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The goal of the current investigation is to construct an artificial neural network (ANN) to
estimate the ultimate capacity of the composite columns consisting of a rectangular steel tube
filled with concrete (RSTFC) under concentric loads. The experimental results of (222) samples
collected from previous researches were used in constructing the proposed network. Totally (45)
specimens were randomly chosen for network testing while the remaining (177) specimens were
used to train the network. The information used to create the ANN model is arranged into (6)
variables represents the different dimensions and properties of the RSTFC columns. Based on the
input information, a formulated network was used to estimate the columns' ultimate capacity.
Results obtained from the formulated network, available laboratory tests, and Eurocode 4 and
AISC equations were compared. The network values were closer to the laboratory values than the
calculated values according to the specifications of the mentioned codes. It has been shown that
the formulated ANN model has a high ability to estimate the RCFST ultimate capacity under con-

centric loads

© 2014 Published by Anbar University Press. All rights reserved.

1. Introduction

Composite steel tubes are considered one of
the structural elements used in civil engineering [1-
11], these elements may be used as composite col-
umns or Beam-columns [12]. These columns are
made of steel and filled with concrete inside. So that
it can take advantage of the properties of steel (high
tensile strength and high ductility) and concrete
(high compressive strength and stiffness). Conse-
quently, the combination of these two features leads
to a member having the best properties of the two
materials. There are two categories of composite
columns; columns of sections encased with concrete

(SEC), Fig. 1, and columns of tubes filled with con-
crete (TFC), Fig. 2.

Composite columns have some advantages:

- Steel pipes work on an integrated and perma-
nent formwork

- Steel pipes act as external reinforcement

Although composite columns are preferred for
tall buildings that might be exposed to earthquakes,
their use is restricted due to the poorness of detailed
information and their inelastic behavior because of
the separation between the design for steel structure
and the design for a concrete structure. Whereas, the
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design equations for these columns using the Ameri-
can concrete code (ACI) differ significantly from the
method for designing using the design equations of
the American Institute of Steel (AISC). As a result, the
applications of composite columns have increased
significantly over the past few decades.

Concrete

Concrete

Steel tube Steel tube | 1

(b) Sequre (¢ ) Rectangular

Figure 2. Columns of TFC

Various systems adopting artificial neural
networks (ANNs) have been utilized by many inves-
tigators. Yeh et al. [13] and Yeh [14] used ANNs to
study the properties and specifications of high and
normal concrete. Nath et al. [15] and Deka and Diwate
[16] used ANNs to estimate the concrete strength.
Abdollahzadeh et al. [17] developed an ANN model
to understand the properties of concrete that contain
different proportions of rubber. Ayazi et al. [18] and
Alshihri et al. [19] studied the properties of light-
weight concrete with Scoria instead of sand by using
ANNSs. Erfani and Farsangi [20] formulated an ANN
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model to study the concrete strength after the addi-
tion of ground granular blast furnace slag. Basyigit et
al. [21] estimated the strength of heavy concrete us-
ing ANNs and fuzzy logic. Saridemir [22] built ANN
and fuzzy logic models to estimate the strength of
metakaolin mortar. Khalaf et al. [23] used ANNs in
developing a model to estimate the peak capacity of
composite columns.

The main purpose of this article is to formulate a
model using ANNs to estimate the peak capacity of
RCFST columns under concentric loads.

. Architecture of ANNs

The ANNs are designed using computers to be simi-
lar to natural neural networks. ANNs are simple and
small if compared to the human brain and these
networks are able to process a wide range by identi-
fying the input information and then collecting suffi-
cient information about the problem by approximat-
ing. The job then to predict the results and try to give
the best results, and therefore the neural networks
can be used to solve many complex issues in which
the connection between the input and output data is
not clear. Neural networks are computational tech-
niques designed in a manner similar to the work of
the human brain. These networks consist of many
simple units called (node, neurons) that are grouped
by layers. The human being is linked to the outside
world by the five-sided senses. Therefore, neural
networks need input information and need pro-
cessing units in which calculations can be performed
and can be adjusted using weights in order to gain
accurate outputs for each of the network inputs. The
input units are grouped together by a layer called the
input layer, which is connected to the next layer, the
processing layer, which contains the processing
units that yield the network products. Also, there are
layers, hidden layers, that adjust the weights for each
interface. In general, the network contains a network
one entry contains more than one processing layer.
As shown in Fig. 3, ANNs contain three layers; the
input, hidden, and output layer.
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Figure 3. Architecture of ANN

