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Abstract: The primary objective of this research is the development of a prediction model of the compressive strength of geopolymer mortars made with fly ash and granular 
slag which hardened in different curing conditions. Data for the numerical analysis were obtained by experimental research; for this purpose 45 series of geopolymer mortars 
were made, 9 of which were cured in ambient conditions at a temperature of 22 °С, and the remaining were exposed to thermal activation for a duration of 24 h at the 
temperatures of 65 °С, 75 °С, 85 °С and 95 °С. Using machine learning, a Gaussian regression method was developed in which the curing temperature and the percentage 
mass content of fly ash and granular slag were used as input parameters, and the compressive strength as the output. Based on the results of the developed model, it can 
be concluded that the Gaussian regression process can be used as a reliable regression method for predicting the compressive strength of geopolymer mortars based on 
fly ash and granular slag. 
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1 INTRODUCTION 
 

Composites made from waste binders and aggregates 
are environment friendly mixtures and they are a relatively 
new concept in the field of materials. A special attention in 
the field of environmentally friendly building composites 
is attracted by geopolymers which are considered to be 
third generation materials and are defined as a subgroup of 
alkali-activated materials [1]. The mechanical properties of 
geopolymers directly depend on the characteristics of the 
starting materials [2], concentration and quantity of alkali 
solutions [3], but also on the implemented curing regime 
[4-5]. A slow development of initial strengths in ambient 
conditions, as well as somewhat more complex production 
technology in comparison to the cement composites are the 
basic reasons for the small market share of geopolymer 
composites [6]. Accelerated hardening of geopolymers, 
and thus accelerated development of strengths, can be 
provided by thermal activation, i.e. exposure of 
geopolymers to elevated temperatures in a certain time 
interval. Adam and Horanto [7] concluded that duration 
and curing temperature have influence on strength of 
geopolymer paste. According to them, the highest strengths 
of geopolymers were achieved when samples were 
exposed for 20 h to a temperature of 120 °C in a closed 
mould. Kumaravel [8] concluded that the compressive 
strength of geopolymer concrete cured in oven was higher 
than the strength achieved on  ambient cured concrete. He 
found an optimum strength at 60 °C for a day. C. D. Atis et 
al. [9] investigated the effects of exposing geopolymer 
mortars to temperatures in the range 45 °С to 115 °С for   
24 h, 48 h and 72 h on their strength. They concluded that 
the high temperature and the duration of the temperature 
effects had an impact on the development of mechanical 
strengths, and the highest strength was measured on 
samples of geopolymers exposed to temperatures of 115 °С 
for 24 h. There is a small number of studies in which 
comparative testing of the properties of geopolymer 
composites cured in ambient and high temperature 
conditions has been performed [10-14]. The general 
conclusion of the authors is that exposure of samples to 
elevated temperatures provides high early strengths, but 
their increase at later ages is negligibly small. On the other 

hand, in samples cured in ambient conditions, the increase 
in strength over time is slower, but the final values of 
strength are higher compared to geopolymer samples that 
were thermally activated. 

