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Abstract
Composite Circular hollow Steel tubes with and withGFRP infill for three different grades of Liglieight concrete are tested for
ultimate load capacity and axial shortening , un@rclic loading. Steel tubes are compared for diffie lengths, cross sections and
thickness. Specimens were tested separately aftgtiag Taguchi’'s L9 (Latin Squares) Orthogonalayrin order to save the initial
experimental cost on number of specimens and ewrpatal duration. Analysis was carried out using AKMtificial Neural
Network) technique with the assistance of Mini Talstatistical soft tool. Comparison for predictexkperimental & ANN output is
obtained from linear regression plots. From thisearch study, it can be concluded that *Cross erafiarea of steel tube has most
significant effect on ultimate load carrying capgci*as length of steel tube increased- load cargycapacity decreased & *ANN
modeling predicted acceptable results. Thus ANN ¢aa be utilized for predicting ultimate load cgimg capacity for composite
columns.

Keywords: Light weight concrete, GFRP, Artificial Neural Mark, Linear RegressiorBack propagation, orthogonal

Array, Latin Squares
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1. INTRODUCTION Recently, composite columns are finding a lot o&ges for
) i seismic resistance. In order to prevent shearréibf RC

Columns occupy a vital place in the str.qctural st column resulting in storey collapse of buildingisitnecessary
Weakness or failure of a column destabilizes théreen to make ductiity of columns larger. Recently, mast

structure. Strength & ductility of steel columnsedeto b_e building utilizes this Concrete Filled tubes (CFdncept as
ensured through —adequate strengthening, repair & rimary for lateral load resisting frames. The gete used for
rehabilitation techniques to maintain adequate csiral encasing the structural steel section not only eobs its
performance. strength & stiffness, but also protects it fronefitamages
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As the light weight concrete has lesser densityOkg0m3-
1850kg/m3) than conventional concrete density (Rg003-
2600kg/m3) it will have ease of handling, transjpgrt&
reduced dead load in case of High rise buildingsoAlts
cellular structural arrangement helps in good iasoih from
heat & sound.

In order to reveal the performance of CFT colunspgcimens
will be designed for axial compression cyclic loagli The
Concrete that will be considered is Light weighhowte for
infill in steel tubes.

Based on these factors, failure patterns & infleen€ Light
weight concrete slenderness ratio to Ultimate Igatio,
Energy absorption capacity, & Modulus of resilienase
analyzed. Practical importance of this study is the
application of this system to “seismic resistanteicsures
prone to earthquakes”.

The experimental investigation focuses on moddsibfre &
the most significant factor affecting the experimeiith the
help of Taghuchi’s method. The equation can be gdeé to
find the Ultimate load carrying capacity. Axial steming &
ultimate stress carrying capacity of the columredrition of
LCC can be done using NEURO Solutions: Artificiadudal
Network Tool Box (MAT lab).

2. ARTIFICIAL NEURAL NETWORK
2.1 Introduction

One way of including specimen irregularities in thedel is
to use the results of the availaldgperiments to predict the
behavior of composite tubes subjected to differdeatding.
Artificial Neural Network (ANN) is a technique thatses
existing experimental data to predict the behasfathe same
material under different testing conditions.

In the current work, the prediction of the loadrgang
capacities for axially cyclic loaded Circular & Sue
composite tubes is evaluated using ANN. To testvdility
of using ANN in determining the crushing behavidrtioese
tubes, the study will compare the predictions atedito the
experimental results using the neural network tdol
MATLAB v7.12 (R2011a).

ANN have emerged as a useful concept from the fadld
artificial intelligence, and has been used succdgsbver the

past decade in modeling engineering problems irigénand
specifically those relating to the mechanism bebrawf

composite materials.

ANN generally consists of a number of layers: tinyel where
the patterns are applied is called input layersTayer could
typically include the properties of the compositatermial

under consideration, its layup, the applied lobd,ttibe aspect
ratio etc. The layer where the output is obtairethe output

layer which could, for example, contain the resgti
deformation of this tube under the given loadingditions. In
addition, there may be one or more layers betwkenirput
and output layers called hidden layers, which arenamed
because their outputs are not directly observdtie.addition
of hidden layers enables the network to extrach-uigler
statistics which are particularly valuable when $iiee of the
input is very large. Neurons in each layer arerctenected to

preceding and subsequent layer neurons with each

interconnection having an associated weight.