The cells in the hidden layer are for the purpose of
processing and adjusting weights where the varia-
bles are received in the input layer and then passed
to the hidden one for the purpose of processing and
then reaching the output layer. There are many net-
works that are used in neural networks, but among
these networks that are most used is the "multilayer
feed-forward ANN based on a back-propagation al-
gorithm (MFFNN)" [24], which may be considered as
the most common networks utilized in many engi-
neering fields and will be used in this research.

Y. Structure and Parameters of Formulat-
ed Model

For the purpose of constructing the network,
there must be sufficient information for the purpose
of learning (training) and verifying (testing) the
network. For this purpose, a large number of infor-
mation on the RSTFC composite columns was col-
lected from previous research [25]. The database
collected over the past four decades contains (222)
specimens for building the model proposed in this
study. In this study, a generalized MFFNN was
adopted. The backpropagation algorithm and formu-
lating of the formulated ANN model was constructed
using the neural network toolbox of MATLAB ver-
sion 7.0 (R14). In this type of networks the neurons
(nodes) are ordered in layers so that the nodes are
connected with the nodes in the next layer while
there is no interconnection between the nodes of the
same layer. The information is entered in the input
layer and then transferred to the nodes of the hidden
layers which pass their information to the output
layer. The individual outputs of each layer are treat-
ed as new inputs in the next layer. MFFNN is trained
by controlling weights, and the training process
takes place through large groups and training series
(epochs). The primary purpose for training is to ob-
tain the best set of weights that lead to correct out-
puts for the proportional with the inputs.
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The formulated MFFNN network used in the
current research contains (6) variables in the input
layer and a single node in the output layer as shown
in Fig. 4. For the purpose of constructing this model,
the following variables were used in the input layer:
Tube yield stress (fy), concrete strength (f'c), length
of tube cross-section (h), width of tube cross-section
(b), tube thickness (t), and column height (L), while
the ultimate capacity was used in the output layer.

Table 1 represents the range of the variables used to
create the formulated ANN model.

Among the available (222) samples, (177) actual
samples were used for the purpose of network train-
ing (learning phase), while (45) samples were used
for the purpose of testing (verifying phase) the mod-
el.

Table 1. Variables’ range

Parameters Range
Yield stress of steel tube (fy) (MPa) 246-833
Cylinder concrete compressive strength (f'c) 18-103
Length of rectangular cross-section (mm) 50-360
width of rectangular cross-section (mm) 50-333
Thickness of steel tube (t) (mm) 0.7-12.0
Laterally unbraced length of member (L) (mm) | 150-4503

The formulated ANN model in this research
includes (6) variables (nodes) as inputs and a single
output variable and contains two hidden layers due
to obtaining the lowest values of absolute percent-
ages of errors. The first and second hidden layer con-
tains nine and five nodes, respectively. Adjacent lay-
ers were entirely linked by weights. The formulated
ANN model was learned and tested through repeti-
tion and its obtained results were very close to the
actual results. The different parameters of the for-
mulated ANN model are listed in Table Y while its
architecture is depicted in Fig. 4.

Table 2 Different parameters of the formulated model
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Figure 4. Architecture of formulated model
. . Results and Discussion

For the purpose of estimating the peak capacity of
the studied RSTFC columns without resorting to la-
boratory experiments, smart systems were used to
construct a model that is able to find the maximum
load through the use of ANNs. For this purpose, it
had been relied on a large number of laboratory data
to build the model. A model was built with (6) varia-
bles as inputs and a single variable as the output.

