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In this study, an artificial neural network model for compressive strength of self-compacting concretes
(SCCs) containing mineral additives and polypropylene (PP) fiber exposed to elevated temperature were
devised. Portland cement (PC) was replaced with mineral additives such as fly ash (FA), granulated blast
furnace slag (GBFS), zeolite (Z), limestone powder (LP), basalt powder (BP) and marble powder (MP) in
various proportioning rates with and without PP fibers. SCC mixtures were prepared with water to pow-
der ratio of 0.33 and polypropylene fibers content was 2 kg/m3 for the mixtures containing polypropylene
fibers. Specimens were heated up to elevated temperatures (200, 400, 600 and 800 �C) at the age of
56 days. Then, tests were conducted to determine loss in compressive strength. The results showed that
a severe strength loss was observed for all of the concretes after exposure to 600 �C, particularly the con-
cretes containing polypropylene fibers though they reduce and eliminate the risk of the explosive spall-
ing. Furthermore, based on the experimental results, an artificial neural network (ANN) model-based
explicit formulation was proposed to predict the loss in compressive strength of SCC which is expressed
in terms of amount of cement, amount of mineral additives, amount of aggregates, heating degree and
with or without PP fibers. Besides, it was found that the empirical model developed by using ANN seemed
to have a high prediction capability of the loss in compressive strength of self compacting concrete (SCC)
mixtures after being exposed to elevated temperature.

� 2011 Elsevier Ltd. All rights reserved.
1. Introduction

In recent years, the utilization of high performance concrete has
been the interests of the researchers and structural engineers. As a
high performance concrete, SCC is a highly flowable concrete that
can fill formwork without any mechanical vibration. SCC’s unique
property gives it significant economic, constructability and engi-
neering advantages [1,2]. Due to its specific properties, which are
achieved by the excellent coordination of deformability and segre-
gation resistance. The development and use of SCC have shown
that it can successfully be produced from a wide range of compo-
nent materials, notably mineral additives as cement replacement
materials in many countries.

SCC mixes often use a large quantity of powder materials as
mineral additives and/or viscosity-modifying admixtures. The
powder materials or viscosity agents are required to maintain suf-
ficient cohesion/stability of the mix. The requirement for increased
powder content in SCC is usually met by the use of pozzolanic or
ll rights reserved.
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less reactive filler materials. A number of studies [3–6] have been
reported in the literature concerning the use of mineral additives
to enhance the self-compactibility characteristics and to reduce
the material cost of the SCCs. These may include fly ash (FA),
granulated ground blast furnace slag (GBFS), limestone powder,
metakaolin, etc. The use of mineral additives could increase the
slump of the concrete mixture without increasing its cost. More-
over, the incorporation of mineral additives also eliminates the
need for viscosity-enhancing chemical admixtures. The lower
water content of the concrete leads to higher durability, in addition
to better mechanical integrity of the structure. The characteristics
of this concrete such as high content of mineral additives, large
paste volume linked to its placing conditions could modify its
mechanical behavior, comparatively to traditional vibrated con-
crete. The behavior of SCC subjected to high temperature has in
particular to be evaluated. The few studies on SCC subjected to
high temperature show both a decrease in strength and an increase
in the risk of spalling [7] or a behavior similar to that of vibrated
concrete [8].

High temperature causes dramatic physical and chemical
changes resulting in the deterioration of the concrete [9]. Although
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concrete is recognized as an excellent thermal-resistant material
among various construction materials, critical deterioration of con-
crete is observed when it is exposed to high temperature like as in
the case of fire. A number of physical and chemical nonreversible
changes occur in concrete when subjected to high temperature.
Concrete damage due to high temperature includes weight loss,
reductions in strength and modulus of elasticity, and formation
of cracks and large pores [10]. Industrial by-products and solid
wastes such as mineral additives could be used in concrete as a
replacement material to reduce harmful effects of concrete indus-
try on the environment. Therefore strength and durability charac-
teristics of concrete containing mineral additives as partial
replacement of cement should be investigated.