A training algorithm is commonly used to iteratiy@hinimize
a cost function with respect to the interconnectiaights and
neuron thresholds. The training process is terrathatither
when the Mean Square Error (MSE) between the obderv
data and the ANN outcomes for all elements in taming set
has reached a pre-specified threshold or afteictmepletion
of a pre-specified number of learning epochs.

2.2 Kolmogorov's Theorem

Any continuous real-valued functions f (x1, x2,xn) defined
on [0, 1]n,?? = 2, can be represented in the form

a = purclin/n)

zil gj[; O, [-%—)]

f(x1, x2, ..., xn) = =1

a = tansig(n)

Fig2

Where the gj's are properly chosen continuous fonstof
one variable, and the ij's are continuous mono#dlyic
increasing functions independent of f.
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Fig2 (a): Block diagram of feed forward network
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' @ 1" S R™, X =y ) function f. Neurons can use any differentiable gfan
Given any function ’ » Where | is the function f to generate their output.

closed unit interval [0,1], can be implemented dyaby a
three layer neural network with n input nodes, 2midden
layer neurons and m output layer neurons, as reptes in
figure.

2.3 Multilayer Neural Network Architecture

2.3.1 Neuron Model

An elementary neuron with R inputs is shown bel@ach
input is weighted with an appropriate w. The sumtlod
weighted inputs and the bias forms the input to ttaesfer
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Fig3.Neuron model

Multilayer networks represented in figure3, can tise tan- Once the network weights and biases are initializie
sigmoid transfer function tansig as shown in figur8igmoid network is ready for training. The multilayer feedfrard
output neurons are often used for pattern recagniti network can be trained for function approximatioor{linear
problems, while linear output neurons are usedfdioaction regression) or pattern recognition. The trainingocess
fitting problems. The linear transfer function gireas shown requires a set of examples of proper network beitavi
in figure2 network inputs p and target outputs t.

2.4 Train the Network

Hidden Layer

Input
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The process of training a neural network involuasirng the
values of the weights and biases of the networkgiimize
network performance, as defined by the networkquarhnce
function net.performFcn. The default performanagcfion for
feed forward networks is mean square error mse-avkeage
squared error between the network outputs a andatiget
outputs t. It is defined as follows:

1 o, 2 1 il o
F'= mise = — E (e © = —— E (#; — ey )
N g=1 ™ F=1

There are two different ways in which training cae
implemented: incremental mode and batch mode.
incremental mode, the gradient is computed andwbights
are updated after each input is applied to the ortwn batch
mode, all the inputs in the training set are applie the

network before the weights are updated. This chapte

describes batch mode training with the train conoinan
Incremental training with the adapt command is used in
Incremental Training with adapt and in Adaptivetéit and
Adaptive Training. For most problems, when using eural
Network Toolbox software, batch training is sigo#itly
faster and produces smaller errors than incremerdaling.
For training multilayer feed forward networks, astandard
numerical optimization algorithm can be used tdrojze the
performance function, but there are a few key dhas have
shown excellent performance for neural networkntre.

These optimization methods use either the gradiénthe
network performance with respect to the networkghts, or
the Jacobian of the network errors with respethéoweights.
The gradient and the Jacobian are calculated @steghnique
called the back propagation algorithm, which ineslv
performing computations backward through the nekw®he
back propagation computation is derived using tharcrule
of calculus.

2.5 Network Properties

The network type is feed forward back propagatidhe
training function is levenberg-marquardt algorithrithe
performance function is mean square error. Thesfean
function is tan-sigmoidal and purelin (Fig.4).

3. WORK FLOW

The work flow for the general neural network degigocess
has seven primary steps:

Collect data

Create the network

Configure the network

Initialize the weights and biases

Train the network

Validate the network (post-training analysis)
Use the network

NogokwhpE

4. PREDICTION AND EXPERIMENTAL
RESULTS

Depicts the Linear-Sigmoidal (linsig) and Tan-Sajdal
(tansig) functions used to build the model and ntréhe
network. The output is trained separately for baottimate
load and axial shortening load. Also the best \&lud
prediction are obtained for 11 layers.

