


 

 

Investigation of the compressive strength of PVA fibre-reinforced 

Engineered Geopolymer Composites (EGC) by experimental tests 

and predictive modelling 

 

by 

ZHANG SHOUCHEN 

 

 

 

 

 

 

Final Year Project Report submitted in partial fulfillment 

of the requirement of the Degree of 

 

Bachelor of Science in Civil Engineering 

 

 

 

 

 

2021/2022 

 

 

Faculty of Science and Technology 

University of Macau 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 







iii 

 

ACKNOWLEDGEMENTS 

Throughout the final year project, I am grateful to meet many people who have 

generously shared their valuable experiences and helped me with my difficulties during 

the project. I would like to express my sincere appreciation to my supervisor Prof. Lam 

Chi Chiu, who encouraged me to participate in this study. During the project, he 

provided me with valuable academic and practical knowledge and experience and 

patiently guided me in advancing the work and resolving issues. In addition, I would 

like to thank Mr. Tou Ka Man and Mr. Gu Jiaming for their great help and valuable 

suggestions during the experiment and subsequent analysis. 

 

 

 

 

 

 

 

 

 

 

 

 

 



iv 

 

ABSTRACT 

Engineered geopolymer composite (EGC) is a type of fibre-reinforced 

geopolymer composite that can effectively reduce carbon footprint. This project 

focused on investigating the compressive strength of PVA fibre-reinforced metakaolin-

based EGC through experimental methods and predictive modelling. The study was 

designed with the mix proportions of metakaolin with 10% to 70% slag or river sand as 

binder materials, and 6 mol/L, 8 mol/L, 10 mol/L and 14 mol/L of sodium hydroxide 

(NaOH) to prepare the alkaline activator solution. The compressive strength of 

specimens was analysed and compared. It was found that with the increase of the slag 

content, organic aluminosilicate gels were more conducive to formation, the 

compressive strength and curing rate of EGC also increased, reaching a maximum 

compressive strength of 51.83 MPa in 7 days. However, the enhancement effect 

decreases after slag content exceeds 50%. Similarly, increasing the NaOH concentration 

helps accelerate the geopolymerization, chemical bond formation and compressive 

strength, but the strengthening effect decreases significantly when the NaOH 

concentration exceeds 8 mol/L. EGC prepared with low slag content and low NaOH 

concentration can better maintain certain compressive strength for a while after peak 

load. Based on the experimental results and relevant literature, a three-layer feed-

forward back propagation (BP) neural network model was established to predict the 

compressive strength of EGC. After training and testing the models with 5 to 15 hidden 

neural nodes, the prediction model with 12 hidden nodes has R2 of 0.936, MAP of 3.282, 

and RMSE of 5.188, making it the best model for predicting compressive strength. 
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CHAPTER 1 INTRODUCTION 

1.1 Background and Motivation of Research 

With the constant urgency of eco-friendly and sustainable development, 

infrastructure construction fields actively explore low-carbon solutions. Ordinary 

Portland cement (OPC) is widely used as the binder material in concrete. However, it 

is also one of the primary sources of greenhouse gas emissions, causing approximately 

6–7% of global CO2 emissions documented by the International Energy Agency (IEA). 

Geopolymer mortars, a binder material mainly made of geological origin (e.g., 

metakaolin) or industrial by-products (e.g., fly ash and slag), can effectively reduce 

energy consumption and CO2 emissions and become a promising alternative to OPC. 

While geopolymer concrete has many advantages over regular Portland concrete in 

reducing carbon footprint, it still has many weaknesses in some mechanical properties 

such as ductility, brittleness, impact and cracking resistance. In the last decades, many 

kinds of research based on the research experience of Engineered Cementitious 

Composite (ECC) and the micromechanics principles, continuously improved the 

geopolymer concrete by strengthening with a variety of fibres. Furthermore, these 

Engineered Geopolymer Composite (EGC) began to exhibit some excellent properties, 

such as strain hardening, multiple cracking behaviours, etc. 

There are numerous previous researches to study the engineering properties of 

EGC, such as compressive, tensile performances and bond strength, which generally 

require large volumes of raw materials, time for specimen preparation, and costly 

equipment. To help address this inefficiency and high cost, this project proposes the 
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artificial neural network (ANN) models to predict the performance of EGC specimens 

under various design parameters. ANN models are recent common techniques for 

dealing with big data relationships. After training and validation, the models can have 

a good fit with the actual strength of the EGC specimen. At present, many machine 

learning approaches such as deep neural network and deep residual network have been 

applied in predicting the compressive strength and setting time of geopolymer concrete, 

but the research on predicting behaviours of EGC is still insufficient. The performance 

evaluation of EGC specimens can also be attempted through various machine learning 

approaches or even other artificial intelligence approaches to assist in researching 

structural models and variable relationships. In actual engineering applications and 

experiments, it is commonly recognised that it is essential to material design that can 

satisfy the functional requirements of structures or specific circumstance factors or 

strength performance in a design code. Therefore, after the ANN model is developed, 

the systematical sensitivity analysis of the relevant design parameters of EGC is also 

within the scope of research. With the support of the models, it is more convenient and 

accurate to evaluate the influence of mixture proportions and conditions factors of 

different designs. 

1.2 Scope and Limitations 

The experimental part of EGC focus on testing and analysing the compressive 

strength of different mix proportion specimen. Although many previous studies have 

investigated various strength behaviours of fly ash based EGC, the strength of 

metakaolin based EGC has not been sufficiently studied. Especially metakaolin instead 
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of fly ash together with silica fume and slag as precursors can continue to develop. In 

addition, the compressive strength of metakaolin based geopolymer in reaction with 

alkaline activator solutions at different NaOH concentrations is also within the scope of 

this project. In the mechanistic learning approach studies, most prediction models are 

for geopolymer composites without fibre reinforcement. Therefore, this project 

develops a prediction model for the compressive strength of PVA fibre reinforced 

geopolymer composites with the help of the experimental part and previous literature 

studies. 

1.3 Project Significance and Value 

This project established the machine learning models for in-depth study on the 

strength and behaviours of EGC, and provided a reference for other machine learning 

approaches or even artificial intelligence approaches in this field in the future. Through 

the models, it can be determined the degree of influence of different design parameters 

on various strengths so that improving the efficiency of future experiments and 

engineering applications, reducing the cost of repeated testing and data analysis as well. 

This project can help promote the research and application of EGC in infrastructure 

construction and building renovation. Promoting this environmentally friendly and 

sustainable building material could accelerate Macau's goal of reaching a carbon peak 

by 2030. For such densely populated and high-rise cities as Macau and Hong Kong, the 

extensive use of geopolymer concrete in future construction will become a massive 

breakthrough to reduce the carbon footprint and improve the energy efficiency of the 

whole society. In recent years, the construction waste buried in the Taipa construction 
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waste landfill field has reached an average of about 3.1 million cubic meters per year 

(Direcção dos Serviços de Protecção Ambiental, 2020). Promoting green building 

materials such as EGC would reduce the heavy pressure caused by landfills. 

1.4 Organization of Report  

There are a total of six chapters in this report. 

Chapter 1: Introduction to the background of the EGC development, the 

motivation of the research, the limitations of the existing progress, and the scope and 

value of this project. 

Chapter 2: The literature review of the origin and development of Engineered 

Cementitious Composite (ECC), the formation of geopolymers, the existing research of 

EGC, and the application of machine learning in this EGC field. 

Chapter 3: Methodology of preparation and testing of EGC specimens with 

different designs and mix proportions. 

Chapter 4: Experimental analysis of the results and performance of EGC 

specimens under compressive testing. 

Chapter 5: Process and Analysis of Establishing Feed-forward Back Propagation 

(BP) Neural Network Based on Experimental Results and Related Literature. 

Chapter 6: A summary of the whole report work, the conclusions of the analysis, 

and limitations and future work. 
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CHAPTER 2 LITERATURE REVIEW 

2.1 Geopolymer 

2.1.1 Introduction to Geopolymer 

With the construction industry increasingly demanding sustainable development 

and low-carbon production, Robert Hutchinson (2016) mentioned that the world 

consumes 4 billion metric tons of Portland Cement for concrete production every year, 

which pushes enormous pressure on the global environment. Ordinary Portland cement 

(OPC) and concrete materials need to find alternative solutions to reduce their carbon 

footprint due to the high greenhouse gas (i.e., carbon dioxide) emissions. 

