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ABSTRACT

Quantitative X-ray diffractometry using a Rietveld-based computational method was carried
out for a series of Calcium Aluminate Cement (CAC) samples. This indicated that the CA
content ranged between 37.7% to 47.7% while Brownmillerite (CsAF) amount varies between
11.0% to 23.6%. Magnetite was found in all the samples, ranging from 0.7% to 3.9% while
Gehlenite amount varies between 0.5% and 6.5%. The amount of spinel varies between 0.5%
and 0.1% and its average value is 1.3%.. The amorphous content of CAC is ranged between
12.0% and 32%. The Mayenite and amorphous content could be a good indicator of the Rapid
Hardening (RH) property of CAC. Samples with the high Mayenite content showed less RH
properties, whereas RH increased as the content of amorphous material increased. The RH
properties of CAC based on its mineralogical composition was predicted through various
neural network techniques. The R? value of the models was 0.39 for Linear Regression
analysis model (LR), 0.56 for feed forward neural network (ANN) and 0.78 for Generalized
Regression Neural Network (GRNN) approaches. The best prediction approach for RH value
of the CAC with an Al>O3 content of 40% was GRNN that can be applied to predict RH.
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oz

Bir dizi Kalsiyum Aliiminat Cimentosu (CAC) numunesi Rietveld tabanli hesaplama yontemi
kullanilarak nicel X-ismmi difraktometresi yontemi ile incelenmistir. Analiz sonuglarr, CAC
iceriginin %37.7 ile %47.7 arasinda, Brownmillerit (C4AF) miktarimin ise %11.0 ile %23,6
arasinda degistigini gostermistir. Tiim orneklerde %0,7 ile %3,9 arasinda degisen manyetit
bulunurken, Gehlenit miktart %0,5 ile %6,5 arasinda degismektedir. Spinel miktart %0.5 ile
%0.1 arasinda degismektedir ve ortalama degeri %1.3 tiir.. CAC'nin amorf igerigi %12.0 ile
%32 arasinda degismektedir. Mayenit ve amorf icerikleri, CAC'nin Hizli Sertlestirme (RH)
ozelliginin iyi bir gostergesi olabilir. Mayenit icerigi yiiksek olan numuneler daha az RH
ozelligi gosterirken, amorf malzeme icerigi arttikca RH artmistir. CAC'nin mineralojik
bilesimine dayanan RH ozellikleri, cesitli sinir agi teknikleri ile tahmin edildi. Modellerin R?
degeri, Lineer Regresyon analiz modeli (LR) igin 0.39, Ileri Beslemeli Sinir Ag1 (ANN) igin
0.56 ve Genellestirilmis Regresyon Sinir Ag1 (GRNN) yaklasimlar: icin 0.78'dir. %40 Al,03
icerigine sahip CAC'nin RH degeri icin en iyi tahmin yaklasimi, RH'yi tahmin etmek icin
uygulanabilen GRNN yéntemi olmustur.

Anahtar Kelimeler: CAC, GRNN, sinir agi, hizli sertlestirme, Rietveld

INTRODUCTION

CAC is well known and used in various applications (Péllmann, 2001; Pllmann, 2012). One
of the known special characteristics of (CAC) is its rapid hardening (RH) property. Hydraulic
hardening of CAC is primarily due to the hydration of CA, but other compounds may also
participate in the hardening process especially in long term strength development (Bensted,
2002). A model is proposed to predict the mechanical performance of CAC based on the
composition of cement, curing temperature, fineness and water to cement ratio. It is explained
that the main reaction scheme of the CA hydration at temperatures less than 20°C is applied to
predict the composition of iron-rich calcium aluminate cement paste (Ukrainczyk et al., 2008).
In this study, a model is proposed to explain the relationship between mineralogical content
and rapid hardening property of CAC.