The estimated, from the formulated model, and actu-
al (laboratory) outputs of the verifying phase are
listed in Table 3. As shown in this table, the ratio of
the actual value relative to the expected values was
1.008, while the standard deviation rate was 0.103.

The estimated results from the formulated model
and the available laboratory (actual) values were
compared for both the learning and verifying phase
as shown in Figs. 5 and 6, respectively.
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Figure 5. Regression of the estimated and actual
outputs for learning phase
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Figure 6. Regression of the estimated and actual
outputs for verifying phase

After the formulation of the model, it must be tested
for the purpose of checking the results and this is
done here by using three norms to check the per-
formance of the formulated model. These norms are
the "coefficient of correlation (R2)", and "mean abso-
lute percentage error (MAPE)" and "fraction of vari-
ance (FV)" which represents a measure of the error
rate between the estimated NN values and the exper-
imental (actual) values according to the following
equations:

. (nETY -3TxY)
R‘- = l : I‘1 : 1" a (l)
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In which T is the actual target, Y is the estimation
and n is the no. of data. If MAPE is 0 and FV is 1, then
this indicates that the formulated model is excellent.
The values of the used norms are summarized in
Table 4.

Table 4. values of statistical norms



Norm (h‘aiiﬁ f:;}uf"llgmse (te:uit;f]-y;lhgase
R2 0.989 0.981
MAPE 7.78 8.52
FV 0.993 0.991

As can be seen from Fig. 5 and Fig. 6, the coefficient
R2=0.989, 0.981 for the learning and verifying phase,
respectively, while from Table 4, MAPE = 7.78, 8.52
and FV = 0.993, 0.991 for the learning and verifying
phase, respectively. It is evident that the estimations
gained using the formulated network are very close
to the laboratory records. Depending on these val-
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ues, ANNs can be used to create a model that is able
to produce accurate and reliable results.
¢, Comparative Study

In this research, a comparison study was
made between the results obtained through the cur-
rent model with design values, originally calculated
by Kim [25], using the equations adopted by the two
codes AISC [26] and Eurocode 4 [27] in designing
composite columns. The values estimated by ANN
and that calculated from the ASIC and Eurocode 4
equations were compared and shown in Table 5.



Table 3. Estimated and actual values of verifying phase

L

P(ANN)

Column fy f'c h b t P(exp) P(exp)/
designation | (MPa) | (MPa) | (mm) | (mm) | (mm) (mm) | (kN) (kN) | pranm)
-—- 331 28.8 102 102 3.2 914 676.10 | 626.35 1.079

-—- 324 34.1 76 76 3.4 | 1422 | 385.20 | 373.73 1.031

1 386 35.2 120 80 5 2939 | 600.10 506 1.186

24 370 31.6 331 331 4.5 | 1318 | 4411.70 | 4423.9 0.997

29 390 28.5 331 331 | 10.1 | 1397 | 8088.20 | 8094.8 0.999
CR4-A-4-1| 261 40.4 148 148 4.4 224 | 1413.60 | 13844 1.021
CR4-C-4-2 | 26l 41 215 215 4.4 323 [ 239230 | 2441.1 0.980
CR4-D-8 261 80.1 324 324 4.4 485 | 7478.40 | 7570.7 0.988
CR6-C-2 616 254 211 211 6.4 315 | 3918.40 | 40328 0.972
CR6-D-4-1| 616 41 319 319 6.4 478 | 7777.30 | 76354 1.019
CRB8-A-4-2| 833 40.4 120 120 6.5 180 | 2059.80 | 20824 0.992
CRS8-C-8 833 76.8 175 175 6.5 262 | 5364.60 | 5303.8 1.011
1 304 47 120 120 5 249 | 1439.90 | 1307.9 1.101