Geopolymer as a sustainable green inorganic polymer becomes a possible 

alternative to conventional OPC, which is mainly produced by industrial by-products 

(e.g., fly ash (FA), tailings, metakaolin, potash feldspar and ground-granulated blast-

furnace slag (GGBS) as precursors. Geopolymer as binder material can generate nearly 

70-80% less carbon dioxide and less energy consumption than OPC, which is also 

known as an environmentally friendly material. Furthermore, geopolymers have a 

unique amorphous three-dimensional structure consisting of aluminum-oxygen (AlO4) 

and silicon-oxygen (SiO4) tetrahedral ions (i.e., [AlO4]
5- and [SiO4]

4-) cross-link to each 

other (Figure 2.1). Such three-dimensional oxide network structures lead to geopolymer, 

which has high strength, corrosion resistance, high temperature resistance and other 

properties. Therefore, geopolymers are also ideal materials for transportation, 

construction repair and coating (Myers et al., 2013). 
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Figure 2.1: Schematic of structural features, silicate and aluminate site environments (Myers et 

al., 2013) 

2.1.2 Geopolymerization Mechanisms 

Many research divides the process of geopolymerization into four stages: 

dissolution, diffusion, polymerization, and solidification. The aluminosilicate material 

is decomposed with the help of the alkaline activator solution (Equation 2.1), and then 

transformed into the liquid phase. Subsequently, the geopolymerization reaction occurs 

between Si-O and Al-O tetrahedra in the liquid state to form the gel phase. Eventually, 

in a series of capillary movement, dissolute and diffuse processes, the substance 

removes remaining water and gradually enters a relatively stable state (Davidovits, 

1989). 

 

(2.1) 
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North and Swaddle (2000) illustrated the mechanism of Na-geopolymerisation 

based on ion theory. In the alkaline activator environment, four-coordinated Al connects 

with Si–O to form (OH)3–Si–O–Al–(OH)3, and then OH- connects with Si to form a 

five with strong force of valence bond -coordinated state. After separation of Si–O bond, 

intermediate silanol Si–OH is formed, which is further combined with OH- to form Si–

OH group and the positive aluminosilicate molecule, and then it combines with Na+ to 

form the Si–O–Na (Figure 2.2). Based on this structure, a circular structure of 

aluminosilicate monomer was formed (Figure 2.3), and finally a network structure of 

hydroxysodalite was condensed through a series of complex reactions (Figure 2.4). 

 

 

 

 

 

 

Figure 2.2: Geopolymerisation stage 1 

 

 

 

Figure 2.3: Geopolymerisation stage 2 
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Figure 2.4: Geopolymerisation stage 3 

2.1.3 Preparation method of Geopolymer 

Currently, there are three main ways to prepare geopolymer: Casting processing, 

Pressure moulding and 3D printing. Pressure moulding can not only prepare nanotubes, 

particles, and short fibers reinforced geopolymer, but also more suitable for continuous 

fibers reinforced geopolymer than the other two methods. However, Pressure moulding, 

as a complicated method, is not suitable for the preparation of geopolymers of very 

complex shapes (Jia et al., 2020). 

2.2 Engineered Cementitious Composites (ECC) 

2.2.1 Introduction to ECC 

Concrete has been widely used as an essential construction material in structural 

buildings, which is mainly made of cement and various aggregates. Concrete has good 

properties in compression but is relatively weak in tensile and shear resistance. 

Although steel bars in concrete can effectively enhance the tensile properties of the 

structure, the brittleness and easy crack of concrete are still hazardous in applications. 

Even in some studies, the brittleness number increases with increasing compressive 

strength. These limitations dramatically limit the performance of high-strength 
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concrete-related structures in vibration response (Li and Kanda, 1998). Therefore, a 

high-ductility cementitious material with similar strength to concrete is gradually 

required for various research and applications, which gave rise to the research on 

Engineered Cementitious Composite (ECC). 

ECC was developed by Victor C. Li and his team at the University of Michigan 

(U.S.A.) since the early 1990s. It is a kind of ultra ductile fibre reinforced cementitious 

composites. Fibre reinforced cement mortars with 2% of discontinuous polymer fibres 

by volume substitute normal concrete materials in the preparation of ECC, which 

constitute the matrix that generally does not contain coarse aggregate (Li, 2007). 

Furthermore, ECC forms a synergy between the fibre, matrix, and interface based on 

micromechanics of fibre matrix, achieving extremely high ductility by transforming the 

main crack into multiple microcracks. Due to the importance of micromechanical in 

materials design and optimization, ECC has outstanding potential and a wide range of 

applications for mass material usage and cost-effective industries (Li, 2003). 

2.2.2 Mineral admixtures 

ECC is initially made of fly ash, silica fume, polymer fibre, cement, water and 

water reducer admixtures. Mineral admixtures are often used as supplementary 

cementitious materials (SCMs) to replace conventional fly ash, silica fume and cement 

in ECC, often as Ground Granulated Blast Furnace slag (GGBFS), Metakaolin, Rice 

Husk Ash and other light weight aggregates etc (Singh et al., 2019). SCMs can improve 

the performance of ordinary concrete in different aspects and are therefore often 

investigated in the adaptation of materials for ECC. 
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Fly ash (FA) is the product of coal combustion residues that have been 

mechanically or electrostatically separated, which is widely used in ECC preparation. 

When the proportion of FA in cementitious composite exceeds 50%, researchers usually 

consider it as high volume fly ash (HVFA). Both Class-F type and Class-C type FA 

show a decrease in compressive strength of 13% to 59% as the content increases from 

1.2 to 5.6, but in contrast, the tensile strain capacity of ECC increases significantly 

(Şahmaran et al., 2012). In addition, the compressive strength of ECC is influenced by 

the size of the mineral material, with some studies showing that the compressive 

strength of ECC decreases as the size of the sand in mineral admixtures increases. 

2.2.3 Polymer fibre 

Fibres are often used as reinforcing materials for ECC due to their unique 

properties. Polymer fibres have different effects on ECC strength due to their type (e.g., 

polyvinyl alcohol (PVA), polypropylene (PP) and polyethylene (PE)), shape (e.g., 

round triangle and rectangle) and fibre length. Most researchers use polyvinyl alcohol 

(PVA) fibres (less than 2% by volume) to reinforce ECC due to the sound effects, while 

some researchers will use other hybrid fibres or natural fibres instead of PVA fibres to 

achieve better cost-effective. High modulus fibres, such as steel fibres and glass fibres, 

do not improve brittle behaviour as effective as they improve most of the strength of 

ECC, including compressive strength. Low modulus fibres, such as PVA fibres and 

Polyethylene (PE) fibres, although the strength improvement is slightly less than that of 

high modulus fibres, have significant improvements in multiple microcrack formation 

and ductility (Meng et al., 2017). Tian and Zhang (2017) used a type of environmentally 
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friendly bagasse fibres to reinforce ECC. When the content of the bagasse fibres was 

increased from 3% to 12%, the air content of the matrix in ECC was increased by the 

increase of the bagasse fibres, which eventually led to a reduction in compactness. 

 

 

 

 

 

 

Figure 2.5: PVA fibre (Junwei et al., 2021) 

 

 

 

 

 

 

Figure 2.6: PP fibre (Zhou et al., 2021) 
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Figure 2.7: PE fibre (Kang et al., 2016) 

Polymer fibre, as the reinforcement material of ECC, also has various lengths, 

and different lengths may affect the orientation of fibres in ECC. Studies on fibre 

lengths from 6 mm to 16 mm present that fibre volume fraction and L/D would improve 

with the increase of fibre length, thereby improving flexural strength and weakening 

compressive strength (Sasmal and Avinash, 2016). Furthermore, since the fibre mainly 

rotates during compression, the shape of the fibre does not significantly affect the 

compressive strength of ECC. The difference in shape is better reflected during the 

shear force applied to the fibre (Pakravan et al., 2015). 

2.2.4 High temperature 

Many studies have proved that the compressive strength of ECC decreases with 

the increase in temperature and heating time. Although the compressive strength 

decreases as the size of the compressive test specimen increases, high temperature has 

a similar weakening effect on the compressive strength of ECC specimens of different 

sizes (Yu et al., 2015). 
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2.2.5 Water-cement (w/c) ratio 

The water-cement (w/c) ratio is also a unique and reference parameter for ECC. 

It can be observed that a higher w/c ratio improves the strain hardening capacity and 

the formation of multiple microcracks, but reduces the compressive strength and 

flexural strength of ECC (Pan et al., 2015) (Sasmal and Avinash, 2016). 

2.3 Engineered Geopolymer Composites (EGC) 

2.3.1 Introduction to EGC 

Since Ohno and Li first attempt to use geopolymer as the binder material for 

Engineered Cementitious Composites (ECC) in 2014, a growing number of studies 

followed and combined the mechanical advantages of geopolymer and ECC to develop 

a new class of ultra-high-ductile fibre-reinforced composites, namely Engineered 

Geopolymer Composites (EGC). EGC not only inherits the excellent ductility of ECC, 

but also has the characteristics of low greenhouse gas emission and low energy 

consumption of geopolymer, and reduces the cost of mass production. The initial 

research on EGC usually uses fly ash (FA) as a precursor, and strives to achieve similar 

mechanical properties and microstructure to ECC. According to the mix proportion of 

the geopolymer, recent studies have begun to use other industrial by-products as binder 

materials for EGC, like fly ash and metakaolin combined, FA and ground granulated 

blast-furnace slag (GGBS) combined, pure metakaolin as the precursor, etc. In addition, 

since the preparation of EGC requires the alkaline activator solution, the different types 

of activator solution prepared by combining different concentrations of Na-based and 
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K-based solutions with sodium silicate (i.e., Na2SiO3) solution has also become an 

urgent research field for EGC (Constâncio Trindade et al., 2020). 