Since in the geopolymer composites the connection 
between the mix design, curing regime and strength is 
complex [15], non-linear and depends on a number of 
factors, and the very preparation process increases the 
consumption of material, time, and human labor leading to 
a higher cost of the final product, this means that the 
mathematical methods for prediction can be of significance 
[16-17]. Most frequently used methods when modelling 
cement composites strength are mathematics statistical 
forecasting method and nonlinear prediction method. Yet, 
they did not prove to be suitable for geopolymer modelling. 
For this purpose, it would be convenient to use the 
numerical method which would form the relationship 
between the dependent and independent variables              
[16, 18-19]. Feeding the system with a set of input datasets 
of various mixtures would perform the prediction of output 
parameters [20]. Most of these papers use the neural 
networks (NN) for predicting and estimating the various 
characteristics of construction materials. Up to date, only a 
few authors tested geopolymers using mathematical 
models. Awoyera et al. [21] modeled the strength 
characteristics of SCC geopolymer by using genetic 
programming and artificial NN techniques. The authors 
develop the minimal errors prediction model with 
compressive strength, split-tensile strength and flexural 
strength parameters as a response. Bagheri et al. [22] 
employed artificial NN in order to create a function of 
compressive strength of boroaluminosilicate geopolymers. 
A model of high level of accuracy and reliability was 
obtained, where R squared and root mean square error were 
0,95 and 0,07, respectively. Hybrid neural networks were 
also considered for predicting the compressive strength of 
geopolymer. In [17] an Adaptive neuro-fuzzy interface 
(ANFFIS) was constructed, trained, and validated to 
predict the compressive strength of geopolymer concrete 
where coarse and fine waste steel slag were used as an 
aggregate. Van Dao et al. [18] investigates a particle swarm 
optimization (PSO)-based adaptive network-based fuzzy 
inference system (PSOANFIS) and a genetic algorithm 
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(GA) based adaptive network based fuzzy inference system 
(GAANFIS), while R of tested models were 0,934 and 
0,927, respectively. The multilayered NN were also 
considered as a promising tool for prediction of mechanical 
characteristics of geopolymers. In [16], the deep NN and 
deep residual NN were trained on a set of 355 samples in 
order to predict the compressive strength of geopolymers. 
The authors concluded that both models can be used to 
predict the compressive strength of geopolymers, yet with 
no normalization and no dropout the deep residual NN 
proved to be better. Other authors used analysis of variance 
on the results in order to assess the value of parameters of 
geopolymers [23]. In their research, M. Lahoti et al. [24] 
used machine learning-based classifiers to predict the 
compressive strength of metakaolin-based geopolymer 
mixes using both data obtained by testing and from the 
literature. As a result of this research, the authors state that 
the implemented machine learning method can be used to 
predict the strength of tested geopolymers of high 
precision. The major problem NN is faced with is 
overfitting. When the model is trained too specifically to 
the training data then it may not be so good in performing 
prediction. This can be a problem when a model has a quite 
large number of parameters and a low number of training 
data. Otherwise, it is possible to train the network even 
with an insufficient predictive capacity [25]. Also, some 
authors attempted other machine learning approaches to 
modeling such as the support vector regression technique 
in order to assume the strength behavior of ground 
granulated blast furnace slag (GGBFS) based geopolymer 
stabilized clayey soil [26]. The Gaussian processes 
regression (GPR) can also be used for regression and 
classification tasks [27] of geopolymers as the probabilistic 
supervised machine learning algorithm. As a non-
parametric model, the GPR method can make predictions 
incorporating prior knowledge (kernels) and provide 
uncertainty measures over predictions and be used 
effectively even when an available data set is relatively 
small. Overfitting is generally not a concern in GPR and 
the biggest advantage of GPR is the ability to choose 
hyperparameters and covariances directly from the training 
data, using either a maximum likelihood or the Bayesian 
approach [28]. 

In this paper GPR models with different kernels for 
predicting mechanical characteristics were developed and 
tested. Experiments were done in a laboratory and the 
obtained input-target values were then used to train the 
regression models. The input data includes curing regime, 
percentage-masse content of fly ash (FA) and GGBFS 
while the target value is the compressive strength. The 
main focus of this research is to develop a compressive 
strength prediction model of geopolymers by using GPR 
when input data change. 
 
2 GAUSSIAN PROCESS REGRESSION ALGORITHM 
 

GPR is a machine learning method based on using 
mathematical concept from machine learning, 
optimisation, the Bayesian inference and statistical 
learning theory [29]. GRP is often called the nonparametric 
model, because it does not rely on a finite set of parameters 
[30]. From the function point of view the Gaussian process 

is defined as any set of finite random variables which have 
a joint (multivariate) Gaussian distribution Eq. (1):  
 

      ', , f x GP x k x x                                                (1) 

 
In other words, GPR calculates the probability 

distribution over all acceptable functions that fit the data, 
rather than calculate the probability distribution of 
parameters of a specific function. The covariance function 
k(x, x') is also known as a "kernel function" and it can be 
expressed in several differential forms. The kernel is 
parameterized by a set of kernel parameters commonly 
known as hyper parameters [31]. 