6 300 46 120 120 8 249 | 1669.90 | 1847.2 0.904

11 376 93 120 120 8 249 | 2820.20 | 2212.3 1.275

16 396 96 120 120 8 249 12,340.20 | 2192.3 1.067

24 379 92 120 120 8 249 | 2430.10 | 2197.7 1.106
D§ 246 22.5 150 150 0.7 800 611.60 | 605.92 1.009
Dl6 247 22.5 150 200 1.4 800 881.20 | 916.34 0.962
E18 248 35.2 150 200 2.1 800 | 1267.70 | 1270.2 0.998
C8-0 412 40.9 150 150 | 4.3 | 1201 | 1587.60 1691 0.939
S1 356 30.5 127 127 3.1 610 | 916.80 | 904.16 1.014
Rl 430 30.5 77 152 3 612 818.50 037.5 0.873
R6 358 238 102 152 7.3 610 | 1690.30 | 19254 0.878
M-2-1 340 231 360 240 2.6 | 1440 | 2290030 | 20494 1.122
M-2-2 340 23.1 195 130 2.6 780 059.50 | 986.67 0.972
H-6-1 340 23.1 195 130 2.6 |[2339 | 644.50 | 751.81 0.857
H-8-2 340 23.1 135 20 2 541 551.60 653.4 0.844
HSS2 750 28 110 110 5 3000 | 1831.30 | 1759.5 1.041
HSS14 750 40 210 210 5 3000 | 3708.50 | 3174.6 1.168
CCM1 450 52 75 75 3 1770 | 343.00 | 381.31 0.900
C18-0 452 96 125 125 3.2 [ 2250 | 1650.30 | 1507.8 1.095
KOM2001 | 318 24.8 300 300 3.2 899 | 274990 | 3244.1 0.848
KOM2001 | 364 30.3 200 200 9 599 | 4169.80 | 40374 1.033
--- 387 45 100 100 2.9 300 794.90 | 764.43 1.040
KILM2002 277 54.2 100 100 3.2 300 909.70 | 896.35 1.015
KILM2002 365 46.7 100 100 2.3 300 576.50 | 700.37 0.823
LPK2002 372 55.4 100 100 3.2 749 883.00 | 862.84 1.023
LPK2002 354 55.4 75 75 3.2 274 705.90 | 648.35 1.089
LPK2002 372 55.4 100 100 3.2 [ 1123 ] 798.00 | 842.94 0.947
LPK2002 354 55.4 75 75 3.2 549 651.20 | 628.39 1.036
LPK2002 374 55.4 100 100 2.3 381 937.70 | 761.58 1.231
SKA2002 445 64.1 125 125 3 1001 | 1517.30 | 1373.6 1.105
SKA2002 453 62.4 125 125 3 2250 | 1038.70 | 1302.1 0.798
SKA2002 436 6l.3 125 125 3 3000 | §894.50 | 940.91 0.951
Average| 1.008

Standard Deviation | 0.103
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Two norms were used for the purpose of
evaluating the proposed network performance and
the specifications of the mentioned two codes, ASIC
and Eurocode 4. These norms are MAPE and FV giv-
en in Egs. 2 and 3, respectively.

As shown in Table 5, the values obtained us-
ing Eqgs. 2 and 3 for MAPE and FV are 0.997 and
7.78% for the formulated ANN, 0.968 and 17.01% for
Eurocode 4, and 0.983 and 13.19% for AISC, respec-
tively. These norms’ values verify that the formulat-
ed network can estimate the peak capacities of
RSTFC columns in a more accurate sense than the
two used codes, ASIC and Eurocode 4.

Figure 7 depicts the estimated column capaci-
ty using the formulated ANN and the calculated ca-
pacity using the AISC and Eurocode provisions ver-
sus the actual experimental capacity. The coefficient
R2 =0.981, 0.933, and 0.947 for the formulated net-
work, Eurocode 4 and AISC, respectively. As it is evi-
dent from these values, the formulated model gives
more accurate capacities than the equations of the
two codes, Eurocode 4 and ASIC. So it can be said
that the formulated ANN can outfit an accurate and
alternative method for estimating the peak capacity
of RSTFC columns.
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Figure 7. Regression of the ANN and codes
estimations