The advantages of SCCs result from the improvement of internal
structure of the material as compared to that of the normal con-
crete. The dense microstructure of SCC ensures a high strength
and a very low permeability. The low permeability is probably
essential to obtain good durability in severe exposure conditions
where there are aggressive agents such as sulfate and chloride.
However, the dense microstructure of SCC seems to be a disadvan-
tage in the situation where the SCC is exposed to fire. Recent fire
test results show that there is a great difference between the prop-
erties of SCC and normal vibrated concrete after being subjected to
high temperature [11]. Some authors [7,12,13] have already ob-
served that the risk of spalling is more pronounced for SCC than
for vibrated concrete when subject to rapid temperature rise such
as in the case of a fire.

Fibers have extensively been used to improve the ductility of
concrete. The polypropylene fiber has a low Young’s modulus so
they cannot prevent the formation and propagation of cracks at
high stress level but they can bridge large cracks [14,15]. Recently,
it has been found that a number of fibers can also improve the
residual properties of concrete after exposure to elevated temper-
atures. Several studies carried out by different authors [16,17]
show that concrete thermal stability is improved by incorporating
polypropylene fibers to the mix. Polypropylene (PP) fibers have
been used to considerably reduce the amount of spalling and
cracking and to enhance the residual strength [18,19]. Since the fi-
bers melt at approximately 160–170 �C, they produce expansion
channels. The additional porosity and small channels created by
polypropylene fibers melting may lower internal vapor pressure
in the concrete and reduce the likelihood of spalling, according to
Noumowé [20]. But minimal or even negative effects of PP fibers
on the residual performance of the heated concrete were also ob-
served. The additional porosity due to the melting of polypropyl-
ene fibers can lead to a decrease of the residual mechanical
performances of concretes. Results of the literature on this subject
are contradictory. Several studies carried out by different authors
as [20,21] show a decrease of residual strength in agreement with
the additional porosity while other authors as [16,22] obtain the
improvement of the residual strength. The difference between
the results can be related to the experimental conditions, the cure
condition of the specimen (dry or saturated state) and the heating
rate.

The artificial neural networks solve very complex problems
with the help of interconnected computing elements. Basically,
the processing elements of a neural network are similar to the
neurons in the brain, which consist of many simple computa-
tional elements arranged in layers [23]. In recent years, the ANNs
have been extended extensively and applied to many civil engi-
neering applications such as concrete durability [24], drying
shrinkage [25], ready mixed concrete delivery [26], slump model
[27], workability of concrete with metakaolin and fly ash [28,29],
mechanical behavior of concrete at high temperatures [30–32],
and long term effect of fly ash and silica fume on compressive
strength [33].
The aim of this study is to construct an ANNs model to predict
the compressive strength of SCC subjected to elevated tempera-
tures up to 800 �C. For this purpose, data for developing the artifi-
cial neural network model are collected from the experiments. The
study also improves the understanding of the influence of mix pro-
portion parameters and heating degree on the behavior of SCCs
subjected to elevated temperatures.

2. Experimental procedure

2.1. Materials

The Portland cement used in this study complied with EN 197-1 and labeled as
CEM I 42.5 R. Specific surface area by Blaine and 28th day compressive strength of
cement were 399.6 m2/kg, and 45.1 MPa, respectively. A natural river sand and
crushed limestone with a maximum size of 16 mm was used as fine and coarse
aggregates, respectively. The specific gravity and water absorption properties of riv-
er sand and crushed limestone are 2.59, 1.44%, and 2.73, 0.22%, respectively. Be-
sides, GBFS, fly ash, zeolite, marble powder, limestone powder and basalt powder
were used in SCC mixtures in order to establish the performance of mineral addi-
tives. GBFS was provided by Akcansa cement grinding plant. The zeolite was ob-
tained from a local mining company in Gordes. Fly ash procured from Cayirhan
power plant and can be classified as Class C according to ASTM C 618 [34]. Marble
powder (MP) was obtained from a marble managing plant in Bilecik directly used in
SCC without any processes. Basalt powder and limestone powder were by-product
of quarry crushers and collected from the filtration system of a quarry crushers. The
particle size distributions of these materials were obtained by a laser scattering
technique and are presented in Fig. 1. The physical, chemical and mechanical char-
acteristics of Portland cement and mineral additives used in this study are given in
Table 1.