The joint distribution of the observed values y and the 
predicted values of the Gaussian process, f* at the test 
points x* are calculated as in Eq. (2): 
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K(x, x) denotes the n × n symmetric positive definite 
covariance matrix evaluated at all pairs of training points 

x. K(x, *x ) denotes the covariance matrix of the new input 

test point *x  and all the training points x, and K( *x , *x ) 
denotes the covariance matrix evaluated at the test point x*. 

2
nσ  is the positive noise covariance and In is an identity 

matrix. 
The conditional distribution of the predicted Gaussian 

process conditioned on the observed training outputs y is 
expressed as in Eq. (3): 
 

  , , * *y N f cov f* *f x, x                                        (3) 

 

where: predicted value and test points *x  are given by: 
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So, it can be said, that the Gaussian process regression 
is defined by two functions: the mean function and the 
covariance function. 

Based on the Bayes' theorem (Eq. (4)) the 
hyperparameters are usually computed by maximizing the 

marginal likelihood  log , p y x θ . 
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where:θ presents the values of the hyperparameters in the 
kernel. 
 
3 EXPERIMENTAL PROCEDURE 
3.1 Materials 
 

In this study FA and GGBFS were used as the binder 
materials for making geopolymer mortars. FA originated 
from the thermal power plant Kostolac "B" (Serbia), 
created by burning the lignite ore, while GGBFS byproduct 
was created in the production of steel in the steelworks 
HBIS Group Iron & Steel (Serbia). For the needs of the test 
GGBFS was ground in a ball mill, and then passed through 
the sieve having mash opening of 90 µm. The same sieve 
was used to sift FA in order to remove coarse particles. 
According to the chemical composition provided in Tab. 1, 
the used FA belongs to the group of silicate ash, while 
GGBFS is classified as alkaline material. 
 

Table 1 Chemical composition of used binders 
Parameter Fly ash / % Ground granulated blast furnace slag / % 

SiO2 51,68 38,1 
Fe2O3  11,58 0,7 
Al2O3  20,16 7,17 
CaO 7,43 39,48 
MgO  2,41 9,86 
SO3  2,02 0,36 
P2O5  0,12 - 
TiO2  1,04 - 
Na2O 0,88 0,51 
K2O 1,04 0,23 
LOI 2,57 1,01 

 
Physical properties, pozzolanic activity and the 

activity index of used FA and GGBFS are given in Tab. 2, 
while in Fig. 1 their SEM and photographs are displayed. 
 

Table 2 Physical properties of used binders 
Properties FA GGBFS Requirement 
Specific gravity 
SRPS B.C8.023 t.4.2 [32] / g/cm3 

2,24 2,85 - 

Loose bulk density  
SRPS B. C8.023 t.4.3 [32] / g/cm3 

0,81 1,24 - 

Color grey brown - 

Pouzzolanic activity SRPS 
B.C1.018:2015 [33] (Class) 

10 5 

Class 5:  
σf = 2 MPa, 
σc = 5 MPa. 
Class 10: 
σf = 3 MPa, 
σc = 10 MPa. 

Activity index FA 
SRPS EN 450-1 [34] / % 

97 - 28 days - 75% 
105  90 days - 85 % 

Activity index GBFS 
SRPS EN 15167-1 [35] / % 

- 
60 7 days - 45% 
87 28 days - 70% 

 
3.2 Mix Design 
 

In order to determine the impact of the curing regime 
on the characteristics of geopolymer mortars, 9 different 
series of geopolymer mortar based on FA with GGBFS 
added were made. The percentage of GGBFS mass in 
respect to the total mass of the binder was 0 to 100%, in 
12,5% steps of replacement. Each series consisted of 5 
subseries, composed of 3 prisms having dimensions           
40 × 40 × 160 mm.  

After mortar samples were cast, the samples of 4 
remaining mortar subseries were firstly cured at ambient 
temperature of 22 °C for 24 h in a mould covered with a 

glass plate (in order to prevent the moisture loss). After that 
the specimens were heated in the oven by using four 
different temperatures, started and ended heating proces 
with specifly choosed temperature. The temperature of 
curing was varied at an interval of 10 °C. The curing 
temperatures were 65 °C, 75 °C, 85 °C and 95 °C for             
24 hours inside oven and then samples were tested. After 
the rest time for temperature activation elapsed, the 
samples of these mortar subseries were cured in ambient 
conditions, wrapped in plastic foil and tested after a rest 
period of 90 days after demolding. One more mortar 
subseries was cured the entire time in ambient conditions, 
and until the testing period samples were kept wrapped in 
a plastic foil. Ambient cured samples were tested after 
reaching the age of 90 days after demolding time. 
 