2.3.2 Binder materials 

Ling et al. (2019) referred to the study of binder material combining slag (S) and 

fly ash (FA) (Figure 2.8), when the content of slag is 0%, the 28-day compressive 

strength of EGC can reach about 72 MPa; When it was increased to 20%, the 

compressive strength of EGC increased significantly, and reached the maximum 

experimental value of 102 MPa at 28 days; but then with the further increase of slag 

content, the strength of EGC gradually began to decrease. According to previous studies 

on alkali-activated fly ashes and slag, it was presented that the slag content of about 20% 

may be most favourable for the presence of aluminosilicate hydrate and the formation 

of C-S-H gel resulting in the continuous increase of the compressive strength of EGC 

(Palomo et al., 1999) (Chi, 2012). However, continuing to increase the slag content may 

lead to the presence of excess calcium in the geopolymer, which in turn causes hydration 

reaction to generate Ca(OH)2 and cause cracking of the EGC specimen, thereby 

reducing the compressive strength (Wardhono et al., 2017). 

Choi et al. (2016) investigated an ultra-high-ductile GGBS-based composite 

reinforced with polyethene (PE) fibres, with the water to binder material ratio increasing 

from 0.26 to 0.38 (binder as 1.0), the compressive strength of 50-mm cube specimens 

decreased from 54.8 ± 1.5 MPa to 36.3 ± 1.0 MPa. 
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Figure 2.8: Compressive strength of FA-based EGC with different amounts of slag (Ling et al., 

2019) 

According to Kan et al. 's study in 2020, zeolite with high content of silica (SiO2) 

and alumina (Al2O3) was used as a partial substitute material for fly ash, and the 

compressive strength of EGC was significantly improved. The compressive strength of 

the EGC specimen increased from 12.16 MPa to 13.15 MPa when the mass of zeolite 

increased from 0% to 3% (Figure 2.9). The main reason for this was the high presence 

of SiO2 and Al2O3, which facilitated the geopolymer reaction and the coexistence of 

various gel products. 

 

 

 

 

 

 

Figure 2.9: Stress-strain curves of 0% and 3%ZFA-EGC under compressive tests (28 d) (Kan et 

al., 2020b) 
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2.3.3 Alkaline activator solution 

Trindade et al. (2020) studied the strength of metakaolin (MK)-based 

geopolymer composites under different types of alkaline excitation solutions and 

pointed out that MK, as an aluminosilicate component, reacted with alkaline solutions 

to eventually form X2O·Al2O3·4SiO2·11H2O (X is an alkaline metal, i.e., Na or K). In 

the compressive test, the compressive strength of the Na-based EGC specimen is higher 

than that of the K-based EGC specimen in the tests of plain, PVA reinforced and PVA 

with aggregate combined reinforced geopolymer composites. 

Zahid et al. in 2020 investigated the variation of compressive strength of fine 

fibre and coarse fibre-reinforced EGC in different concentrations of NaOH activator 

solutions. 12 M and 16 M EGC specimen showed significantly higher compressive 

strength than 8 M EGC. But too high concentration of OH- is not conducive to the 

further improvement of strength. Furthermore, the coarse fibre-reinforced EGC 

specimen showed better compressive strength in higher concentrations of NaOH, 

mainly because the high alkaline environment favoured the formation of strong 

chemical bonds between coarse fibre and matrix (Figure 2.10). 
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Figure 2.10: Compressive strength of NaOH molar concentrations in different PVA fibre-

reinforced EGC (Zahid et al., 2020b) 

2.3.4 Polymer fibres 

According to Trindade et al. (2020), the compressive strength of Na-based PVA 

fibre-reinforced geopolymer material is 65 MPa, which is 20 MPa higher than that of 

plain Na-based geopolymer material; similarly, K-based PVA fibre-reinforced 

geopolymer had a compressive strength of 44 MPa, which was not as effective as the 

former, but still 8 MPa stronger than plain K-based geopolymer. Furthermore, PVA 

fibres also improved the post-peak behaviour of geopolymer material, which slowed 

down the slope of the curve after peak strength (Figure 2.11). It is likely that the PVA 

fibres play an effective crack bridging via a micromechanics-based model and 

redistribution of forces in the specimen. 
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Figure 2.11: Results of the compression tests on (a) Na- and (b) K-based geopolymers 

incorporated with different types of reinforcements (Trindade et al., 2020) 

2.4 Machine learning prediction models 

2.4.1 Introduction to Neural Network  

Neural Network is a straightforward machine learning network derived from the 

biological nervous system. The network generally contains the input layer, hidden layer 

(weight layer) and output layer. The simplest model can be only three layers, including 

one hidden layer (Nguyen et al., 2020, Figure 2.12). A neural network is trained to 

perform a particular function by adjusting the weight values between elements, and the 

neural network is adjusted or trained so that a particular input leads to the particular 

target output. For neural network or artificial neural network (ANN), it often contains 

multiple layers of neurons, each layer contains a weight matrix, and the input value is 

the weight output of the previous layer when considering the weight of the next layer. 
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Figure 2.12: The construction of the neural network (Nguyen et al., 2020) 

2.4.2 Prediction Model 

Case I: Prediction of compressive strength of geopolymer composites using an 

artificial neural network (Yadollahi et al., 2015) 

This study mainly analyses the compressive strength of ground pumice based 

geopolymers composites through the multilayer artificial neural network (ANN) of the 

back propagation architecture. The model's accuracy was evaluated using the 

coefficient of determination (R2). 

The compressive strength of ground pumice based geopolymers composites is 

obtained by the ultrasonic pulse velocity (UPV) technique, which is a non-destructive 

method that is less damaging to the test specimen, but may affect some strength 

parameters (Trtnik et al., 2009). For the back propagation algorithm, this study mainly 

used the toolbox of MATLAB-2009 program to adjust and train the weight layer (Figure 

2.13). Geopolymers composites strength prediction of five parameters was investigated 

by training (30 sets) and testing (15 sets) of 45 experimental data (Table 2.1). 
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Figure 2.13: The network adjustment based on a comparison of output and the target 

Table 2.1: Properties of neural network simulator in geopolymer mix design 

 

 

 

 

 

Finally, the compressive strength of the UPV test is compared with the data of 

the ANN model, and R2=0.9585 (Equation 2.2) is an acceptable value, so the accuracy 

of the model can basically be verified (Figure 2.14). 

 

(2.2) 

 

where t, o and n are the experimental values, the predicted values and the number of 

datasets. 
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Figure 2.14: Comparison between experimental results and Artificial Neural Network (ANN) 

results 

2.4.3 Sensitivity Analysis 

Case II: A Machine Learning-Assisted Numerical Predictor for Compressive Strength 

of Geopolymer Concrete Based on Experimental Data and Sensitivity Analysis 

(Huynh et al., 2020) 

In this study, Huynh et al. (2020) took fly ash (class F) based geopolymer (FAGP) 

concrete as the research object. 263 sets of compressive test data were used to establish 

the machine learning prediction model by artificial neural network (ANN), deep neural 

network (DNN) and deep residual network (ResNet). Then, the coefficient of 

determination (R2), root mean square error (RMSE), and mean absolute percentage error 

(MAPE) were used to evaluate and compare the performance of each model. Finally, 

the machine learning model was used to find the most significant parameter influencing 

the compressive strength of FAGP concrete from the six indexes. 

The reference chemical composition of class F fly ash is shown in Table 2.2, 

and its specific gravity is 2500 kg/m3. FAGP concrete also contains coarse and fine 
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aggregates with specific gravities of 2700 kg/m3 and 2650 kg/m3, respectively. The 

alkaline excitation solution is made of sodium silicate of 36% Na2O and 38% SiO2 and 

various concentrations of sodium hydroxide. A total of six parameters and their 

corresponding compressive strengths were obtained during the testing phase, as shown 

in Table 2.3. 

Table 2.2: Reference Chemical compositions of class F fly ash (% weight) 

 

 

Table 2.3: Six parameters of FAGP concrete used in the training dataset 

 

 

 

 

In the model architecture of mechanical learning networks, the ANN model 

contained a weight layer with 384 nodes, while the DNN and ResNet models contained 

two weight layers, the first with 128 nodes and the second with 256 nodes; in addition, 

the ResNet model contained a identify weight layer responsible with 256 nodes. In 

training, the layer normalization method (Ba et al., 2016) was used instead of traditional 

batch normalization to improve the training time, and the drop-out unit with keep 

probability of 0.2 was maintained in the final model to prevent overfitting. (Figure 2.15) 
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Figure 2.15: Schematic flowchart of the three machine learning approaches 

R2, RMSE, and MAPE were used to evaluate the accuracy of the models, as 

shown in Equations 2.3, 2.4 and 2.5. 

 

(2.3) 

 

(2.4) 

 

(2.5) 

 

where yj is the experimental compressive strength, y’
j is the predicted compressive 

strength, and n is the number of data sets. 