2.2. Mix proportions

A total of 34 concrete mixtures with mineral additives were prepared in two
series with different combinations. Specimens of the first series were made without
PP fibers while specimens of the second series were made with PP fibers. The sec-
ond series were designed to evaluate the effects of PP fibers after subjecting to high
temperature contained 2 kg/m3 PP fibers. Details of mixture proportions were
shown in Table 2 for only first series without PP fibers. As seen in that table, the
mixtures were coded such that the ingredients were identifiable from their IDs.
Cement was replaced at three proportions (20%, 40%, 60%) with granulated blast
furnace slag by weight in GBFS series. In FA series, cement was replaced at three
proportions (15%, 25%, 35%) with fly ash by weight. In zeolite (Z) serial, cement
was replaced at one proportion (5%) with zeolite by weight because, other
proportioning rates did not provide self-compactibility properties. However, marble
powder (MP), limestone powder (LP) and basalt powder (BP) were replaced at same
proportions (10%, 20%, 30%) with cement by weight. After the preliminary investi-
gations, the total powder content was fixed to 550 kg/m3 and the water–powder
ratio (w/p) was selected as 0.33. A 50 dm3 batch has been prepared for each
mixture. Tap water used was obtained from the city waterworks of Sakarya for
the production of concrete mixtures during the experimental procedure. A new
generation polycarboxylate based superplasticizer having 20.5% solid content,
1.04 specific gravity and 8 pH was employed. It was used in the mixtures various
proportions of binder materials by weight for providing ‘‘self-compactibility’’.

2.3. Casting, testing and curing of specimens

Each concrete mixture was cast in cubic molds with dimensions of
10 cm � 10 cm � 10 cm to determine the variation of compressive strength of SCC
specimens after being exposed to elevated temperature. Before casting, slump-flow
test, T50 test, V-funnel test were attempted as workability tests on fresh concrete for
determining the properties of SCC such as filling ability and passing ability accord-
ing to the EFNARC Committee’s suggestions [35]. Specimens were then cast in steel
molds and were not subjected to any compaction other than their own self-weights.
The specimens were kept covered in a controlled chamber at 20 ± 2 �C for 24 h until
demolding. Thereafter, specimens were placed in water at 20 �C and 60% RH until
the 28th days. Later, they were kept in air until 56th day in laboratory where the
relative humidity and the temperature were about 60% and 20 �C respectively.

At the 56th day after the specimens placed in an electric furnace in which
temperature is increased to the desired temperatures at a rate of 1 �C/min, and they
were kept at maximum temperature for 3 h [36]. At the end of 3 h exposure to the
maximum temperature the power was shut off and the specimens were remained
until the furnace cooled down to room temperature to prevent the thermal shock to
the specimens. The cooling rate was about 0.4 �C/min. During the heating period
moisture in the test specimens was allowed to escape freely. The applied heating
curve was not the standard fire time–temperature curve but a heating–cooling
cycle close to RILEM recommendations [37]. The test specimens were subjected
to 200, 400, 600, 800 �C, and the variation of compressive strength of SCC specimens



Fig. 1. The particle size distributions of mineral additives and Portland cement.

Table 1
Properties of Portland cement and mineral additives.

Component (%) Cement FA GBFS MP BP LP Z

Chemical composition (%)
SiO2 19.10 47.09 40.98 0.70 54.62 4.93 71.02
Fe2O3 3.24 8.34 1.95 0.12 4.14 0.58 1.70
AI2O3 4.85 17.41 10.82 0.29 9.60 0.82 11.80
CaO 61.86 13.98 34.85 55.49 12.80 51.97 3.40
MgO 2.02 1.85 8.24 0.23 4.66 0.58 1.40
SO3 2.63 4.65 0.80 – 0.66 – –
CI� – – 0.017 – – – –
Loss ignition 2.90 1.79 – 42.83 9.94 40.40 12.20
K2O – 1.80 1.13 1.80 1.62 – 2.40
Na2O – 2.44 0.36 2.44 0.84 – 0.40

Physical properties
Specific gravity 3.08 2.17 2.92 2.71 2.76 2.79 2.14
Blaine (cm2/g) 3996 2469 2610 8889 6284 2500 –
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were compared to that observed at 20 �C. After the specimens cooled to room tem-
perature they were taken out of the furnace and their residual compressive strength
was determined. Thereafter, for each type of concrete the residual properties were
compared to the properties of unheated control specimens. Six specimens of each
mix type and heating cycle, three of them with PP fibers and the rest without PP
fibers, were tested for the loss in compressive strength.
Table 2
Mix proportions of SCC for 1 m3.