The experimental results which are obtained arergias the
desired outputs to the feed forward back propagat&iwork .
These results were used to predict the output sadne were
in good agreement with the Kolmogorov's theorem.e Th
output values and the deviations are obtained tested and
validated from 3 hidden layers to 14 hidden layers.

5. METHODOLOGY
5.1 Taguchi’'s Method

» Taguchi started to develop new method to optimize
the process of engineering experimentation

» Taguchi’'s constructed a special set of Orthogonal
Arrays to layout his experiments to study the dftec
several control factors

» In view of saving time & material cost in
experimentation lesser number of experiment is
desired thus Taguchi’'s method is best suitablénid f
proper combination with minimum experimentations

5.1.1 Steps involved in Taguchi’'s Design

» A Taguchi's design or an Orthogonal array is a
method of designing experiment that usually require
only a fraction of full factorial combinations

» An orthogonal array means the design is balanced so
that factor levels are weighted equally. because of
this , each factor can be evaluated independeffitly o
all the other factors, so the effect of one factoes
not influence the estimation of the other factor

> In robust parameter deign you first choose facgrs
their levels & choose an orthogonal array appraeria
for these control factors. The factors comprise the
inner array

» The experiment is carried out by running the
complete set of noise factor setting at each
combinations of control factors(at each run)

» The response data from each run of the noise factor
in the outer array are usually aligned in a row

» Each column in the orthogonal array represent a
specific factor with two or more levels

» The following table displays the L8(2**7) Taguchi’'s
design. L8 means 8runs (2**7) means 7 factors with
2 levels each

» This array is orthogonal factor levels are weighted
equally across the entire design. The table columns
represent the control factors the table rows remtes
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the runs & each table cell represent the factoeltev

for that run. TYPICAL RESPONSE OF TAGUCHI'S ANALYSIS
A Case Study FROM MINITAE 16

For 3 Factors With 3 levels in General Design

=3°X3 (LF X 3 Levels ) = 81 Taguchi Analysis: Pu(20) versus Length{mm), Diameter(mm). Thickness {mm). %
g Y gth(mm), f
For 3 Factors with 3 levels in Taguchi's Design RCA
=9 Combinations X 3 Levels = 27, Save =66.66 % Eesponse Table for Signal to Noise Ratios
For 4 Factors With 3 levels in General Design larger 1z bettar ‘
=3'X3 (L)X 3 Levels =243 . fackess
For 3 Factors with 3 levels in Taguchi's Design ieve Lengtw(m;“g Dm“tezq(“”fi Lémz)g 4;3‘;
=9 Combinations X 3 Levels = 27, Save =88.89% . P i 50 f 26
41,16 50,63 4183 47,23
Columns Te za 2.75 586 134 1.7
Fani 2 1 3 4
Run 1 2 3 4 Eesponse Table for Means
1 1 1 1 1 Thickness
2 1 2 2 2 Level Lengthimu) Diameter (mm) fmm) % RCA
3 1 3 3 3 1 291.0 174.0 712.3 264.0
4 2 1 2 3 Z 206.0 200.3 268, 225.0
5 > > 3 1 3 245.3 38,0 262.0 293.3
Delza 85,0 174.0 59,7 30,0
s g :]3- ; 2 Eanx 2 1 3 4
8 3 2 1 3
9 3 3 2 1 Taguchi’'s Design L9 (2**7)
6. EQUIPMENTS & EXPERIMENTAL PROGRAM ct the Cyclic loading tests on all Specimens

» Cutter ,Grinding machine ,weighing machine
Tamping rod 200ton Cyclic Loading Machine: to

Fig4. 200T Cyclic Testing Machine
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7. TESTS & ANALYSIS: Load variation from load gauge in KN, Deflectionnimm &