EXPERIMENTAL
Mechanical properties and mineralogical content of the CAC samples produced according to
TS EN 14647 standard were examined. Elemental analyses of CAC samples were carried out
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by X-ray fluorescence (XRF) spectrometry technique. X-ray diffraction (XRD) data of the
CAC samples were obtained using a Rigaku diffractometer system with CuKa radiation at the
laboratories of the Cimsa Cement Plant, Adana, Turkey. Samples were run from 2° to 70° 20,
with a step of increment of 0.02° and counting time of 2 s/step, and the relevant data were
stored in a digital form. Diffractograms obtained from the CAC samples were evaluated using
an interactive data processing system based on Rietveld interpretation methods (Rietveld,
1969). This approach provides a definitive appraisal of the minerals actually present in
crystalline form, which is more germane to the applications in the present study. The
amorphous content was estimated by “spiking” the sample with a known weight of an internal
standard, e.g. corundum, which were not already present in the sample. RH tests are carried
out at the laboratories of the Cimsa Cement Plant, Adana, Turkey according to TS EN 196-3.

The statistical characteristics of the CAC samples are summarized in Table 1.

Table 1. Range of the analyses of CAC samples studied.

Cizelge 1. Incelenen CAC numunelerine iliskin analiz sonuclar

Variable Min. Max. Mean Std. Dev.
(%) (%) (%) (%)
Calcium Dialuminum Oxide (CA2) 37.7 47.6 43.8 2.0
Mayenite (C12A7) 0.5 2.4 1.4 0.4
Brownmillerite (C4AF) 11.0 23.6 15.6 2.6
Gehlenite (C2AS) 0.5 6.5 2.5 1.2
Spinel (MgAl;0.) 0.0 1.3 0.5 0.3
Perovskite (CaTiOz) 1.8 3.9 2.7 0.5
Hematite (Fe203) 0.1 1.0 0.6 0.1
Calcium Aluminium Magnesium 0.0 6.2 1.4 1.0
Silicate

(Na, Ca)o.33 (Al, MQg)2 (Si2010)
Magnetite (Fe3Oa) 0.7 3.9 2.6 0.6
Tricalcium Titanium Oxide (C3FT) 0.6 1.3 1.0 0.1
Dicalcium Silicate-Alfa (C2S) 1.0 4.5 2.6 0.5
Dicalcium Silicate-Beta (C>S) 0.0 3.9 2.0 0.6
Wouestite (FeO) 0.0 0.4 0.0 0.1
Amorphous Content 12.0 32.9 23.3 3.6
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Ninety-seven CAC samples were studied. 67 samples from them were selected randomly for
training prediction approach, and remaining 30 samples were utilized as test data set. In this
random selection procedure, k-fold cross validation method was applied. Linear Regression
(LR), Feedforward Neural Networks (ANN) and Generalized Regression Neural Networks
(GRNN) artificial intelligence approaches were built to predict the RH values of CAC using
the experimental data obtained at the laboratory. All of these methods were trained and tested

by the same random divided train and test datasets in order to make a fair comparison.

The artificial neural network structure that was used in the study is given in Figure 1. The feed
forward neural network approach is selected for modelling the system. In this approach the
neural network consists of neurons which are arranged into three or more layers which are
input, hidden and output layers. In this study, there are fourteen inputs which are given in
Table 1. The number of hidden neurons in the hidden layer is set to three after some
experiments with different numbers of neurons. The number of outputs is one which is the
initial set value of the CAC sample. In this ANN approach each neuron is connected between
a weight coefficient and it is aimed at determining the best weight values which reflects the
degree of importance of the given connection (Svozil et al., 1997). An iterative training
procedure, which is aimed to minimize errors between predictions and actual data samples, is
applied for determining best weight coefficient values. In this study, Levenberg-Marquadt

learning algorithm (Hagan et al., 1999) is used for this aim.

GRNN is one of the variations of radial basis neural networks which provide one pass training
algorithm (Specht, 1991). In this algorithm, the spread value affects the performance of the

algorithm. In this study, it is set 0.96 after some experimental calculations.