Materials (kg/m3) Cement FA GBFS Z LP BP

Control 550 – – – – –
UK15 467 83 – – – –
UK25 412 138 – – – –
UK35 357 193 – – – –
GBFS20 440 – 110 – – –
GBFS40 330 – 220 – – –
GBFS60 220 – 330 – –
Z5 522 – – 28 – –
LP10 495 – – – 55 –
LP20 440 – – – 110 –
LP30 385 – – – 165 –
BP10 495 – – – – 55
BP20 440 – – – – 110
BP30 385 – – – – 165
MP10 495 – – – – –
MP20 440 – – – – –
MP30 385 – – – – –
3. Experimental results and discussions

3.1. Fresh properties

The results of fresh properties of all SCC mixtures are included
in Table 3. The slump flow indicates the mean diameter of the mass
of concrete after release of a standard slump cone; the diameter is
measured in two perpendicular directions. In terms of slump flow,
all SCC mixtures exhibited satisfactory slump flows in the range of
690–750 mm, which is an indication of a good deformability. FA
and GBFS series have shown higher and LP, BP, MP series showed
lower slump flow values. Due to its spherical shape, fly ash can dis-
perse agglomeration of cement particles. When cement is replaced
by fly ash, a lower dosage of superplasticizer is required to main-
tain the same filling ability. Because superplasticizer dosage kept
constant for all the mixtures, FA series had more superplasticizer
dosage to provide same slump-flow than other mixtures and have
shown higher slump-flow values.

Moreover, comparing to the other mineral admixtures, the FA
particles had a spherical geometry and a coarse particle size, caus-
ing a reduction in the surface area. In addition, a partial replace-
ment of cement by FA results in higher volume of paste due to
MP Water w/c w/p Sand CSI CSII SP

– 182 0.33 0.33 869 467 311 8.80
– 182 0.39 0.33 865 457 305 8.53
– 182 0.44 0.33 887 451 301 8.25
– 182 0.51 0.33 878 445 297 7.98
– 182 0.41 0.33 866 465 310 9.35
– 182 0.55 0.33 863 463 309 9.08
– 182 0.83 0.33 861 461 308 8.80
– 182 0.35 0.33 869 460 310 9.63
– 182 0.37 0.33 866 464 311 9.08
– 182 0.41 0.33 863 463 308 8.80
– 182 0.47 0.33 860 461 307 8.53
– 182 0.37 0.33 866 465 310 9.63
– 182 0.41 0.33 863 463 309 9.63
– 182 0.47 0.33 861 462 307 9.90

55 182 0.37 0.33 867 466 311 8.90
110 182 0.41 0.33 865 465 309 9.08
165 182 0.47 0.33 863 463 312 9.85



Table 3
Fresh properties of SCC mixtures.

Concrete type Slump (mm) T50 (s) Vfunnel (s) h2/h1

Control 690 4.25 14.44 0.820
UK15 710 3.13 9.34 0.908
UK25 740 2.22 11.58 0.924
UK35 740 2.18 16.97 0.905
GBFS20 700 3.09 12.00 0.932
GBFS40 740 2.10 14.32 1.000
GBFS60 750 2.02 10.03 0.980
Z5 710 4.15 14.12 0.880
LP10 720 3.81 12.75 0.914
LP20 710 4.03 13.91 0.900
LP30 690 4.57 15.57 0.840
BP10 700 4.34 13.83 0.820
BP20 690 5.00 18.35 0.820
BP30 710 3.25 8.58 0.880
MP10 710 2.34 16.13 0.930
MP20 710 3.22 13.25 0.943
MP30 700 2.53 12.21 1.000

Table 4
Compressive strength of the SCC mixtures containing mineral additives without PP
fibres after exposure to various high temperatures.