 
Figure 1 Photo (left) and SEM (right) display of used material: (up) fly ash, 

(down) ground granulated blast furnace slag 
 

Table 3 Details of the mixtures 

No Mix. FA / g 
GGBFS 

/ g 
SP / 
% 

Water 
/ g 

NaOH 

(10 M) / 
g 

Na2SiO3 
/ g 

1 0 S 450,00 - 2,0 

20 56,16 303,23 

2 12,5 S 393,75 56,25 1,5 
3 25 S 337,50 112,50 1,4 
4 37,5 S 281,25 168,75 1,2 
5 50 S 225,00 225,00 1,0 
6 62,5 S 168,75 281,25 0,8 
7 75 S 112,50 337,50 1,5 
8 87,5 S 56,25 393,75 1,2 
9 100 S - 450,00 1,0 

 
Sodium hydroxide (SH) and sodium silicate (SS) 

manufactured by the local produces were used as alkali 
solutions. The SH was prepared by dissolving NaOH flakes 
(purity of 98%) in water to 10 m solution 24 hours prior to 
mixing. The SS activator was of the following 
characteristics: module (Ms = SiO2/Na2O) 2,2; content 
SiO2 = 26.70%, Na2O = 13.30% and H2O = 60%). Liquids 
SS and SH were mixed in a mass ratio 100:18.52 (i.e. 
Na2ЅiО3/NaОН = 5,40). Such ratio caused the creation of 
a single activator with a content of 10% Na2O in respect to 
the mass of the solid binder (10% of 450 g, i.e. 45 g). This 
decreased the module of MS (SiO2/Na2O) in SS to the 
value of 1.5. Alkali solutions were mixed 30 minutes prior 
to the use. Such ratio of the liquid and solid phases was 
used in making of all geopolymer mixtures. Standard tap 
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water was used during the mortar production in all 
mixtures. 

The aggregate used was the river sand from the South 
Morava river (Serbia) with a maximum grain size of 2 mm. 
Binder (FA + GGBFS) to sand ratio 1:3 was the same in all 
mixtures. Details of mixtures are provided in Tab. 3. 
 
3.3 Methods of Examinations 
3.3.1 Experimental Examinations 
 

Testing flexural and compressive strength of 
geopolymer mortar was performed according to the SRPS 
EN 196-1:2017 [36] standard at the sample age of 90 days. 
Flexural strength was tested on three prism samples having 
dimensions 40 × 40 × 160 mm, while the compressive 
strength was tested on the halves of mortar prisms which 
were previously tested to flexural strength. 
 
3.3.2 Statistical Examinations 
 

Gaussian process regression (GRP) the primary goal of 
this research is to develop a prediction model of 
compressive strength of geopolymer mortars. The required 
data was collected from the experimental laboratory testing 
of 45 series of geopolymer mortar. The obtained input-
target values were then used to train the regression models. 
The input data includes curing temperature, percentage-
mass content of FA and GGBFS, while the target value is 
compressive strength. The 80% of data was randomly 
taken for training and model validation, while the 20% of 
data was used for testing. The validation is done using 5 
fold cross validation resampling procedure. The training 
data set was split into 5 randomly chosen subsets (or folds) 
of roughly equal size. One of these subsets is used for 
validation of the model trained using the rest of the subsets.  
This process is repeated 5 times so that each subset is used 
exactly once for validation.  
 

Table 4 The kernel functions [31] 
Name of kernel 
function 
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α is a positive-valued scale-mixture parameter 

 
As mentioned earlier, GRP requires kernel function. 

So, to find a model which best fits our data, regression 

models with different kernels for predicting mechanical 
characteristics were tested. Used kernel functions are 
presented in Tab. 4. 

To obtain the best performance of each model, the 
Bayesian optimization was used for hyperparameter 
optimization. The performances of the proposed models 
were assessed for training and test data separately. The 
training set was used to fit and estimate the prediction error 
for the model selection (validation), while the test set was 
used to assess the generalization error i.e., how accurately 
the model can predict outcome values for previously 
unseen data.  