RESULTS

The main crystalline phases of CAC with an Al>Oz content in the region of 40% are
Monocalciumaluminate (CA) and Brownmillerite (CsAF), whereas the minor phases are
Mayenite (C12A7), Gehlenite (C2AS), Spinel, Magnetite and Calcium Aluminum Magnesium

Silicate. The CAC also significantly contains an amorphous phase.
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The results of Rietveld analyses indicated that The CA content ranges between 37.7% to
47.7% with an average of 43.8% while C4AF amount varies between 11.0% to 23.6% with an
average of 15.6%. The Magnetite is found in all the samples, ranging from 0.7% to 3.9%
while Gehlenite amounts vary between 0.5% and 6.5%. The Spinel amount stands between
0.1% to 1.3% with an average of 0.5%. The amorphous content of CAC is ranged between
12.0% and 32%.

The obtained formula of the linear regression analysis (LR) shows that Constant term,
Wouestite, CAz, C4AF and Amorphous Content terms are most influenced parameters on the
RH value. Other parameters have lower coefficient values or not significantly affect the model
(p values greater than 0.05). The regression model seems significant (p=0.001) it means that

the results obtained from the model can be used.
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Figure 1. ANN Structure
Sekil 1. ANN yapisi
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RH = —2943.666 + 37.258 x [Calcium Dialuminum Oxide (CA2)] — 3.979 x [Mayenite (C12A7)]
+ 33.121 x [Brownmillerite (C4AF)] + 17.304 x [Gehlenite (C2AS)]
+ 31.160 x [Spinel (MgAl204)] + 34.098 x [Perovskite (CaTi03)]
27.538 x [Hematite (Fe203)]
32.942 x [Calcium Aluminium Magnesium Silicate (Na, Ca)0.33 (Al,Mg)2 (Si4010)]
27.332 x [Magnetite (Fe304)] + 9.93 x [Tricalcium Titanium Oxide (C3FT)]
5.237 x [Dicalcium Silicate — Alfa (C2S)] — 11.28 x [Dicalcium Silicate — Beta (C25)]
67.593 x [Wuestite (Fe0)] + 34.663 x [Amorphous Content)] (@Y

+
+
+
+

Figure 2 shows the actual and prediction values of all prediction methods. It seems that GRNN
has more convergence on the changings in actual RH values. Especially all the methods have

worse predictions in the samples between 88 and 97.
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Figure 2. Comparison of the methods

Sekil 2. Farkl kestirim yontemlerinin karsilagtiriimasi

Figure 3 shows the performance of methods on the test samples. It is important to predict test
samples accurately because, the test samples are not used in the training phase. The figure

shows us that the GRNN has a good prediction of RH values in almost all cases.
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Figure 3. The performance of methods

Sekil 2. Yontemlerin performansi

The performance of the methods is summarized in Table 2. The results show us that the
GRNN method has better performance on the training data, however ANN has better
performance on the test dataset for all performance criteria. Mean absolute percentage error
values (MAPE) is less than 7% for all methods it means that the predictions are deviated at
most 7 percent average from the actual value. According to mean absolute errors (MAE), the
method deviates actual RH values at most 19 on average. According to the overall dataset,

GRNN seems to have better results for all performance criteria.

Table 2. Performance of the prediction methods

Cizelge 2. Kestirim yontemlerinin performansi

Performance Train Dataset Test Dataset Overall Dataset
Criteria LR ANN | GRNN LR ANN | GRNN LR ANN | GRNN
R? 0.474 | 0584 | 0.913 | 0.451 | 0.630 | 0.377 | 0.389 | 0.561 | 0.775

MAE 18.359 | 16.000 | 6.504 |18.620 | 16.090 | 18.468 | 19.960 | 16.673 | 10.419

MAPE 0.0633 | 0.053 | 0.021 | 0.065 | 0.057 | 0.065 | 0.069 | 0.056 | 0.035
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RESULTS AND DISCUSSIONS

One of the known special characteristics of CAC is its RH property. There is a strong
relationship between mineralogical composition and the hardening property of CAC.

All the estimation methods used have worse prediction in the samples between 88 and 97 may
be due to the presence of minor elements, such as Rare Earth Elements (REE) in the bauxite
ores used as raw material and not included in the estimation models. It is proposed to
investigate the REE contents of CAC.
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