6. Conclusions

The current study demonstrates that the for-
mulated model that was designed using ANNs can be
utilized to estimate the peak capacity of the RSTFC
columns under the action of concentric loads. It has
the ability to estimate the peak capacity of this type
of column during a very short period and with a
slight error rate and this indicates that the neural
networks have the ability to solve many problems
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which take a very long time very quickly. ANNs are
made so that they depend mainly on experimental
results, and whenever the number of experimental
results is large, it gives more accurate results. Thus,
this type of system does not need hypotheses about
the variables, especially in solving problems that
there are several ways to solve them. In this re-
search, an MFFNN model was formulated. The for-
mulated model involves two hidden layers of nine
and five nodes in the first and second layers, respec-
tively. The formulated network was trained through
(6) input variables. Results indicate that the peak
capacities estimated by the formulated model were
in good agreement with the laboratory capacities.
Also in this study, a comparison was made between
the values obtained from the formulated network
and the design values of the Eurocode 4 and AISC
equations. The comparison verified that the estima-
tions of the formulated network are more accurate
than the estimations of the adopted equations by
Eurocode 4 and AISC. As a result, ANNs present an
accurate and alternative model for estimating the
ultimate strength of RSTFC columns.



Table 5. ANN and codes estimations

Column P(exp) |P{ANN) | P(AISC) |P(Eurocode) | P(exp)/ P(exp)/ P(exp)/
designation | (kN) (k) (kKN) (kN) P(ANN) | P(AISC) | P(Euro)
--- 676.10 | 626.35 609.1 656.4 1.079 1.110 1.030
--- 385.20 | 373.73 389.1 418.7 1.031 0.990 0.920
1 600.10 506 458.1 428.6 1.186 1.310 1.400
24 4,411.70| 4423.9 | 4901.9 5446.5 0.997 0.900 0.810
29 8,088.20| 8094.8 | 7352.9 7777.1 0.999 1.100 1.040
CR4-A-4-1|1,413.60| 13844 1321.1 1442.4 1.021 1.070 0.980
CR4-C-4-2 12,392.30| 2441.1 2441.1 2718.5 0.980 0.980 0.880
CR4-D-8 | 7,.478.40| 7570.7 | 8218.0 9348.0 0.988 0.910 0.800
CRo6-C-2 |3,918.40| 4032.8 | 4039.6 4213.3 0.972 0.970 0.930
CRO-D-4-1|7,777.30| 76354 | §101.4 8738.5 1.019 0.960 0.890
CREB-A-4-212,959.80| 2982.4 | 2846.0 2930.5 0.992 1.040 1.010
CRB-C-8 |5,364.60| 5303.8 | 5311.5 5646.9 1.011 1.010 0.950
1 1,439.90| 1307.9 1180.2 1263.1 1.101 1.220 1.140
6 1,669.90| 1847.2 1491.0 1575.4 0.904 1.120 1.060
11 2.820.20| 22123 2203.3 2350.2 1.275 1.280 1.200
16 2,340.20| 21923 22943 2463 .4 1.067 1.020 0.950
24 2,430.10| 2197.7 1174.0 1075.3 1.106 2.070 2.260
D8 611.60 | 605.92 518.3 599.6 1.009 1.180 1.020
Dlé6 881.20 | 916.34 786.8 890.1 0.962 1.120 0.990
El18 1,267.70| 1270.2 1207.3 1363.1 0.998 1.050 0.930
C8-0 1,587.60 1691 1653.8 1783.8 0.939 0.960 0.890
S1 916.80 | 904.16 916.8 996.5 1.014 1.000 0.920
R1 818.50 937.5 826.8 880.1 0.873 0.990 0.930
RO 1,690.30| 19254 1444.7 1495.8 0.878 1.170 1.130
M-2-1 2,299.30| 20494 | 26429 2986.1 1.122 0.870 0.770
M-2-2 959.50 | 986.67 1020.7 11157 0.972 0.940 0.860
H-6-1 644.50 | 751.81 895.1 976.5 0.857 0.720 0.660
H-8-2 551.60 653.4 599.6 0648.9 0.844 0.920 0.850
HSS2 1,831.30| 1759.5 884.7 810.3 1.041 2.070 2.260
HSS14 3,708.50| 3174.6 | 3671.8 3987.6 1.168 1.010 0.930
CCM1 343.00 | 381.31 403.5 428.8 0.900 0.850 0.800
C18-0 1,650.30| 1507.8 1386.8 1650.3 1.095 1.190 1.000
KOM?2001 |2,749.90| 3244.1 3021.9 33535 0.848 0.910 0.820
KOM?2001 [4,169.80| 4037.4 | 3335.8 3504.0 1.033 1.250 1.190
--- 79490 | 764.43 T71.7 836.7 1.040 1.030 0.950
KILM2002 | 909.70 | 896.35 798.0 874.7 1.015 1.140 1.040
KILM2002 | 576.50 | 700.37 873.5 945.1 0.823 0.660 0.610
LPK2002 883.00 | B62.84 919.8 1003.4 1.023 0.960 0.880
LPK2002 705.90 | 648.35 016.8 9042 1.089 0.770 0.710
LPK2002 798.00 | 842.94 876.9 961.4 0.947 0.910 0.830
LPK2002 651.20 | 628.39 917.2 1001.8 1.036 0.710 0.650
LPK2002 937.70 | 761.58 047.2 1030.4 1.231 0.990 0910
SKA2002 [1,517.30| 1373.6 | 1354.7 1502.3 1.105 1.120 1.010
SKA2002 | 1,038.70| 1302.1 1093 4 1251.4 0.798 0.950 0.830
SKA2002 | 894.50 | 940.91 894.5 983.0 0.951 1.000 0.910
VAP 0.997 0.983 0.968
MAPE 7.78 13.19 17.01
References