In this study, some of the models were validated without normalisation (Table 

2.4), and a total of six model architectures are shown in Table 2.5. ResNet-based 
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architecture 6 is the best model for predicting FAGP concrete compressive strength, 

which has the highest R2 of 0.937 and the lowest RMSE and MAPE of 1.987 and 6.6, 

respectively. 

Table 2.4: Details of the setting of six investigated architectures 

 

 

 

 

Table 2.5: Performance comparison of six architectures for FAGP compressive strength 

prediction 

 

 

 

 

Sensitivity analysis is mainly used to judge the influence of parameters on the 

predicted object. The formulas on which this study was mainly based are shown in 

Equations 2.6 and 2.7. 

(2.6) 

 

(2.7) 
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where fmax(xi) and fmin(xi) are the maximum and minimum compressive strength 

obtained according to the input variable xi, respectively, while other parameters are 

unchanged with their mean values. 

Figure 2.16 shows the results of the sensitivity analysis. It can be clearly seen 

that the fly ash/aggregate ratio of 35.55% is the most significant parameter affecting the 

compressive strength of FAGP concrete. 

 

 

 

 

 

 

 

Figure 2.16: Sensitivity analysis parameters for the estimated compressive strength  

 

 

 

 

 

 

 

 



26 

 

CHAPTER 3 METHODOLOGY 

3.1 Raw materials 

The materials used in this study to prepare Engineered Geopolymer Composite 

(EGC) include metakaolin (MK), River sand, slag, tap water and polyvinyl alcohol 

(PVA) fibre. As the three source materials for the binder, the MK (Figure 3.2) used in 

this study was purchased directly from BASF Corporation (Hong Kong), the slag was 

ground-granulated blast-furnace slag (GGBFS), and the sand was natural river sand 

(RS). The fibre used for strengthening geopolymer composite was polyvinyl alcohol 

(PVA) fibre (Figure 3.3), which was also commonly used in engineered cementitious 

composite (ECC) studies, and the main properties of PVA fibre are presented in Table 

3.1. The activator used was a Na-based alkaline activator solution, which was made 

from NaOH (solid) and Na2SiO3 (water glass, liquid) with the addition of tap water.  

Table 3.1: Properties of PVA fibre 

Fiber label RECS 15 

Diameter (μm) 40 

Length (mm) 8 

Young's modulus (GPa) 41 

Elongation (%) 6 

Density (gr/cm) 1.3 

Strength (MPa) 1600 
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Figure 3.1: PVA fibre chemical structure (Sasmal and Avinash, 2016) 

Table 3.2: Chemical composition of raw materials (Wt.%). 

Type SiO2 Al2O3 CaO Fe2O3 MgO Na2O SO3 K2O L.O.I.* 

Metakaolin 54.6 39.3 0.3 0.7 1.9 0.9 0.2 0.8 - 

GGBFS 31.8 15.8 39.2 0.52 9.06 0.29 2.29 0.43 -0.14 

River sand 98.03 0.43 - 0.69 - - - 0.26 9.12 

*L.O.I. stands for loss on ignition at 950 °C. 

 

 

 

 

 

 

 

 

Figure 3.2: Metakaolin (MK) powder 
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Figure 3.3: PVA fibres 

 

 

 

 

 

 

 

 

 

 

Figure 3.4: Metakaolin (MK) powder (light) and river sand (dark) 

3.2 Mix proportions 

For the Na-based alkaline activator solution, four activator mixes were designed 

in this study. Under the condition of keeping the same volume % of tap water and 
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Na2SiO3 solution, the concentration of NaOH in the activator solution was adjusted to 

6 mol/L, 8 mol/L, 10 mol/L and 14 mol/L, respectively. Seven PVA fibre-reinforced 

MK-based EGC mixes were prepared, which were designed based on the effect of mass % 

of slag in the binder material. In this part, the concentration of NaOH in the activator 

solution was controlled at 8 mol/L. Similar to most classical ECC studies, 2% volume 

of matrix PVA fibre was added to all EGC mixes. River sand was kept at the same mass % 

as MK in the mixes to study the effect of NaOH concentration in the activator solution 

to study the binder material. The whole process was carried out under the conditions of 

room temperature and standard atmospheric pressure of 101.3kPa. Table 3.3 presents 

the mix proportions of PVA fibre-reinforced MK-based EGC mixes in this report. 

Table 3.3: Mix proportions of EGC mixes 

Mix designation MK Slag River sand Activator PVA fibre 

A-6M 0.5 - 0.5 6 mol/L 0.02 

A-8M 0.5 - 0.5 8 mol/L 0.02 

A-10M 0.5 - 0.5 10 mol/L 0.02 

A-14M 0.5 - 0.5 14 mol/L 0.02 

M-10%S 0.9 0.1 - 8 mol/L 0.02 

M-20%S 0.8 0.2 - 8 mol/L 0.02 

M-30%S 0.7 0.3 - 8 mol/L 0.02 

M-40%S 0.6 0.4 - 8 mol/L 0.02 

M-50%S 0.5 0.5 - 8 mol/L 0.02 

M-60%S 0.4 0.6 - 8 mol/L 0.02 

M-70%S 0.3 0.7 - 8 mol/L 0.02 
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3.3 Specimens preparation, casting and curing 

Alkaline activator solution was usually the material prepared at the beginning of 

the experiment. First, the weighed solid sodium hydroxide (NaOH) was dissolved in tap 

water. After stirring using a stirring bar, the water glass equal in volume to the water 

was added to the solution, and stirred continuously until fully mixed (Figure 3.5). After 

mixing of NaOH (solid), Na2SiO3 solution and tap water, the alkaline activator solution 

was allowed to stand for at least 24 hours before being used for EGC preparation to 

allow the heat release due to the exothermic chemical reaction between NaOH and 

Na2SiO3 to fully dissipate.  

 

 

 

 

 

 

 

 

 

 

Figure 3.5: Mixed alkaline activator solution 

 



31 

 

Binder materials were prepared by thoroughly dry mixing the raw materials (i.e., 

MK, slag or river sand) in a container. The solid precursor was first mixed for about 1 

minute, followed by the alkaline activator solution added to it. The activator solution 

was added gradually to the mixed solid precursor while stirring continuously until well 

mixed for about two minutes. Once the paste has formed, continue to add PVA Fibre, 

the weighed PVA fibre was progressively added to the mixture being mixed to ensure 

a uniform distribution of the PVA fibre (Figure 3.6). Finally, when the entire mixing 

procedure was completed, the EGC was cast into the 70.7 mm × 70.7 mm × 70.7 mm 

moulds (Figure 3.7 & Figure 3.8). 

 

 

 

Figure 3.6: Mixing process of EGC (Cai et al., 2022) 

 

 

 

 

 

 

Figure 3.7: Dimensions of compressive test specimens 

After about 20 hours, the surface of the specimen began to harden significantly, 

and a small amount of water released during curing. EGC specimen was marked after 
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3, 7, 14 or 28 days under standard curing room (humidity of 95 ± 3%, temperature of 

20 ± 2 °C). The demoulding treatment is then carried out in preparation for the 

subsequent compression tests after curing. 

 

 

 

 

 

 

 

 

Figure 3.8: EGC Matrix after casting 

 

 

 

 

 

 

Figure 3.9: EGC specimen without demoulding after curing 
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3.4 Test setup and testing of specimens 

The test setup for compressive tests is showed in Figure 3.10 and the 

compressive tests were carried out according to ASTM C109. The loading speed of the 

compression testing machine was kept fixed for all mixtures as 0.3 MPa/s. 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.10: Test setup for compressive tests 

After completing the compressive tests, the EGC specimen was properly placed 

for analysis of the specimen failure mode (Figure 3.11). 

 

 

 

 

Specimen holder 

Upper Beam 

Upper Plate 

Bottom Plate 



34 

 

 

 

 

 

 

 

Figure 3.11: EGC failure mode after compression tests 

 

3.5 Prediction model 

A three-layer feed-forward back propagation (BP) neural network model was 

established to process the compressive strength. The model has eleven input parameters, 

and the compressive strength is the only output parameter. The work used MATLAB 

software to establish a prediction model, applied the Levenberg-Marquardt algorithm, 

made appropriate adjustments to the neural toolbox, and finally used statistical methods 

to evaluate its performance. 
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CHAPTER 4 EXPERIMENTAL ANALYSIS AND DISCUSSION 

4.1 Variation of Strength with Curing Time 

In order to determine how quickly EGC with different mix proportions can reach 

the desired strength as a repair and building material, compression tests were performed 

at 3, 7, 14 and 28 days after casting. According to the results of these tests, although the 

compressive strength of EGC increased mainly with the increase of curing time, the 

rapid strength effects caused by different conditions are not similar. This part compares 

the compressive strength of EGC with curing age by analysing various mix ratios and 

combining them with concrete curing experience. 

4.1.1 Binder Mix Proportions 

According to the strength curing of ordinary concrete, at room temperature and 

standard atmospheric pressure, 40% compressive strength can be achieved in 3 days, 

65% compressive strength in 7 days, 90% compressive strength in 14 days and almost 

the standard compressive strength in 28 days.  