Mix 20 �C 200 �C 400 �C 600 �C 800 �C

Control 75.89 78.82 62.49 38.67 18.96
UK15 74.21 76.59 62.4 37.54 17.55
UK25 73.36 71.68 60.53 33.77 17.12
UK35 67.47 66 56.32 30.58 14.21
GBFS20 69.3 68.93 56.42 29.69 15.26
GBFS40 65.17 67.5 52.27 28.02 12.94
GBFS60 60.21 56.65 48.11 27.35 10.87
Z5 71.59 72.96 54.43 35.32 16.9
LP10 72.09 71.1 60 33.9 16.4
LP20 65.91 64.85 52.01 33.83 13.85
LP30 62.2 60.06 48.08 30.05 12.44
BP10 73.39 74.2 59.66 37.03 17.31
BP20 77.17 77.3 64.89 40 18.87
BP30 74.77 77.51 60.78 39.59 16.9
MP10 76.28 72.82 60.25 37.7 16.78
MP20 77.47 71.61 60.51 39.86 16.29
MP30 70.8 65.09 56.12 36.91 13.86

Table 5
Compressive strenth of the SCC mixtures containing mineral additives with PP fibres
after exposure to various high temperatures.

Mix 20 �C 200 �C 400 �C 600 �C 800 �C

Control 74.77 65.97 56.5 31.44 13.29
UK15 73.4 62.38 54.33 28.87 13
UK25 72.3 61.9 50.89 27.76 12.85
UK35 67.4 49.67 44.77 24.83 10.7
GBFS20 68.51 53.33 45.9 26.94 10.1
GBFS40 65.29 52 42.48 25.14 9.4
GBFS60 60 43.45 40.81 19.69 8.16
Z5 70.41 53.92 48.30 26.33 12.63
LP10 72.1 56.51 49.89 28.84 13.87
LP20 64.89 50.09 43.74 27.47 10.87
LP30 62.3 49.95 40.5 23.77 8.83
BP10 72.7 61.29 55.98 31.58 11.63
BP20 76.09 60.05 55.87 32.21 13.9
BP30 73.19 57.57 53.61 29.57 9.95
MP10 76.22 62.89 57.43 30.81 12.03
MP20 77.45 62.12 49.75 28.74 11.57
MP30 70.92 53.57 40.68 26.38 10.45
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its lower density and this increase in the paste volume reduces the
friction at the fine aggregate-paste interface and improves the
cohesiveness and plasticity, and thus leads to increased workabil-
ity [38]. The slump flow time for the concrete to reach diameter of
50 cm (T50) for all the mixtures was less than 5 s and all SCC mix-
tures showed flow time values in the range of 2–5 s. Both the
slump flow values and the T50 times are in good agreement to that
of the values given by European guidelines for range of applica-
tions [35].

In addition to the slump flow and T50 time tests, V-funnel test
was also performed to assess the flowability and stability of the
SCC. V-funnel time is the elapsed time in seconds between the
opening of the bottom outlet depending upon the time after which
opened and the time when the light becomes visible from the
bottom, when observed from the top. The V-funnel flow times
were in the range of 8.58–18.35 s. It was suggested by EFNARC
Committee that 11 and 15 s for lower and upper limits of V-funnel
time, respectively, are acceptable for designing the appropriate SCC
mixtures. In Fig. 3, test results of this investigation indicated that
all SCC mixtures do not meet the requirements of allowable flow
time. Therefore, V-funnel time above 15 s would be very cohesive
and hard to handle. L-box test (time taken to reach 400 mm dis-
tance (T400), time taken to reach 800 mm distance (T800) and the
ratio of heights at the two edges of L-box) represents the filling
and passing ability of SCC. L-box test is more sensitive to blocking.
There is a risk of blocking of the mixture when the L-box blocking
ratio is below 0.8 [35]. Blocking ratio of SCC produced with mineral
admixtures is also given in Fig. 3. Blocking ratio (h2/h1) must be be-
tween 0.8 and 1.00. Maximum size of coarse aggregate was kept as
16 mm in order to avoid blocking effect in the L-box test and all the
mixtures of SCC have remained in target range which is as per
EFNARC standards.