The reliability and accuracy of the created models are 
evaluated via the R-squared, root mean square error 
(RMSE) and mean absolute error (MAE). Basically, a 
higher level of R2 is an indicator of better accuracy of the 
model, while lower RMSE and MAE indicate lower 
deviations between measured and predicted values [37]. 
 
4 RESULTS AND DISCUSSION 
 

The flexural strength test results of the geopolymer 
mortar mixtures are shown in Fig. 2. Each of the presented 
values is the average of three measurements of flexural 
strength at the age of 90 days. The highest value of flexural 
strength was measured on samples mixture named "0 S" 
and on the samples cured at ambient temperature it is 9,1 
MPa. A slightly lower compressive strength was measured 
on the samples of geopolymer mortar of the same 
composition and equivalent age which, until the time of the 
test, were cured at the increased temperature conditions, 
ranging between 65 °C and 95 °C. Flexural strength of 
these mixtures ranged between 6,8 and 8,8 MPa. Flexural 
strength of geopolymer mortars made with GGBFS as only 
binder was lower than the mortars made with FA only.  
 

 
Figure 2 Flexural strength of geopolymer mortar cured at different curing 

temperature 
 

In all the tested curing regimes, the lowest value of 
flexural strength had the samples marked as "50 S". The 
flexural strength which was measured on the samples of the 
mentioned series ranged between 4,2 and 6,1 MPa. Similar 
test results were obtained by Puertas et al. [38]. According 
to these authors, due to the replacement of FA with GGBFS 
to the percentage-mass content of 50% the flexural strength 
of mortar decreases. As the percentage-mass content of 
GGBFS becomes predominant in a binder, in relation to 
FA, the strength increases, while at 100% of GGBFS it 
reaches and surpasses the strength of the mixture made 
only with FA as a binder. 
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The compressive strength test results of the 
geopolymer mortar mixtures are shown in Fig. 3. Each 
value presented is the average of six measurements.  
 

 
Figure 3 Compressive strength of geopolymer mortar cured at different curing 

temperature 
 

As with flexural strength, the highest values of 
compressive strength were measured on samples that were 
cured in ambient conditions. The strength of samples cured 
at ambient temperature was 2% to 47% higher than the 
strength of samples cured at elevated temperature. Yet, the 
trend of strength increase is noticeable due to the increase 
of the curing temperature from 65 °C to 75 °C, 85 °C and 
95 °C. Compressive strength of the mentioned samples 
ranges between 29,72 MPa (mixture "20 S" cured on          
65 °C) and 61,12 MPa (mixture "100 S" cured on 95 °C). 
As in the case of flexural strength, compressive strength of 
the "50 S" mixture was the lowest at all curing conditions, 
while it was the highest for the "100 S" mixture. At an 
ambient curing regime, the compressive strength of the 
mentioned mixture is the highest, and it amounts to        
65,35 MPa. The obtained test results are partly in 
agreement with the test results of other authors [38] who 
concluded that the compressive strength changes depend 
on the percentage-mass content of slag in the mixture 
which is a direct consequence of the created phases.  
Namely, due to the hardening of the mortar made only with 
FA as a binder, a N-A-S-H gel phase occurs as the 
dominant one [39], while in the mixtures made with 
GGBFS, due to the high content of CaO, a C-A-S-H gel 
phase occurs. However, the mortars made with a 
combination of FA and GGBFS are characterized by the 
occurrence of both gel phases, and the final system is the 
consequence of creation of C-A-S-H and N-A-S-H gels 
[40]. 

Gaussian process regression (GRP): In the proposed 
models, the amount of FA and GGBFS and curing 
temperature were considered as three input variables, while 
compressive strength was the output feature. Three 
different types of error indicators (R2, RMSE and MAE) 
were used to indicate evaluation for the training and testing 
dataset. The training set was used to fit and estimate 
prediction error for model selection (validation), while test 
set was used to assess the generalization error i.e.  how 
accurately the model can predict outcome values for 
previously unseen data. 