Since the data obtained by the compressive test instrument is the compressive 

load, the maximum compression loads that EGC can withstand can be converted to the 

maximum compression pressure (compressive strength) using Equation (4.1) based on 

the 70.7 mm experimental mould.  

 

𝑝𝑚𝑎𝑥 =
𝐹𝑚𝑎𝑥

𝐿2
× 103 (4.1) 

Where 𝑝𝑚𝑎𝑥 =  maximum compressive pressure, MPa; 

𝐹𝑚𝑎𝑥 = maximum compressive load, kN; 
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𝐿 = Specimen side length (𝑖. 𝑒. , 70.7 𝑚𝑚), mm. 

This part of the research focuses on the slag content of 30% to 60%, so the 3-

day, 7-day and 28-day compressive strengths of M-30%S to 60%S are shown in Figure 

4.1, and the values are shown in Table 4.1. Since two to three specimens were tested 

each time in the experiment, the compressive strength was an average value rather than 

a specific real value. 

 

 

 

 

 

 

 

 

 

Figure 4.1: Compressive strength of M-30%S, M-40%S, M-50%S and M-60%S 

Table 4.1: Compressive strength values of M-30%S, M-40%S, M-50%S and M-60%S 

Mix proportions 

Compressive strength (MPa) 

3-day 7-day 28-day 

M-30%S 16.87 24.44 28.30 

M-40%S 20.33 30.38 33.58 

M-50%S 30.35 38.79 41.96 

M-60%S 35.46 43.15 48.74 



37 

 

According to the above experimental results, with the increasing amount of slag, 

the compressive strength achieved by the specimen for 3 days increases significantly, 

and the compressive strength of 50% slag specimen for 3 days is nearly twice that of 

30% slag specimen. According to ACI 318 Code, the minimum compressive strength 

required for structural concrete is about 17.2 MPa, and all mix proportions of EGC have 

far exceeded this strength requirement in 7 days. With the increase in the curing time, 

the strengthening speed of EGC becomes slower. The compressive strength of 7 days 

is close to the ultimate compressive strength of 28 days. Therefore, it can be 

preliminarily concluded that the curing of EGC is generally faster than that of ordinary 

concrete. Assuming a 28-day compressive strength of 100% for all mix proportions of 

EGC, the compressive strengths achieved at each curing age are shown in Table 4.2. 

Table 4.2: Achieved strength values of M-30%S, M-40%S, M-50%S and M-60%S 

Mix proportions 

Achieved compressive strength, % 

3-day 7-day 28-day 

M-30%S 59.61 86.36 100 

M-40%S 60.54 90.47 100 

M-50%S 72.33 92.45 100 

M-60%S 72.75 88.53 100 

 

 

 

 



38 

 

 

 

 

 

 

 

 

 

 

Figure 4.2: Achieved strength of M-30%S, M-40%S, M-50%S and M-60%S 

Four groups of materials present EGC can reach 59%-72% compressive strength 

in 3 days and 86%-92% in 7 days, obviously EGC reaches standard compressive 

strength faster than ordinary concrete and resembles early-strength concrete. 

Furthermore, this effect reaches its optimum when the slag content reaches 50%. When 

the slag content is higher than 50%, the time required to reach the standard compressive 

strength increases slightly. Moreover, when the slag content was 60%, the compressive 

strength achieved by the specimen in seven days was worse than that of the specimen 

with 40% slag content. 

4.1.2 Activator Mix Proportions 

This study set up four groups of 6 mol/L, 8 mol/L, 10 mol/L, and 14 mol/L for 

the alkaline activator solution containing NaOH. For the EGC binder material, all 

groups used the mass fraction MK : River sand = 5:5 and PVA fibre was 2% (mass 



39 

 

fraction). EGC was also subjected to compression tests with curing time of 3, 7, 14 and 

28 days for alkaline activator solutions with different NaOH concentrations. Figures 4.3 

presents the results of the compression tests for A-6M, A-8M, A-10M, and A-14M. 

 

 

 

 

 

 

 

 

 

Figure 4.3: Compressive strength of A-6M, A-8M, A-10M, and A-14M 

The above figure shows that changing the NaOH concentration in the alkaline 

activator solution has a more significant effect on the curing time to reach the standard 

compressive strength than changing the binder material. For the NaOH concentration 

of 6 mol/L, the growth trend of the compressive strength of EGC from 3 to 28 days is 

relatively apparent; however, when the NaOH concentration is 8 mol/L, EGC has 

basically reached the final standard compressive strength at 14 days; moreover, this 

situation is more significant in the tests with the NaOH concentration greater than 8 

mol/L, and the compressive strength of EGC at 7 days is already very close to the 
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standard compressive strength. Table 4.3 presents the compressive strength values of 

A-6M, A-8M, A-10M, and A-14M by equation (4.1). 

Table 4.3: Compressive strength values of A-6M, A-8M, A-10M, and A-14M 

Mix proportions 

Compressive strength (MPa) 

3-day 7-day 14-day 28-day 

A-6M 10.17 11.62 11.83 12.64 

A-8M 13.81 19.77 20.84 21.23 

A-10M 22.35 22.42 22.62 23.80 

A-14M 21.03 23.18 24.44 24.79 

According to Table 4.3, as the NaOH concentration increases, the curing time 

for EGC to reach the standard compressive strength becomes shorter. The effect of early 

strength is most evident for A-10M and A-14M, where more than 50% of the standard 

compressive strength was reached at 7 days. Except for A-6M, the NaOH concentration 

from 8M to 14M has reached the compressive strength requirements of traditional 

structural concrete within 28 days. In order to get a more precise comparison of the 

relationship between the strengths at each period, Table 4.4 and Figure 4.4 show the 

percentage of strength at each curing time by assuming the 28-day strength as the 

standard strength. 
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Table 4.4: Achieved strength values of A-6M, A-8M, A-10M, and A-14M 

Mix 

proportions 

Achieved compressive strength, % 

3-day 7-day 14-day 28-day 

A-6M 80.46 91.93 93.59 100 

A-8M 65.05 93.12 98.16 100 

A-10M 93.91 94.20 95.04 100 

A-14M 84.83 93.51 98.59 100 

 

 

 

 

 

 

 

 

Figure 4.4: Achieved strength of A-6M, A-8M, A-10M, and A-14M 

For the studies of alkaline activator solution, the compressive strength of EGC 

almost reach about 95% at the curing time of 14 days, which is quite different from the 

previous studies where binder material is used as a variable, probably due to the change 

in silicon (Si) content of EGC caused by the addition of river sand. Furthermore, the 

percentage of standard compressive strength achieved by the sample at 7 days increases 

with the increase of the NaOH concentration in the alkaline activator solution, and it 
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can optimally reach about 95% at a NaOH concentration of 14 mol/L. However, the 

compressive strength of the specimen with NaOH exceeding 8 mol/L increases rapidly 

in the early stage, which is more in line with the requirements of materials that achieve 

near-ideal strength in a short period. 

4.2 Variation of Strength with Binder Mix Proportions 

Among the experimental studies of each mix proportion, the data of 7 days are 

the most complete and abundant. Therefore, the curing time of 7 days for each group 

will be used for comparison. To ensure that the alkaline activator solution would not 

affect the experimental results, the concentration of NaOH is unified at 8 mol/L. With 

the increase in the proportion of slag, the 7-day compressive strength of EGC has 

maintained a significant increase, and the compressive strength of EGC from 10% slag 

to 70% slag at 7 days is shown in Figure 4.5 and Table 4.5. 

 

 

 

 

 

 

 

 

 

Figure 4.5: Compressive strength of EGC varies with the mass content of slag 
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Table 4.5: Compressive strength of different binder mix proportions for EGC (7-day) 

Mix proportions Compressive strength (MPa) Increase ratio 

M-10%S 16.22 —— 

M-20%S 22.11 36% 

M-30%S 24.44 11% 

M-40%S 30.38 24% 

M-50%S 38.79 28% 

M-60%S 43.15 11% 

M-70%S 51.83 20% 

According to the above results, the 7-day compressive strength of EGC increases 

as the proportion of slag increases. Ultimately, the maximum compressive strength is 

51.83 MPa when the slag reaches 70%, which matches the compressive strength of 

high-performance concrete. The compressive strength of the EGC specimen in the mix 

proportion of M-60%S and M-70%S is already close to or better than that of 

conventional ECC material (45 MPa). However, although the compressive strength of 

EGC continued to increase with the increase of the slag proportion, when the proportion 

of slag exceeded about 50%, the growth rate of its compressive strength decreased. This 

phenomenon shows that when the proportion of slag in binder material exceeds MK 

(i.e., slag is the majority), the improved efficiency of compressive strength is 

continuously decreasing. The increase in slag content from nil to high promotes the 

production of aluminosilicate hydrates and C-S-H gels. However, the high proportion 

of CaO in the slag (Table 3.2) leads to excessive formation of Ca(OH)2 in the hydration 
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reaction of the geopolymer, resulting in expansion and cracking, thereby reducing the 

compressive strength. (Ling et al., 2019) 

The EGC with slag is about 18 MPa stronger in the compressive test under the 

same conditions as the EGC matrix with river sand. According to the comparison of the 

chemical composition of the raw material in Table 3.2, although river sand contains a 

very high proportion of SiO2, the content of Al2O3 in slag far exceeds that of the former. 