3.2. Hardened properties

Tables 4 and 5 present the changes of the compressive strength
of SCC mixtures as a function of temperature. From 20 �C to 200 �C,
SCC mixtures without PP fibers showed decreases in strength ex-
cept FA15, GBFS40, BP10, BP30, Z5 and control mixtures which
these mixtures showed small increases in strength with the high-
est increase in strength of about 4% in control mixture. The
strength gain was probably due to the formation of tobermorite
from the reaction between unhydrated cement particles and lime
at high temperatures [39]. On the other hand, the compressive
strength gains at 200 �C are attributed to the increase in the forces
between gel particles (van der Walls forces) due to the removal of
water content [40]. This finding is also consistent with the work of
other researchers [41]. Several hypotheses have been proposed in
the literature to explain this increase in strength. Dias et al. [42]
attributed the increase in the compressive strength between 150
and 300 �C to a rehydration of the paste due to the migration of
water in the pores. From 200 �C to 400 �C, a decrease was observed
in SCC mixtures without PP fibers, which was 16–24% of the origi-
nal strength and this reduction can be due to the pore structure
coarsening. In addition, this reduction is due mainly to the loss
of water from pores of hydrates as well as to the first stage of dehy-
dration and breakdown of tobermorite gel according to several
authors [43]. The mixtures containing pozzolanic additives per-
formed better and showed higher residual strength compared to
the mixtures containing filler additives.

A severe loss in strength was observed in the 400–600 �C
temperature range. The strength loss was within the range of
47–57%. The mixtures containing filler additives performed better
when compared to the mixtures containing pozzolanic additives.
The quick loss in compressive strength for SCC mixtures has been
attributed to the dense microstructures in this type of concrete,
which led to the buildup of high internal pressure during heating.
Moreover, some researchers reported this strength loss is largely
attributed to decomposition of calcium hydroxide, which is known
to occur between 450 and 500 �C [40]. Furthermore, at high



bias bias

Σ

Σ

Σ

Σ

Σ

Σ

Σ

Input
Layer

Hidden
 Layer

Output
 Layer

Inputs

Fig. 3. Multilayer feed forward neural network structure.

1

2

3

1

2

3

Input layer Hidden layer Output layer

Amount of Cement

Amount of Fly ash

Amount of Limestone
powders

Amount of Zeolite

408 M. Uysal, H. Tanyildizi / Construction and Building Materials 27 (2012) 404–414
temperatures the bond between the aggregate and the paste is
weakened, because the paste contracts following loss of water
while the aggregate expands. On the other hand, at 573 �C, the allo-
tropic transformation of quartz-a into quartz-b takes place with an
expansion [44].

All the SCC mixtures showed severe deterioration in the
600–800 �C temperature range and the average loss was 78% for
concretes. All the series experienced extensive cracking and spall-
ing and their residual compressive strength was less than control
mixture. This is attributed to the presence and amount of mineral
additives in SCC mixtures that produced very denser transition
zone between aggregates and paste due to their ultra-fine particles
as filler and their pozzolanic reactions. During expansion of
aggregate and contraction of paste, higher stress concentrations
are produced in the transition zone. This causes more sensitivity
of the bonding between aggregate and paste containing mineral
additives than that of the control mixture. Thus, greater strength
losses are occurred in the concretes containing mineral additives.
On the other hand, the decomposition of CSH gel was other reason
for severe deterioration.

The comparison of the mixtures containing mineral additives
without PP fibers and the mixtures containing mineral additives
with PP fibers reveals that residual compressive strengths of SCCs
containing PP fibers were obviously lower than those of concretes
without PP fibers in all replacement ratios after exposure to ele-
vated temperatures. The reason for such a difference could be
microchannels which are randomly distributed in concrete be-
cause of melting of fibers at 162 �C. When the temperature exceeds
100 �C, the water begins to vaporize, usually causing a build-up of
pressure within the concrete. The internal pressure inside the con-
crete forces the hardened concrete structure for releasing of vapor
to the outer side. The internal vapor pressure can be released more
easily in concretes containing PP fibers because of existence of
microchannels developed by fibers. When melted fibers leaved
from the concrete structure, fistulous microchannels are remained
hollow. Then these channels decreases residual compressive
strength. Some authors carried out comprehensive investigations
and reported on the effects of PP fibers elevated temperature on
their strength properties and their findings are in line with this
experiment [18,19,45]. The investigation on cement paste by
Komonen and Penttala [46] have indicated that inclusion of PP fi-
bers produces a finer residual capillary pore structure, decreases
residual compressive strength. Poon et al. [47] have concluded that
inclusion of PP fibers results in a quicker loss of the compressive
strength and toughness of concrete after exposure to elevated tem-
peratures (up to 800 �C).
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4. Artificial neural network model for prediction of
experimental results

Artificial neural networks (ANNs) are biologically inspired and
mimic the human brain. They are consisting of a large number of
simple processing elements called as neurons. A schematic dia-
gram for an artificial neuron model is given in Fig. 2.

