input to node i,
and Ai is the linguistic label
(fuzzy

sets: small, large,. . .)

associated with this node H b\
function.



Kule Z2 Ir X 1S A 4and yV IS B, 1HET

A B is of Triangular membership function type




Every node in this layer
is a circle node labeled
M. The ith node
calculates the ratio of

the ith rule’s firing 4
weight to the . .y -
sum of all rule’s firing : =

weights
wWi=w/(wi+wa), i=12

Every node in this
layer is a circle node

labeled P
which multiplies the

+ incoming signals and
5 sends the product
out.

w

Wi = i, (y) x pg(y), 1=1,2

Laver 2




“tion type

fi=pix+qiv+ri;

————————— > fr=pax+qayv+r;

W
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ode in this layer is a square
ith a node function:
N-i is the output of layer 3, J— 4

. qi, ri} is the parameter "': l *S

= Wi(pX+qy + 1)

-,

.

Every node in this layer
is a circle node labeled
N. The ith node
calculates the ratio of

the ith rule’s firing S ~4
weight to the . -
sum of all rule’s firing : :
weights

wi=wi/imi+wa), 1=12

~a il

Every node in this
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Every node in this layer is a square
node with a node function:

-,

wh:{rze.w-i_ is_;*l‘_le :hutput of IatyEr 3, e " i
and {pi, gi, ri} is the parameter
o = | =

O} = Wi(px+qy +1))

Aa
-

LT




The signal node in this layer is a
circle node labeled R

that computes the overall output
as the summation of all

incoming signals ‘\\

m=gwm=gwm/gw.

Laver 5




Preprocessing of data

To prevent the saturation problem :
Log-sigmoid activation function

iy =0.1+(09-0.1) x (ig - imm)/{imm — Imin)

These norms are root means square .

RMS = \| i“‘cf“ ~fai)/P
=1

Correlation factor (CF) :

CF(f..f.) = cov(F..F.)/\/cov(F.F.) x cov(F_,F.)

Fo=(hdaJo) Fo=(ata...Ja) cov(F. . F.) = E[(F. - p.] - (F. - ft.)]
jl=E{F), k= EH&;J
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Takle 3
COCTEE MUMILINE PIOpRIrThse,

Mixtore Cement: Silica furme Water Fine agerezates Cogrm: agerepaney Filler wikm ferage -y O
(e} ihkgm'} (kghm') (hghm') gt} tkgim") {MPa)
HRC-1 150 o [ %] 5754 1273 ¥ na? Rk
HSC-2 50 o 4.5 55432 13254 1] n2a 540
M3L-3 1395 [V} ST o333 a0 105 28 G457
MSC-4 1305 (1] 76 515 1247 5 1] ] fizd
HEC:5 136 [+] 976 £ ] 1247 i4 028 L
NSC-6 3335 (1] .7 B55.3 1273 iI7.5 028 63.1
NEC-T 120 [+ 375 535 1247 i1 .28 523
WS- 1255 (] b r B85 1273 245 {1L.2R .0
MeC-0 10 1] 1573 4% 2 1373 i n2a 509
NEC=10 a0 o 109 AT 4192 1] nza URI
MEC11 150 [&] 1005 515 1247 i nag B4l
MSC-12 1 175 105 6 534 1247 4] 1530 f2.d
HEC-13 gL ] 1830 542 iddnE i 03 a5
H5C=14 150 [+] 1676 535 237 [+] nal 615
MSCs=15 1255 .5 175 %35 1247 i¥ 3 (T
MeC-16 343 (] s 235 1247 i | nzi £i13
NSC-1T 130 ] L E71E 1247 8.5 ET] 33
HS-18 Ry I7.3 1056 434 1280 143 0. £y )
NSC=18 180 (] LA b ] | (1] k) LT
MRC-20 120 [£] maz &0, §1250.7 19 032 fis 3
HSC-21 120 [£] 1z B658 12342 57 03z B3
NSC-22 150 ] 124 ¥ | 14154 1] 154 G35
HRC-23 50 o 119 THG 1215 1] nag M
NS4 150 [ Fii] 5213 1204.7 ke nig 6l
HSC-25 2536 136 95 334 1204 [+ nis BE.7
MEC 26 1451 iy 1359 442 1382 155.5 135 Ma
HRC-27 178 L) 154 1 i) M} i 031 i
NSC-28 1315 17.5 12049 508 13254 i 07 614
HEC28 143 7 1363 SETH 1273 1548 i b e
M5C-30 25265 156 1034 EI6 1063 135 038 B2.7
HSC-11 oM B o4 =ia L[k 115 &T] SA0
HSC-32 150 [E] 1397 23 11455 {[.1] 1E 1] 583