This may result in calcium aluminosilicate hydrate (C-A-S-H) gel, alkali 

aluminosilicate (N-A-S-H) gel or other organic geopolymer products being more 

formed in EGC containing slag matrix, which further increases its compressive strength. 

(Kan et al., 2020) 

4.3 Variation of Strength with Activator Mix Proportions 

In studies with NaOH content in alkaline activator solution as a variable, the 

experiments were conducted using the mass fraction MK : River sand = 5:5 in binder 

matrix and PVA fibre as 2% of the volume fraction for EGC preparation. Similarly, the 

7-day EGC compression tests were used to compare results. The 7-day compressive 

strength of EGC was virtually improved from low-concentration NaOH to a relatively 

high-concentration NaOH alkaline activator solution. The change and increase ratio of 

compressive strength are presented in Figure 4.6 and Table 4.6 below. 
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Figure 4.6: Compressive strength of EGC varies with the molar concentration of NaOH 

Table 4.6: Compressive strength of different activator mix proportions for EGC (7-day) 

Mix proportions Compressive strength (MPa) Increase ratio 

A-6M 11.62 —— 

A-8M 19.77 70% 

A-10M 22.42 13% 

A-14M 23.18 3% 

In this study, the 7-day compressive strength of EGC increased with the increase 

of the concentration of NaOH in the alkaline activator solution, similar findings were 

reported by Zahid et al. in 2020. The compressive strength of the 6 mol/L NaOH 

specimen is quite different from that of the specimen with a high concentration, EGC 

specimen eventually fails to achieve compressive strength similar to that of 

conventional concrete at this concentration proportion. When the NaOH concentration 
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is 14 mol/L, the 7-day compressive strength of EGC reaches a maximum of 24.8 MPa. 

With the increase of the molar concentration of NaOH, the geopolymerization of EGC 

during curing accelerates with the increase of alkalinity, thus leading to the 

improvement of the compressive strength of the EGC specimen. (Cai et al., 2022) In 

addition, NaOH at 12 M to 16 M helps PVA fiber and matrix build strong chemical 

bonds that enhance compressive strength. (Zahid et al., 2020) 

decreases rapidly from 70% to less than 15%, the increase in strength is 

relatively weak, which indicates that the 8 mol/L NaOH concentration is likely to 

achieve a more efficient effect from the perspective of economic benefit. Palomo et al. 

's study in 1999 also mentioned that when excessive OH- exists, it is not conducive to 

the consolidation of the connection in the matrix and may lead to the weakening of 

compressive strength. Compared with increasing the proportion of slag in the binder 

material, increasing the concentration of NaOH in the activator solution has a relatively 

poor efficiency in improving the compressive strength of EGC, and it decreases the 

positive efficiency after the concentration of NaOH exceeds 8 mol/L. This can explain 

that most classical ECC and EGC experiments may use alkaline activator solutions with 

a NaOH concentration of 8 mol/L. 

4.4 Stress-Strain Curves 

Following the analysis of the results in Sections 4.2 and 4.3, the stress-strain 

curves of the 7-day specimen under compression are further drawn. The stress-strain 

curves can be divided into three phases: the first phase is the compression rising, in 

which the sample mainly undergoes elastic deformation; the second phase is the plastic 



47 

 

deformation, where the specimen changes from elastic to plastic deformation after the 

pressure reaches a certain level, but the compressive strength is still increasing; the final 

phase is the failure breakdown after reaching the peak load. 

 

 

 

 

 

 

 

 

 

Figure 4.7: Stress-stain curves of different binder mix proportions under compressive tests 

According to Figure 4.7, when the slag content is low, the specimen can 

maintain a high load for a while after reaching the peak load. Compared with ordinary 

concrete, this superior feature mainly comes from the bridging effect of PVA fibre in 

the EGC matrix. However, with the increase of slag content, the signs of brittle failure 

are more and more prominent, although the compressive strength keeps increasing 

significantly, which is not conducive to the observation and maintenance of building 

hazards. It can be seen that the bridge effect is weakened in the high content of slag. 
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Figure 4.8: Stress-stain curves of different activator mix proportions under compressive tests  

When the concentration of sodium hydroxide in the alkaline activator solution 

is continuously increased, according to the stress-stain curves, the overall sudden 

damage is improved after slag is replaced by river sand in the EGC matrix. However, 

the peak strength is maintained well in the low-concentration sodium hydroxide 

specimen. When the molar concentration of NaOH is 6M, EGC has a broader 

compressive response curve, which gradually narrowed with the increase of NaOH 

concentration, but it still maintains good ductility of EGC. 
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4.5 Failure Modes 

Typical compression failure modes of EGC specimens are shown in the 

following figures, and there is no sudden breakage or splitting phenomenon during the 

compression test. 

 

 

 

 

 

 

(i)                               (ii) 

 

 

 

 

 

 

 

(iii)                                       (iv) 

Figure 4.9: Failure mode of (i) M-30%S, (ii) M-40%S, (iii) M-50%S and (iv) M-60%S for 7 days 

According to Figure 4.9, the failure modes of all EGC cubes under compression 

did not break through visible major cracks to typical brittle failure. However, they 
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retained their original shape with minimal chipping due to compression. As the 

proportion of slag gradually exceeds 50%, that is, the content of slag is higher than that 

of metakaolin, the failure mode of EGC presents more obvious fragmentation and 

cracks, and it is easier to form large fragments on its surface. Although with the increase 

of the slag content, the failure mode of EGC presents a broader crack, the overall 

compressive strength of EGC still increases significantly. 

 

 

 

 

 

 

 (i)                                 (ii) 

 

 

 

 

 

 

(iii)                                (iv) 

Figure 4.10: Failure mode of (i) A-6M, (ii) A-8M, (iii) A-10M and (iv) A-14M for 7 days 
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When the concentration of sodium hydroxide in the alkaline activator solution 

is 6 mol/L, it can be clearly seen that the failure modes of EGC under compressive test 

gradually change from the main cracks to multi-cracks. As the concentration of NaOH 

is 8 mol/L, the compressive strength of the specimen is better and the failure modes 

present multi-cracks, which is mainly due to the promotion of C-S-H gel by increasing 

the concentration of NaOH. (Zahid et al., 2020) With the further increase of the 

concentration of sodium hydroxide, severe cracks appeared on the surface of the 

specimen under the compressive test, which may be due to the increase of air bubbles 

in the EGC due to the generation of excessive alkaline substances. Although there are 

more cracks in failure modes, the strength of 10 mol/L EGC is still generally better than 

that of 8 mol/L EGC. When the concentration of sodium hydroxide was 14 mol/L, the 

main crack appeared on the surface of EGC again, and the compressive results showed 

that the compressive strength did not increase significantly. 
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CHAPTER 5 PREDICTIVE ANALYSIS AND DISCUSSION 

5.1 Development of prediction model 

5.1.1 Development of Input Parameters and Database 

Using the neural network model to predict the compressive strength of 

Engineered Geopolymer Composites (EGC) is a relatively complex process, because 

the composition of the binder material, the proportion of the alkaline activator solution, 

and the type and content of polymer fibres are all possible design parameters that may 

affect the compressive strength. In the prediction model of this project, input parameters 

are mainly divided into the following five categories, of which there are six and two 

sub-parameters respectively under the binder material and alkaline activator categories 

(Table 5.1), giving a total of eleven  

Table 5.1: Input Parameters 

Binder Materials Content (wt. %) 

L. Fly Ash (Class F) 

H. Fly Ash (Class C) 

Metakaolin 

GGBFS 

River Sand 

Micro Silica Sand 

Alkaline Activator Solution 

NaOH Concentration (mol/L) 

Activator/Binder 

Other 

PVA Fibre Content (vol.) 

Heat Curing Temperature (°C) 

Curing Age (Days) 

The mass content of binder materials does not include the mass  

of PVA fibres. 
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All 166 data sets were obtained from experimental tests and 21 literature 

collections. Table 5.2 shows the maximum, minimum, mean value and standard 

deviation of the selected input parameters. 

Table 5.2: Ranges of input parameters 

Input parameters Unit Minimum Maximum Mean Standard deviation 

Fly Ash (Class F) Content wt. % 0 1 0.359 0.347 

Fly Ash (Class C) Content wt. % 0 0.769 0.035 0.119 

Metakaolin Content wt. % 0 0.9 0.234 0.285 

GGBFS Content wt. % 0 1 0.119 0.190 

River Sand Content wt. % 0 0.708 0.173 0.240 

Micro Silica Sand Content wt. % 0 0.73 0.079 0.142 

NaOH Concentration mol/L 6 16 9.482 2.150 

Activator/Binder - 0.2 0.83 0.580 0.225 

PVA Fibre Content vol. 0 0.03 0.019 0.004 

Heat Curing Temperature °C 0 80 26.205 33.017 

Curing Age Days 1 28 15.669 10.946 

 

5.1.2 Development of ANN Model 

Artificial Neural Network (ANN) is an artificial intelligence approach based on 

the biological nervous system, which simulates the interactive responses of neurons and 

nodes in the biological brain to information stimuli, and further optimize the prediction 

model through network structure and weight adjustment. The ANN model mainly 
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contains two phases, namely the training process and the validation and testing process. 