_ . Stress in N/mrh
For Each Model, from every test following readingllw

recorded

7.1 Graphical Analysis:

Load vs Length & Stress vs Strain

Fig5. Specimens failure after testing

Tablel. Test Result values

LENGTH | DIA THICKNESS %

mm mm mm GRADE | GFRP | D/t L/D Fy Pu KN Amm
270.00] 33.70 2.60 - - 12.96 8.01 31000 43.20 5.53
270.00] 48.30 290 Empty | - 16.66 5.9 310,00 72,40 1.45%
270.00| 60.80 3.20 - - 19.00 4.44 310J00 82.40 12.60
270.00] 33.70 2.60 20.00 0.00 12.96 8/01 310.00 0DO8. 6.18
270.00] 48.30 2.90 20.00 0.50 16.66 5(59 310.00 0081. 12.10
270.00| 60.80 3.20 20.00 1.00 19.00 4}44 310.00 0B0O6. 13.25
435.00] 33.7(¢ 260 - - 1296 1291 310/00 48.60 4.55
435.00| 48.30 290 Empty | - 16.66 9.01 310/00 49,80 .554
435.00| 60.80 3.20 - - 19.00 7.15 31000 53.40 5.07
435.00| 33.70 2.60 20.00 0.00 1296 1291 310.00 0081. 5.00
435.00| 48.30 2.90 20.00 0.50 16.66 9/01  310.00 08B.0 5.00
435.00| 60.80 3.20 20.00 1.00 19.00 7{15  310.00 08P.0 5.52
603.00| 33.70 2.60 - - 1296 17.89 310/00 49.70 B.42
603.00| 48.30 290 Empty | - 16.66 12.48 310J00 93.80 7.22
603.00| 60.80 3.20 - - 19.00 9.92 310/00 98.00 7.45
603.00| 33.70 2.60 20.00 0.00 1296 17{89 310.00 0071. 3.72
603.00] 48.30 2.90 20.00 0.50 16.p6 12{48 31(0.00 .0D34 7.52
603.00| 60.80 3.20 20.00 1.00 19.00 9/92 310.00 0D40. 7.75
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Table2. Comparison of B, Pigxp& Pann

ACI EC4 Baiegt
Pu KN (1999) | Putl/Pue| AS(1997) Putl/Pug(1994) Putl/Pue| al. Putl/Pue| ANN Putl/Pug
Putl Put2 Put3 Put3 Put4
43.20 38.88 0.8( 38.0p 0.78 4147 0/96 34.56 D.83 55.87 1.29
72.40 65.16 0.9(¢ 63.71 0.83 69.50 0/86 571.92 D.7974.74 1.03
82.40 74.16 0.94 72.50 0.75 79.10 0/93 65.92 D.8(104.55 1.27
108.00 97.20 0.78 95.04 0.76 10368 075 86.40 0.7696.64 0.89
181.00| 162.90 0.88 159.28 0.63 173[76 0.96 144.80 .63 |0 186.56 1.03
206.00| 185.40 0.90 181.28 0.59 19776 0.68 164.80 .59|0 187.48 0.91
48.60 43.74 0.69 42.77 0.78 46.56 0|79 38.88 D.83 42.78 0.88
49.80 44.82 0.76 43.8P 0.83 47.81 0/91 39.84 D.79 65.58 1.32
53.40 48.06| 0.9( 46.99 0.52 51.p6 0/67 42.72 D.80 81.14 1.52
81.00 72.90 0.74 71.28 0.58 77.76 0/53 64.80 D.4872.11 0.89
83.00 74.70 0.83 73.04 .3 79.58 0/97 66.40 D.69 64.07 0.77
89.00 80.10 0.9( 78.3p 0.86 85.44 0/91 71.20 D.7304.28 1.17
49.70 44.73 0.59 43.74 0.69 47.71 0/69 39.76 D.59 80.46 1.62
93.80 84.42 0.34 82.514 0.76 90.05 087 75.04 D.78.50.00 1.60
98.00 88.20 0.86 86.24 0.39 94.08 0/96 78.40 D.64109.72 1.12
71.00 63.90 0.69 62.48 0.58 68.116 0/93 56.80 D.83 96.65 1.36
134.00| 120.60 0.76 117.92 0.34 128|64 0.83 10y.20 .79|/0 127.96 0.95
140.00] 126.00 0.90 123.20 0.86 134440 0.98 112.00 .80|0 112.44 0.80
AVG 0.79 0.66 0.84 0.78 1.14
1.20 -
1.00 -
mANN
0.80 1 m BAIG
0.60 - WECA
HAS
0.40 -
= AC
0.20
0.00 r
1
Figure6. Comparison of R, Pexp& Pann
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Figure?. Error b/w Actual B & Payn Values

Load Vs Deflection
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Specimen grade and Loading Axial Shortening
M20 Cyclic Loading Diameter