Concrete mixture proportions — 0
p

Uity
96 Total : For training (interpolation) and testing (extrapolation) of
the proposed models, 79 and 17 samples were randomly chosen Cf'f??e;,
respectively Stlicy ,r,: (kgy,
.F"Irfﬂrer (ke .‘f {‘.E



Table 3

Concrele mixiure proportions,

Mixture Cement Silica fume Water Fine aggregates Coarse aggregates Filler wlcm Average 28-days C5C
(kg/m") (kgim’) (kgfm*) (kg/m*) (kg/m’) (kgfm*) (MPa)
NSC-1 350 0 95.2 5759 1273 1] 027 61.1
MSC-2 50 0 98.5 558.2 13254 0 028 4.0
MSC-3 3305 0 97.7 655.3 1273 105 028 65.7
MSC—4 3395 i 97.6 535 1247 105 028 6232
NSC-5 336 0 97.6 535 1247 14 028 545
NSC-6 3325 0 97.7 655.3 1273 175 028 63.1
NS(-7 329 0 57.b 535 1247 21 028 522
MNS(C-8 3255 Q 9r.7 6553 1273 245 028 54.1
NSC-9 410 0 1178 4912 1273 0 029 509
NSC-10 350 0 100.9 4603 14198 1] 029 61.9
NSC-11 350 0 102.6 535 1247 0 029 64,2
NSC-12 3325 175 105.6 535 1247 0 030 6.2
NSC-13 380 0 i1B1 3542 14406 1 031 60.5
NSC-14 350 0 107.6 535 1247 0 031 61.5
NSC-15 3255 245 1078 535 1247 0 031 65.0
MSC-16 343 Q 107.6 535 1247 Fi 031 612
MNSC-17 320 il a7.7 671.8 1247 385 03 632
NSC-18 346 213 1156 484 1289 156.3 031 767
NSC-19 380 0 121.1 5025 13254 0 032 674
NSC-20 320 0 102.2 679.1 1258.7 19 032 628
NSC-21 30 0 103.2 665.6 12342 57 032 60.3
WSC-22 i50 Q 1204 5262 13254 0 034 635
NSC-23 350 0 119 710.6 11215 0 034 506
NS(-24 350 0 120 623.3 1208.7 94 034 61.1
NSC-25 2526 19.6 95 B28 1206 1] 0.35 B6.7
M5C-26 3452 271 1299 482 1282 1555 035 T12
NSC-27 75 L] 134 1300 00 o 036 G0
NSC-28 3325 17.5 1209 500.8 13254 1 037 614
NSC-29 343 27 1369 480 1278 1549 037 na
MNSC-30 2526 19.6 103.4 336 10E3 135 .38 627
M5C-31 2584 a SE8.4 8235 1083 135 038 550
NSC-32 350 0 139.7 5913 11455 188 0.40 58.3




Inputs Range
Minimum Maximum
S 1
Cement (kg/m”) C 252.6 410
_ ﬂu’i Silica fume (kg/m?) SF 0 273
N2t Water (kg/m?) W 95 139.7
cno i Fine aggregate (kg/m’) FA 354.2 1300
J Coarse aggregate (keg/m?) CA GO0 1440.6
Filler (kg/m*) Fl 0 188

Water to cementitious material 0.27 0.4

Output (Target value)
28 days-Compressive Strength of no- 28- 50 78
slump concrete (MPa)

Boundary range of inputs and
output of records



Inputs Range
Minimum Maximum

Cement (kg/m?) C 252.6 410
Silica fume (kg/m?) SF 0 27.3
Water (kg/m?) W 95 139.7
Fine aggregate (kg/m?) FA 354.2 1300
Coarse aggregate (kg/m?) CA 600 1440.6
Filler (kg/m?) FI 0 188
Water to cementitious material W/CM  0.27 0.4
Output (Target value)
28 days-Compressive Strength of no- 28- 50 78

slump concrete (MPa) CSNSC
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C(l)
SF(2)

W (3) [”]

FA (4)

CA(5)

F1(6)

3
sed models to predict the 28-CSNSC.