Let X = (X1, X2, . . ., Xn) represent the n input applied to the neu-
ron. Where Wj represents the weight for input Xj and b is a bias,
X0

V
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W2

W1

W3

u

Fig. 2. Artificial neuron model.
then the output of the neuron is given by Eq. (1). These neurons
are connected with connection link. Each link has a weight that
is multiplied by transmitted signal in network. Each neuron has
an activation function to determine the output. There are many
kinds of activation functions. Usually nonlinear activation func-
tions such as sigmoid, step are used. ANNs are trained by experi-
ence, when an unknown input is applied to the network it can
generalize from past experiences and produce a new result
[46–49].

u ¼
Xm

j¼0

xjwj � b and V ¼ f ðuÞ ð1Þ

Artificial neural networks are systems that are deliberately con-
structed to make use of some organizational principles resembling
those of the human brain [47–50]. They represent the promising
new generation of information processing systems.

When designing an ANN model, a number of considerations
must be taken into account. At first the suitable structure of the
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Fig. 4. ANN architecture.



M. Uysal, H. Tanyildizi / Construction and Building Materials 27 (2012) 404–414 409
ANN model must be chosen. Then, the activation function need to
be determined. The number of layers and the number of units in
each layer must be chosen. Generally desired model consists of a
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number of layers. The most general model assumes complete inter-
connections between all units. These connections can be bidirec-
tional or unidirectional. ANN can create its own organization or
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representation of the information it receives during learning time
[49–51]. There are many kind of ANN structure. One of these is
multilayer feed forward ANN and is shown in Fig. 3.
R2 = 0.9674
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In this study, the problem is proposed to network models by
means of 12 inputs and one output parameter. The parameters
such as amount of cement, amount of fly ash, amount of zeolite,
0,6 0,8 1 1,2

ntal Results

gths (the Fletcher–Powell conjugate gradient backpropagation algorithm).

,6 0,8 1 1,2

tal Results

ngths (the Polak–Ribiere conjugate gradient backpropagation algorithm).

0,6 0,8 1 1,2

ntal Results

ssive strengths (the One step secant backpropagation algorithm).



M. Uysal, H. Tanyildizi / Construction and Building Materials 27 (2012) 404–414 411
amount of limestone powders, amount of basaltic, amount of mar-
ble powders, amount of natural aggregate, amount of group I
aggregate, amount of group II aggregate, polypropylene fibers
and heating degree were selected as input variables. The model
output variable was the compressive strength of the concrete. A
data set including 85 data samples obtained from experimental
studies were used for artificial neural networks. The data were nor-
malized by dividing with max values. ANN architecture used for
this study is given in Fig. 4.

The all algorithms of ANN were used for this study but the
Levenberg–Marquardt backpropagation, the BFGS quasi-Newton
backpropagation, the Powell–Beale conjugate gradient backprop-
agation, the Fletcher–Powell conjugate gradient backpropagation,
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the Polak–Ribiere conjugate gradient backpropagation, the One
step secant backpropagation, the Scaled conjugate gradient
backpropagation were just learning. The computer program
was performed under MATLAB software using the neural
network toolbox. In the training, the number of neuron on the
hidden layer changed to find best results. The best result for
the Levenberg–Marquardt backpropagation was obtained from
the eight neuron. The best result for the BFGS quasi-Newton
backpropagation algorithm was obtained from the eight neuron.
The best result for Powell–Beale conjugate gradient backpropa-
gation was obtained from the five neuron. The best result for
the Fletcher–Powell conjugate gradient backpropagation was
obtained from the nine neuron. The best result for the
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Polak–Ribiere conjugate gradient backpropagation was obtained
from the 10 neuron. The best result for the One step secant
backpropagation was obtained from the 16 neuron. The best re-
sult for Scaled conjugate gradient backpropagation was obtained
from the 14 neuron. A data set including 85 data samples ob-
tained from experimental studies were used for artificial neural
networks. From these, 43 data patterns were used for training
the network, and the remaining 42 patterns were randomly se-
lected and used as the test data set. Figs. 5–10 present the mea-
sured compressive strengths versus predicted compressive
strengths by ANN model with R2 coefficients. Figs. 6 and 12
show that the best algorithm for compressive strength of SCC
exposed to high temperature is the BFGS quasi-Newton back-
propagation algorithm with R2 of 0.9757. The training perfor-
mance during the training process is given in Figs. 11–16
where the variation of mean-square error with training epochs
is illustrated.
5. Conclusions