M30 Cyclic Loading Diameter

M40 Cyclic Loading Thickness

M20 Sustained Loading Diameter

M30 Sustained Loading Thickness

7.2 Verification of Taguchi’'s Method

After conducting the initial

nine experiments (eadm

triplicate trial is 9X3=27), linear regression mixleare
developed for all grade of infill & regression naetsl of M20,
M30& M40 are shown below

>

>

>

Pu(20) = - 270 - 0.191 Length(mm) + 9.86
Diameter(mm) + 34.3 Thickness (mm) - 0.107 % GFRP
Pu30) = - 307 - 0.206 Length(mm) + 124
Diameter(mm) + 19.3 Thickness (mm) - 0.263 % GFRP

Pu(40) = - 243 - 0.215 Length(mm) + 11.7
Diameter(mm) + 10.7 Thickness (mm) - 0.133 %
GFRP

As (20) = 833 -
Diameter(mm) - 3.10 Thickness (mm)
GFRP

As(30) = 296 - 0.175 Length(mm) - 0.72 Diameter(mm)
- 18.9 Thickness (mm) - 0.047 % GFRP

AS(40) = 88.7 - 0.0195 Length(mm) + 0.261
Diameter(mm) + 1.60 Thickness (mm) + 0.0203 GFRP

0.0096 Length(mm) + 0.660
- 0.0039 %

CONCLUSIONS

>

vV VvV VY YV V¥V

Taguchi Method found to be best for selection of
specimens & with the help of Min tab. From timeisgr
plot we observe that ultimate axial load carryirgacity
and axial shortening of column was predicted veell.w
Maximum Load Carrying Capacity can be for the 270mm
length,60.3mmDia, 3.2mm Thickness and 1% GFRP.
Minimum Axial Shortening is obtained be for the 60
length, 60.3mmDia, 3.2 mm Thickness and 1% GFRP.
Parametric optimization and factors influencinge th
response can be determined

There is huge saving of cost and time in expertalen
work ie 88% of Saving for our Experimental work

From Taguchi Analysis for maximum Axial Shortening
Carrying Capacity From Response of means and respon
table of S/N Ratios the predominate factors are

Practical application of this study is in the apation of
this system to “Seismic resistance structures prane
earthquake. Also taking the advantage of light Wweig
concrete as a in-filled which has density(300kg/m3-
1850kg/m3) & its cellular structure provide gooeitimal
insulation & reduced dead load in case of high rise
building .

From load v/s length it is found that as lengthréases
load carrying capacity decreases.

» From Load v/s deflection ductility of composite woins

found to be more comparing to empty tube.
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> Atrtificial neural network predicted good results

REFERENCES

Shams M saadeghavaziri MA. State of art concrete
filled tubular columns ACI Struct J1997; 94(5)558-7

Liu Dalin , Gho wie- Min, Yuan Jie. Ultimate cajity

of high-strength rectangular concrete-filled stealow
section stub columns. J constr steel res 2003499:1
515

Elremaily Ahmed, Azizinamini Atorod. Behavior and
strength of circular concrete-filled tube columnk.
constr steel res 2002;58:1567-91.

Tao zhong, Han Lin-Hai, Wang Dong-ye. Strength and
ductility of  stiffened thin —walled hollow steel
structural stub columns filled with concrete. Thin
Walled struct 2008;46:1113-28.

IS 10262-1982.India standard recommended guidelines
for concrete mix design. Bureau of Indian Standards
New Delhi, India.

Eurocode 4. Design of composite steel and concrete
structures, part 1.1: general rules for buildings.
Commission of European communities, British
standards institution;1994

metal matrix compositesJournal of the Braziliani&gc

of Mechanical Sciences and EngineeviagionISSN
1678-5878

Schneider SP. Axially loaded concrete-filled steel
tubes.J struct eng, ASCE 1998;124(10):1125-38.
D.S.Ramachandra Murthy,et.al., “Seismic resistasfce
the reinforced concrete beam-column joints with TMT
and CRS bars”, ICI Journal, vol.1,July-Sep.200@no.
pp.19-26.

A Case Study “Experimental investigation of CFT
under Monotonic Loading” was carried out by B.E
students of Ghou sia College of Engineering,
Ramanagaram. Mr. Sameer Simha,MsKavya
KS,Mr.Gowtham S Gowda& Mr.Arun Kumar.

IC-RICE Conference Issue | Nov-2013, Available @ tui://www.ijret.org 124