In the training process, the effective relationship of input and output parameters was 

established through the interaction calculation of neural nodes in the hidden layer 

(Figure 5.1) with the raw data. Subsequently, the model's prediction accuracy is 

continuously improved and verified by validation and testing. 

 

 

 

 

 

 

Figure 5.1: Three-layer Artificial Neural Network (ANN) Model 

This project uses the feed-forward back propagation (BP) neural network to 

establish the prediction model. The BP neural network is mainly divided into the feed-

forward stage and the error backward propagation stage. The raw data enters the hidden 

layer through the input layer and is weighted to obtain the output value during the feed-

forward stage. Furthermore, the error is calculated at the output layer according to the 

output value, and the error is fed back to the hidden and input layers. Then the error of 

each node is calculated in turn, and the corresponding weights and thresholds are 

modified accordingly to achieve the final minimisation of the error. 
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5.1.2.1 Feed-forward stage 

The input data and output data of the BP neural network are 𝐼  and 𝑂 

respectively, and the data remains unchanged after passing through the input layer, so 

the situation at the input layer node 𝑖 is: 

𝐼𝑖 = 𝑥𝑖 

𝑂𝑖 = 𝐼𝑖 

After the hidden layer's weighted and thresholds functional relationship (𝜔) 

processing, the activation function is required to further process the data to continue 

transmission. The Sigmoid function is a commonly used activation function, and its 

formula is as follows: 

𝑓(𝑥) =
1

1 + 𝑒−𝑥
(5.1) 

Therefore, the data situation when passing through the hidden layer node 𝑗 

after the action of the activation function is (𝑏𝑗  is the node threshold): 

𝐼𝑗 = ∑ 𝑂𝑖𝑤𝑖𝑗

𝐼−1

𝑖=0

+ 𝑏𝑗 

𝑂𝑗 = 𝑓(𝐼𝑗) 

Similarly, the data situation transmitted from the hidden layer to the output layer 

node 𝑘 is (𝑏𝑘 is the node threshold): 

𝐼𝑘 = ∑ 𝑂𝑗𝑤𝑗𝑘 + 𝑏𝑘

𝐽−1

𝑗=0

 

𝑂𝑘 = 𝑓(𝐼𝑘) 
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This concludes the feed-forward of the data. 

5.1.2.2 Backward propagation stage 

After completing the feed-forward process, all the output (�̂�𝑘) and real (𝑌𝑘) data 

of the neural network are used to find the error using the mean squared error (MSE) 

function (Equation 3.2). 

𝑀𝑆𝐸(𝑤, 𝑏) =
1

2
∑(�̂�𝑘 − 𝑌𝑘)

2
 

𝐾

𝑘=0

(5.2) 

The main purpose of BP neural network is to modify weights and thresholds 

repeatedly to minimize error values. According to the gradient descent method, the 

following output node 𝑘 exists: 

∆𝑤(𝑗, 𝑘) = −𝜂
𝜕𝐸(𝑤, 𝑏)

𝜕𝑤(𝑗, 𝑘)
(5.3) 

Where 𝜂 is the learning rate, the steps taken per gradient and is an artificial parameter, 

usually between 0.1 and 0.3. 

Since the activation function is Sigmoid function, its derivative can be obtained 

as follows: 

𝑓′(𝑥) = 𝑓(𝑥)(1 − 𝑓(𝑥)) (5.4) 

then for 𝑤𝑗𝑘,  

𝜕𝐸(𝑤, 𝑏)

𝜕𝑤𝑗𝑘
=

1

𝜕𝑤𝑗𝑘
∙

1

2
∑(�̂�𝑘 − 𝑌𝑘)

2
𝐾

𝑘=0

 

= (�̂�𝑘 − 𝑌𝑘) ∙
𝜕�̂�𝑘

𝜕𝑤𝑗𝑘
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= (�̂�𝑘 − 𝑌𝑘) ∙ 𝑓′(𝐼𝑘)
𝜕𝐼𝑘

𝜕𝑤𝑗𝑘
 

= (�̂�𝑘 − 𝑌𝑘) ∙ 𝑓(𝐼𝑘)(1 − 𝑓(𝐼𝑘)) ∙ 𝑂𝑗 

=  𝛿𝑗𝑘 ∙ 𝑂𝑗 (5.5) 

Where 𝛿𝑗𝑘 =  (�̂�𝑘 − 𝑌𝑘) ∙ 𝑓(𝐼𝑘)(1 − 𝑓(𝐼𝑘)). 

Similarly, for 𝑏𝑘, 

𝜕𝐸(𝑤, 𝑏)

𝜕𝑏𝑘
= 𝛿𝑗𝑘 (5.6) 

According to the above calculation, combined with Equation (3.3), the following 

adjustments to 𝑤𝑗𝑘 and 𝑏𝑘 can be obtained:  

𝑤𝑗𝑘 𝑛𝑒𝑤 = 𝑤𝑗𝑘 − 𝜂
𝜕𝐸(𝑤, 𝑏)

𝜕𝑤𝑗𝑘
= 𝑤𝑗𝑘 − 𝜂 ∙ 𝛿𝑗𝑘 ∙ 𝑂𝑗 (5.7) 

𝑏𝑘 𝑛𝑒𝑤 = 𝑏𝑘 − 𝜂
𝜕𝐸(𝑤, 𝑏)

𝜕𝑏𝑘
= 𝑏𝑘 − 𝜂 ∙ 𝛿𝑗𝑘 (5.8) 

Compared with the weight and threshold relationship between the output and 

hidden layers, the relationship between the hidden layer and the input layer is more 

complex. Taking 𝑤𝑖𝑗  as an example, it can be obtained according to the chain 

derivative method: 

𝜕𝐸(𝑤, 𝑏)

𝜕𝑤𝑖𝑗
=

1

𝜕𝑤𝑖𝑗
∙

1

2
∑(�̂�𝑘 − 𝑌𝑘)

2
𝐾

𝑘=0

 

= ∑(�̂�𝑘 − 𝑌𝑘)

𝐾

𝑘=0

∙ 𝑓′(𝐼𝑘)
𝜕𝐼𝑘

𝜕𝑤𝑖𝑗
 

= ∑(�̂�𝑘 − 𝑌𝑘)

𝐾

𝑘=0

∙ 𝑓′(𝐼𝑘)
𝜕𝐼𝑘

𝜕𝑂𝑗
∙

𝜕𝑂𝑗

𝜕𝐼𝑗
∙

𝜕𝐼𝑗

𝜕𝑤𝑖𝑗
 

= ∑ 𝛿𝑗𝑘

𝐾

𝑘=0

∙ 𝑤𝑗𝑘 ∙ 𝑓(𝐼𝑗) (1 − 𝑓(𝐼𝑗)) ∙ 𝑂𝑖 
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= ∑ 𝛿𝑖𝑗

𝐾

𝑘=0

∙ 𝑂𝑖 (5.9) 

The subsequent adjustment steps are the same as equation (5.7). More hidden 

layers may require more complex chain derivatives, but the principle is basically similar. 

The three-layer BP neural network prediction model is used in this report. Figure 5.2 

presents information on the input and output parameters of the model. 

 

 

 

 

 

 

 

 

 

 

Figure 5.2: Architecture of Compressive Strength Prediction Model 
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5.1.3 Normalization Processing 

The normalization process maps the data to [0,1] or [-1,1] or other special 

intervals. This processing is beneficial to improve the convergence of the neural 

network, speed up the training speed, and also help to match the activation function. 

𝑋normalized =
𝑋 − 𝑋min

𝑋max − 𝑋min

(5.10) 

Where 𝑋normalized is data after normalization; 

𝑋 is the raw data; 

𝑋min is the corresponding minimum value in the data set; 

𝑋max is the corresponding maximum value in the data set. 

5.1.4 Underfitting and Overfitting 

After establishing the Artificial Neural Network model, the processing of 

different data and objects may be too rough or too fine, which leads to Underfitting and 

Overfitting, respectively. Underfitting causes the trained model not to be able to 

recognize and process feature data sensitively, while overfitting over-emphasizes the 

features of the training set and lacks the inclusion and identification of feature data, so 

accurate predictions cannot be made in both cases. Both underfitting and overfitting can 

be improved by increasing or decreasing the number of neural nodes in the hidden layer, 

and overfitting can also be optimized by regularization processing, Batch Normalization, 

dropout and input noise. This report focuses on adjusting the number of nodes to help 

build the "best" prediction model. 

Determining the number of nerve nodes has always been highly regarded, and 

there is no definite method for the process. Researchers often need to find the most 
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appropriate number of nerve nodes through repeated training. The following empirical 

equation (3.11) is usually tried at the beginning of the study: 

𝑁 =
𝑁𝑠

𝛼 × (𝑁𝑖 + 𝑁𝑜)
(5.11) 

Where 𝑁 is the number of hidden layer neural nodes; 

𝑁𝑠 is the number of training data sets; 

𝑁𝑖 is the number of neurons in the input layer; 

𝑁𝑜 is the number of neurons in the output layer; 

𝛼 is a self-fetching variable of any value, usually 2 to 10. 