This study concerns the behavior of SCC exposed to high tem-
perature. Specimens of various concretes compositions were made
and subjected to different temperatures. Effects of high tempera-
ture on the properties of SCCs containing mineral additives were
studied. The losses in compressive strength were investigated.
Based on this present research the following conclusions are
drawn:
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� Among the mineral admixtures considered, the best perfor-
mance has been obtained for FA series as workability proper-
ties. In general, the use of mineral admixtures improved
significantly the workability properties of SCC. To evaluate
workability properties of SCC mixtures as slump-flow, T50 time,
V-funnel time and L-box ratio tests used, it can be seen that all
SCC mixtures have remained in target range for each test except
V-funnel time.
� From 20 �C to 200 �C, some SCC mixtures without PP fibers

showed decreases in strength but some SCC mixtures showed
small increases in strength with the highest increase in strength
of about 4% in control mixture. From 200 �C to 400 �C, a
decrease was observed in SCC mixtures without PP fibers, which
was 16–24% of the original strength.
� A severe loss in strength was observed in the 400–600 �C tem-
perature range. The strength loss was within the range of 47–
57%. The mixtures containing filler additives performed better
when compared to the mixtures containing pozzolanic addi-
tives. All the SCC mixtures showed severe deterioration in the
600–800 �C temperature range and the average loss was 78%
for concretes. All the series experienced extensive cracking
and spalling and their residual compressive strength was less
than control mixture.
� High temperatures can be divided into distinct ranges in terms

of effect on concrete strength. In the range of 20–200 �C, control
mixture performed the best resistance among all the mixtures.
Between 200 and 400 �C, FA15 mixture showed the best
resistance among the mineral admixtures used. Besides, BP30
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mixture had the lowest strength loss in the range of 400–600 �C
and control mixture performed the best resistance among the
mineral admixtures used between 600 and 800 �C.
� The comparison of the mixtures containing mineral additives

without PP fibers and the mixtures containing mineral additives
with PP fibers reveals that residual compressive strengths of SCCs
containing PP fibers were obviously lower than those of concretes
without PP fibers in all replacement ratios after exposure to ele-
vated temperatures. The addition of PP fibers to SCCs had signif-
icant negative effect on the compressive strength of concrete.
� The all algorithms of ANN were used for this study but the

Levenberg–Marquardt backpropagation, the BFGS quasi-New-
ton backpropagation, the Powell–Beale conjugate gradient
backpropagation, the Fletcher–Powell conjugate gradient back-
propagation, the Polak–Ribiere conjugate gradient backpropa-
gation, the One step secant backpropagation, the Scaled
conjugate gradient backpropagation were just learning. The R2

values of the Levenberg–Marquardt backpropagation, the BFGS
quasi-Newton backpropagation, the Powell–Beale conjugate
gradient backpropagation, the Fletcher–Powell conjugate gradi-
ent backpropagation, the Polak–Ribiere conjugate gradient
backpropagation, the One step secant backpropagation, the
Scaled conjugate gradient backpropagation was found 0.9587,
0.9757, 0.9652, 0.9674, 0.9616 and 0.9559, respectively. The
best algorithm for compressive strength of SCC exposed to high
temperature is the BFGS quasi-Newton backpropagation algo-
rithm with R2 of 0.9757. Because experiment results and ANN
model exhibited good correlation, the proposed ANN is a valid
alternative approach to prediction and programming using arti-
ficial neural networks.
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