MODEL

>

28-CSNSC

el Group Reg. type

Linear/nonlinear regression model

(1) 1th Polynomial
Z2th Polymomial

(2} Fractional
Power-fractional

Partial polynomial-fractional Type 1

Mixedi sl mslimscmslsl feseedsss I Tramas <2

g + @y C + a25F 4+ @ W - aqFA 4 asCA 4 ag A

ty + iy € + 0 SF + a3 W + aFA + 05CA + agFl + o0 + 03 SF° +u|W1+nLuFH:+n,lC.-'|1+H;;H'?

ag + a8y W/(C + SF) + a; W /(FA + CA + FI)
3 (W/(C + 5F)paz +aa(W/(FA + CA + Fil})ay
ay (W /(€ + SF))8 + ax (W /(FA + CA + FI))3

..... - [

P




W (3)
FA (4)
CA (5)

FI1(6)

1ADiE 3

[l

Proposed models to predict the 28-CSMNSC.

MODEL » 2B-CSNSC

Muodel GCroup Reg. type Limear/nonlinear regression model

-1 (1} 1th Polynomial ty + @y C + a3 5F + ayW + 04 FA 4 asCA < agF

-2 2th Polynomial g + @yC + Gz5F + @3 W + 0yFA + asCA + gFl + 07C° + agSF* + asW* + ayFA’ + ay, CA" + apFP°
I-3 (2} Fractional tg + @y W NC + 5F) + a; W /{FA + CA + Fij

I-4 Power-fractional ay (WANC + 5F ey + ax(W/IFA + CA + Fl)jag

I-5 Partial palynomial-fractional Type 1

I-&

Partial polynomial-fractional Type 2

@y (WHC + SF))] + as{W/{FA + CA + F))§

an + @ W (€ + 5F) + az(W/C + 5F1) + a3{(FA + CA + FI)/(C + 5F)) + ay({FA + CA + B} /(C + SF))°

Table &

Evaluated coefficients of regression models.

Model L] L

k] L oy i i iy g ilg LT Ay 5]
I-1 -1.262 0,694 0.45 -0.118 1303 1.152 0.192 - - = - . -
|-2 =3.665 1.563 =0.292 0.662 =172 B.627 =0.446 =1.013 0.736 =0.787 5.337 =5.198 0.703
I-3 0453 -0.3 0471 - - - - e e - F = _
-4 - —0.574 0362 1.102 0165 - - - = = - - -
-5 041 0293 — 0254 —0L.005 - - - - = = B = S
I-& 0615 0.oa? -0.09% 012 0.009 - - - - - - e -
Model code  Interpolation (training) Extrapolation {testing)
performance performance
CF RAS CF RMS

= - e e .




FI (6)

LD >

Proposed miodels to predict the 28-C5NSC.

Model Group Reg. type Linearnonlinear regression model
I-1 (1) Ith Polynomial Gy 4 @y C 4 0:5F 4 a; W 4 ayFA + asCA 4 agFl
-2 2th Polynomial g + 0yC + 835F + 83 + ayFA + 05CA + 8l 4+ a7C° + agSF° + 0sW” 4 0gFA” + 04,CA" + ayaFP°
I-3 (2] Fractional g + 8, W/C + 5F) + a;W/(FA + CA + H)
-4 Power-fractional @ (WHC +5F))as +ay(W/FA + CA+ Fl))ay
-5 Partial polynomial-fractional Type 1 ay (W/(C + 5F))5 + aa{W/(FA + CA+ FT))
o Partial polynomial-fractional Type 2 o + @ W/(C + 5F) + az(W/(C + SF))* + as((FA + CA + FI)/(C + 5F)) + au((FA + CA + A)/(C + SF))’
Table &
Evaluated coefficients of regression models.