The performances of the GPR models with different 
kernel function that corresponds to optimal values of kernel 
parameters are summarized in Tab. 5. 

Relatively low values of RMSE and MAE as well as the 
high values of R2 are indicators of the agreement of 

experimental and statistical data. According to the training 
results, the R2 ranges between 0,82 and 0,86 and affects the 
high level of consistency of the training model. In general, 
R2 presents a measure of how close the data is to the fitted 
regression line. The closer the values of R2 are to 1, the 
better the proposed regression models are. The best 
performance was attained with the kernel function "Matern 
3/2", and therefore, the results of GRP model with the 
"Matern 3/2" kernel function are reported. According to the 
training results RMSE value ranges between 3,2149 and 
3,686 MPa, while in the test results it ranges between 4,51 
and 4,82 MPa, what is acceptable. 
 

Table 5 The kernel functions 

Kernel function Metric R2 RMSE / MPa 
MAE / 
MPa 

Squared 
Exponential 

Kernel 

Training Results 0,82 3,6860 2,6574 

Test Results 0,61 4,8222 2,6799 

Exponential 
Kernel 

Training Results 0,82 3,6425 2,651 
Test Results 0,63 4,6474 3,1199 

Matern 3/2 
Training Results 0,86 3,2149 2,3352 

Test Results 0,67 4,4975 2,5047 

Matern 5/2 
Training Results 0,85 3,3046 2,4192 

Test Results 0,52 4,5094 2,4264 
Rational 

Quadratic 
Kernel 

Training Results 0,85 3,3023 2,4284 

Test Results 0,65 4,5166 2,4602 

 
Fig. 4 illustrates the predicted response of our 

proposed model plotted against the measured compressive 
strength, while Fig. 5 shows the diagram of an estimation 
error.  In Fig. 6 the regression results with a 95% 
confidence interval obtained on test dataset are shown. 
 

 
Figure 4 The predicted vs. true response of training data 

 
Based on the obtained results it can be concluded that 

even with the low number of experimental data, the 
developed model can be used to predict the compressive 
strength of a geopolymer mixture made of different 
binders. Also, a good correlation between machine 
learning models and experimental results was obtained. 
The proposed models can be employed to build a standard 
geopolymer mortar mixture, and for designing the mix 
proportions of FA and GGNFS. We strongly believe that 
with a little more data, the GRP model will be able to make 
more accurate precision. 
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Figure 5 Absolute error of the predicted compressive strength of geopolymer 

 

 
Figure 6 The regression results with a 95% confidence interval 

 
5 CONCLUSIONS 
 

This study focuses on modeling compressive strength 
values of geopolymer mortars by using the Gaussian robust 
regression method. A total of 45 datasets were used for the 
validation and training of the model. Experimental results 
were obtained by the laboratory testing of geopolymer 
mortars designed with GGBFS and FA as a binder. 
Mixtures were designed by replacing GGBFS in the 
amount of up to 100% of the total binder at the replacement 
step of 12,5%. Compressive strength was set as an output, 
while the other variable was the curing temperature 
between 22 °C and 95 °C. 

According to the laboratory testing results, it can be 
concluded that the flexural and compressive strength 
change depending on the percentage-mass content of 
GGBFS in the binder and the implemented curing regime. 
The strengths of thermally activated samples of 
geopolymer mortars increase with increasing temperature. 
Maximum values are reached at an activation temperature 
of 95 °C, which is slightly less than the flexural and 
compressive strength of the samples cured for 90 days in 
ambient conditions. The increase in strength of ambient-
cured samples of geopolymer mortars is slow, while 
thermally activated samples achieve between 90% and 
95% of strength after 48 h, i.e. after the thermal activation. 

According to the results of developed model, it can be 
concluded that the Gaussian robust regression can be used 

as a reliable regression method for prediction of 
compressive strength of FA and GGBFS based geopolymer 
mortars. In general, according to R2 results, the capacity of 
the measured compressive strength of geopolymer reached 
up to 86%. So, according to the mentioned parameter it can 
be concluded that the created function is able to predict the 
compressive strength with a high level of accuracy and 
consistency. Future work should be focused on 
experimental work in order to form a larger dataset base 
which would lead to a creation of a better performing 
model. 
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