[1] Georgios Giakoumelis, and Dennis Lam, “Axial
capacity of circular concrete- filled tube col-

199



umns” Journal of Constructional Steel Research,
60,2004, pp 1049—-1068.

[2] K. Z. Nasser, "Experimental and Computational
Study of Concrete Fill Aluminum Tubular Col-
umn under Axial Loads", Kufa Journal of Engi-
neering (K.J.E), Vol. 5, June, 2014.

[3] Hong, W.K, and Kim, H.C., "Behavior of con-
crete columns confined by carbon composite
tubes”, Canadian Journal of Civil Eng., 31, 2,

2004, pp. 178-188.

[4] Knowles, R. B, and Park, R, “Strength of Con-
crete Filled Steel Tubular Columns” Journal of
the Structural Division, ASCE, Vol. 95, No. ST12,

1969, pp 2565-2587.

[5] K. Z. Nasser “A Fuzzy Interface System to Predict
Ultimate Strength of Circular Concrete Filled
Steel Tubular Columns” Eng. & Tech. Journal,
Vol. 30, No.3,2012.

[6] Ge, H. B, and Usami, T., “Strength of Concrete-
Filled Thin-Walled Steel Box Columns: Experi-
ment,” Journal of Structural Engineering, ASCE,

Vol. 118, No 1, 1992, pp 3036- 054.

[7] Schneider, S.P., "Axially loaded concrete-filled
steel tubes”, Journal of Structural Engineering,

Vol. 124, No. 10, October 1998.

K. Z. Nasser “Structural Behavior of Concrete
Filled Aluminum Tubular Columns” Basrah
Journal for Engineering Science, 2012.

[9] Bradford, M. A., “Design Strength of Slender Con-
crete-Filled Rectangular Steel Tubes,” ACI Struc-
tural Journal, Vol. 93, No. 2, 1996, pp 229-235.

(8]

[10] Garder ], Jacobson R. "Structural behavior of
concrete filled steel tubes." ACI ] Struct Div

1967;64(7):40413,

[11] Lam, D., and Wong, K.K.Y., "Axial capacity of
concrete filled stainless steel columns", ASCE
Journal of Structures 2005, pp. 1107-1120.