Model g a; iz a3 g s s ar il L ia @y @
-1 =1.262 0,694 a5 - 118 1.303 1.152 0192 - - — - - -
-2 —-3.665 1.563 -0292 0662 -1.72 8627 —0.446 -1.013 0.736 -0.787 53317 -5.198 0.703
I-3 0.453 -03 0471 - - - = - - - = - -
- - —0.574 0362 1. 102 0.16i - - - e = = g =
-5 041 0.293 —254 — 005 - - - - - - - - -
I-6 0615 0.097 ey =12 L0 - - - - - - - -

Model code  Interpolation [training) Extrapolation [ tesiing)

perdormanoe performance
CF RMS CF RMS

=1 0. 7821 32366 07943 L7087

-2 08449 27784 08350 26080

-3 03811 4.5019 05872 33049

14 0. 4088 47402 05561 313180

I=5 03499 4 BEB6S 05166 35361

16 0.4086 4.7406 0.5606 13285

Parameters



171

)62 1.102 0.166 - -
54 -0.005 - - -
)99 -0.12 0.009 - -
Model code Interpolation (training) Extrapolation (testing)
performance performance
CF RMS CF RMS
-1 0.7821 3.2366 0.7943 2.7087
-2 0.8449 27784 0.8350 2.6080
-3 03811 48019 0.5872 3.3049
-4 0.4088 4.7402 0.5561 3.3180
-5 0.3499 4 8665 0.5166 3.5361
-6 0.4086 4.7406 0.5606 33285

Parameters



Nonlinear/linear regression

As it can be seen in this figure, the model is to some extent
poor in predicting the 28-CSNSC. The reason for this finding
is related to the lower data available for developing a
reasonable NLRM.
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Sample Number
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28-CSC (MPa)
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Neural network

To make a decision on the completion of the training
processes, two termination states are declared: state 1
means that the training of neural network was ended when
the maximum epoch of process reached (1000) while state 2
means the training ended when minimum error norm of

network gained. It is clear that the preferred termination
state the state 2.




Type Training method/algornithm Activation function in  Activation function in output Mo of PE in  Layers HLs
HLs HL number number
Feed-forward back-propagation  Supervised/Levenberg- Log-sigmoid Linear transfer function Varnahle 2
network Marquardt BP
Table 9
Summary of NNMs for 2B-CSNSC prediction.
Mame Mo, of PE in Training Testing Termination epach Termination state
HL1 HL2 F EM5 F RM5
NNM1 2 2 0.8B858 23705 DLB515 23376 1000 1
NNM2 3 F 4 0.8907 23600 0.8669 2.2430 1000 1
NNM3 3 3 0. 9606 1.4440 D9185 1.7607 1000 1
NMMA 4 3 098210 09806 09473 1.5748 B52 2
NNMS5 4 4 0.9820 09806 09473 15748 348 |
NNME 5 4 0.9820 09806 09473 15748 267 2

Lo R

A
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28-CSC (MPa)
3 &

0 2 B 6 8 10 12 14 16

m I 1 | l

Sample Number




ANFIS model

ANFIS model Tramning set Testing set
CF CF

Trangular 09820 09461
Trapezoidal 09225 09281
Bell-shape 0.9820 09472
Gaussian 09820 09472
[1-shape 0.9355 049362




Conclusion

g o =l LY TP 2 e MR oy riE
Eealiation of NLEM, NNM and AN lor trting recoids
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Evaluation of NLRM, NNM and ANM for testing records.

ID  Experimental Modell-2 RE(¥) NNM6 RE(%) ANM4 RE (%)

S80 720 73.7 239 730 139 730 139
S79 685 73.7 762 730 6.57 73.0 6.57
§7 673 624 -7.24 675 022 674 0.22
S44 66.0 63.8 -340 655 -0.76 655 -0.76
$75 65.0 68.0 455 66.0 1.54 66.0 1.54
S96 645 63.6 -1.38 638 -1.16 63.7 -1.16
S74 640 68.0 6.18 66.0 3.13 66.0 3.12
$59 635 60.4 -487 605 -472 605 -4.73
S38 63.1 613 -292 63.2 0.16 632 0.16
542 628 63.6 1.33 628 000 628 0.00
S11 626 62.0 -096 639 208 639 208
S61 62.0 59.6 -384 6038 -2.02 608 -2.02
S$24 613 60.2 =1.77 615 033 615 031
S$23 605 60.2 -048 615 165 615 1.63
S$34 596 61.5 3.15 60.7 1.85 60.7 1.85
$29 588 579 -158 58.1 -128 580 -1.28
S64 545 57.0 453 545 0.00 545 0.05
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Evaluation of NLRM, NNM and ANM for testing records.

Experimental Meodell-2 RE(X) NNM& RE(X)

120 3.7 239 730 1.39
685 73.7 762 730 B8.57

673 624 -7.24 G715 0.22
66.0 63.8 -340 655 =0.76
650 68.0 455 660 1.54
63.6 =138 638 -1.16
68.0 6.18 660 3.13
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