[12] P.K. Gupta, S.M. Sarda, and M.S. Kumar “Exper-
imental and computational study of concrete
filled steel tubular columns under axial loads”,

Journal of Constructional Steel Research 63,
2007, pp 182-193.

[13] Y.C. Yeh, Y.H. Kuo, D.S. Hsu, Building an expert
system for debugging FEM input data with arti-

ficial neural networks, ]. Expert Syst. Appl. 5
(1992) 59-70.

[14] I Yeh, Design of high-performance concrete
mixture using neural networks and nonlinear
programming, J. Comp. Civ. Eng. 13 (1) (1999)

36-42.

200

[15] U. K. Nath, M. K. Goyal, and T. P. Nath,. “Predic-
tion of Compressive Strength of Concrete using
Neural Network”, International Journal of
emerging trends in engineering and develop-
ment Issue 1, Vol. 1, August-2011, pp 32-43.

[16] P. Ch. Deka,. And S. N. Diwate “Modeling Com-
pressive Strength of Ready Mix Concrete Using
Soft Computing Techniques”., International
Journal of Earth Sciences and Engineering 793
ISSN 0974-5904, Volume 04, No 06 SPL, October
2011, pp. 793-796.

A. Abdollah zadeha, R.Masoudniaa, And S.
Aghababaeib “Predict Strength Of Rubberized
Concrete Using Atrificial Neural Network”,
Wseas Transactions On COMPUTERS , Issue 2,
Volume 10, February 2011., pp. 31-40.

[17]

[18] M. H. Ayazil, V. R. Tosee 2, And M. Z. Jumaat 3
“Application of Artificial Neural Networks In
Compressive Strength Prediction of Lightweight
Concrete With Various Percentage Of Scoria In-
stead of Sand”.,, Engineering E-Transaction (Issn
1823-6379) Vol. 4, No. 2, December 2009, pp 64-
68.

[19] M. M. Alshihri a, Ahmed M. Azmy b, and Mousa
S. El-Bisy “Neural networks for predicting com-
pressive strength of structural light weight con-

crete” Construction and Building Materials,
23(2009):2214-2219.

[20] Mostafa Erfani, Ehsan Noroozinejad Farsangi
“Fuzzy Neural Network Utilization in Prediction
of Compressive Strength of Slag-Cement Based
Mortars”, Australian Journal of Basic and Ap-
plied Sciences, 4(10): 4962-4970, 2010.

[21] C.Bas,yigit £ Iskender Akkurt £ S. Kilincarslan
A& A. Beycioglu “Prediction of compressive
strength of heavyweight concrete by ANN and
FL models” Neural Comput & Applic (2010)
19:507-513.

[22] M. Saridemir “Predicting the compressive
strength of mortars containing metakaolin by
artificial neural networks and fuzzy logic”, Ad-
vances in Engineering Software, 40(2009):
920-927.

[23] A. A. Khalaf, K. Z. Naser and F. Kamil “Prediction
the Ultimate Strength of Circular Concrete Filled
Steel Tubular Columns by Using Artificial Neu-
ral Networks”. International Journal of Civil En-
gineering and Technology (IJCIET), Volume 9,
Issue 7, July 2018, pp. 1724-1736.

[24] Razavi S. V.1, Jumaat M. Z.1 and Ahmed H. EI-
Shafie “Using feed-forward back propagation
(FFBP) neural networks for compressive



strength prediction of lightweight concrete
made with different percentage of scoria in-
stead of sand” International Journal of the Phys-
ical Sciences, Vol. 6(6), pp. 1325-1331, 18
March, 2011.

[25] Kim, D.K,, “A Database for Composite Columns”,
M.Sc thesis, School of Civil and Environmental

Engineering, Georgia Institute of Technology,
2005.

[26] AISC, 2005, "Specification for Structural Steel
Buildings", American Institute of Steel Con-
struction, Chicago, IL.

[27] Eurocode 4, 1994, DD ENV 1994-1-1, "Design of
Composite Steel and Concrete Structures, Part
1.1: General Rules and Rules for Buildings (with
U.K National Application Document)"”, British
Standards Institution, London.

201