Furthermore, there are several basic principles in the process of determining the 

number of neural nodes: 

1. The number of hidden neurons can be between the size of the input layer and the 

output layer. 

2. The number of hidden neurons can be 2/3 the size of the input layer plus 2/3 the 

size of the output layer. 

3. The number of hidden neurons can be less than twice the size of the input layer. 

5.1.5 Statistical Measures of Accuracy 

The accuracy of predictive models is often judged by statistical methods such as 

coefficient of determination (R2), mean absolute error (MAE) and root mean square 

error (RMSE), etc. 

𝑅2 =
(𝑛 ∑ 𝑦𝑖𝑖 �̂�𝑖 − ∑ �̂�𝑖𝑖 ∑ 𝑦𝑖𝑖 )2

(𝑛 ∑ �̂�𝑖𝑖
2

− (∑ �̂�𝑖)𝑖
2

)(𝑛 ∑ 𝑦𝑖𝑖
2

− (∑ 𝑦𝑖𝑖 )2)
(5.12) 
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This is one of the most common statistical parameters to judge the degree of 

fitting. R2 is a value greater than 0 and less than or equal to 1. The closer R2 is to 1, the 

better the fitting effect. 

𝑀𝐴𝐸 =
1

𝑛
∑|𝑦𝑖 − �̂�𝑖|

𝑛

𝑖=1

(5.13) 

Mean Absolute Error is a parameter greater than 0. When the predicted value is 

entirely consistent with the actual value, it is equal to 0, a perfect model; the more 

significant the error, the larger the value. 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑(𝑦𝑖 − �̂�𝑖)2

𝑛

𝑖=1

(5.14) 

Root Mean Square Error is also a parameter greater than 0, which is similar to 

MAE's judgment method, but it is more intuitive in magnitude. 

 

Where 𝑦𝑖 is the real compressive strength of EGC specimen; 

�̂�𝑖 is the predicted compressive strength of EGC specimen; 

𝑛 is the number of the datasets. 

5.2 Determination of the number range of nerve nodes 

In an established three-layer back propagation (BP) neural network model, it is 

essential to determine the number of neural nodes in the hidden layer in order to prevent 

underfitting and overfitting. This project has 11 neurons in the input layer, 1 neuron in 

the output layer and a training set of 70% of the entire sample set, i.e., 116 sets. 

According to equation (5.11), when 𝛼 is 2: 
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116

2 × (11 + 1)
≈ 5 

Therefore, the number of neural nodes in the hidden layer of the BP neural 

network model is controlled between 5 and 15. 

5.3 Training, validation and testing of predictive model 

In this section of the study, the training, validation, testing and total correlation 

coefficient R of the BP neural network prediction model are obtained for different 

numbers of hidden layer nodes. Figure 5.3 presents the data of correlation coefficient R 

from 5 hidden nerve nodes to 15 hidden nerve nodes. 

According to Figure 5.3 and related results, when the number of hidden nerve 

nodes ranged from 5 to 15, the correlation coefficient R of the training process is 0.935 

at the lowest and 0.986 at the highest, with an average of 0.968. The lowest correlation 

coefficient R value in the validation process is 0.832, the highest is 0.948, and the 

average is 0.905. The lowest correlation coefficient R value is 0.784 and the highest is 

0.941, with an average of 0.891 during the test process. Combining the above three 

processing, the total correlation coefficient R value is the lowest of 0.967 and the 

highest is 0.919, and the average is 0.946. When the number of hidden layer neural 

nodes is 9 and 12, the total correlation coefficient R is 0.9669 and 0.9675 respectively, 

which are very close.  
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Figure 5.3: Correlation Coefficient R for Various Numbers of Neurons in Hidden Layer 

The model with 9 hidden neural nodes performs slightly better in the training 

process with an R value of 0.986. However, the model with 12 hidden neural nodes 

performs slightly better than the former in validation and testing, with R values of 0.948 

and 0.941, respectively, which were both optimal values. Therefore, combined with the 

total correlation coefficient R and the respective R values of the three processing 

processes, this report temporarily determines the prediction model with 12 hidden layer 

nodes as the optimal model. In the follow-up, the method of statistical error calculation 

will be combined to further calculate and analyze to determine the best model. 
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5.4 The optimal number of hidden neural nodes in model 

In this part, some relevant performance evaluations and results of the prediction 

model when the number of hidden layer neural nodes is 12 will be shown in Figures 5.4, 

5.5, 5.6 and 5.7. 

 

 

 

Figure 5.4: View of the predictive model with 12 hidden nodes 

 

 

 

 

 

 

 

 

 

 

Figure 5.5: Mean Squared Error (MSE) performance of model with 12 hidden nodes 

Figure 5.4 shows the architecture of the BP neural network, in which there are 

11 neurons in the input layer and 1 neuron in the output layer, where w and b represent 

weights and thresholds, respectively. In Figure 5.5, Mean Squared Error (MSE) is used 
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as one of the factors to evaluate whether to end the training epochs. When the system 

finds that the MSE is near the lowest value, it would interrupt processing according to 

the early stop method and not start a new epoch. 

 

 

 

 

 

 

 

 

 

Figure 5.6: Training and validation process of model with 12 hidden nodes 

After each training, the system will validate the neural network based on the 

regular learning rate and validation data set. Each time validation is completed, an error 

will be output. In this network, the number of steps is 6 epochs, when the model finds 

that the output error is not decreasing or even increasing in 6 consecutive epochs, then 

it means that the error of the model training is no longer decreasing, there is no better 

effect, stop training, otherwise it may fall into over-learning 
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Figure 5.7: Regression performance of model with 12 hidden nodes 

The correlation coefficient R of the prediction model in each learning and testing 

process is shown in the figure above. As can be seen from the data and figure, dataset 

locations are evenly distributed near the fitting line. The R value is above 0.94, far 

higher than that of the conventional prediction model of 0.75, so the model's accuracy 

is guaranteed. 
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5.5 Statistical Predictive Evaluation 

Although in section 5.3, the study used the correlation coefficient R to conduct 

a preliminary evaluation of the performance of models with different numbers of hidden 

neural nodes. However, since R only has a significant effect on most linear fitting 

relationships, and a single parameter may not be able to entirely evaluate model 

prediction performance entirely accurately, this section will introduce Coefficient of 

Determination (R2), Mean Absolute Error (MAE) and Root Mean Squared Error 

(RMSE) to comprehensively evaluate the prediction performance. 

 

 

 

 

 

 

 

 

 

Figure 5.8: Coefficient of Determination (R2) for Various Numbers of Neurons in Hidden Layer 

According to the Coefficient of Determination (R2), the minimum value of R2 

for all models is 0.844, the maximum value is 0.936, and the maximum value occurs in 

the model with 12 hidden neural nodes. It can be seen that when the hidden neural nodes 
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are between 8 and 14, they show better prediction performance, and the prediction 

performance begins to decline outside this range. 

 

 

 

 

 

 

 

 

 

Figure 5.9: Mean Absolute Error (MAE) for Various Numbers of Neurons in Hidden Layer 

According to Figure 5.9, the MAE value should approach 0 as close as possible, 

indicating better performance; if the model error is larger, the value will be larger. The 

error increases in the range of less than 8 nodes and greater than 14 nodes, similar to R2. 

The difference with R2 is that the error obtained by this statistical method becomes 

smaller again at the position where the hidden neural node is 5, but it is still not the best 

model. 
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Figure 5.10: Root Mean Squared Error (RMSE) for Various Numbers of Neurons in Hidden 

Layer 

Root Mean Squared Error (RMSE) gives a more intuitive sense of the error. The 

model with 12 hidden neural nodes also has the smallest value in the results obtained 

by this method. Combining the three statistical methods mentioned above, the model 

with 12 hidden nodes shows a slight advantage over the model with 9 hidden nodes in 

terms of R2 being 0.001 larger, MAE being 0.09 smaller, and RMSE being 0.267 

smaller, thus 12 is the optimal number of hidden nodes. However, according to the 

statistical method described above, from 8 to 14 hidden neural nodes also have good 

prediction performance. 

 

 

 



70 

 

CHAPTER 6 SUMMARY, CONCLUSION AND 

RECOMMENDATION 

6.1 Summary 

This study is based on the fact that the research of metakaolin-based EGC with 

slag is insufficient, and the preparation process is costly and inefficient, thus the project 

investigates the compressive strength of PVA fibre-reinforced metakaolin-based EGC 

by experimental and predictive modelling approaches. 

The experimental part of this study mainly improves the compression-related 

properties of metakaolin-based EGC by incorporating the slag mix design for the binder 

material and varying the molar concentration of sodium hydroxide in the alkaline 

activator solution. The designed proportion of slag was studied in the range of 10% to 

70%, while the study of alkaline activator solution mainly focused on the concentration 

of sodium hydroxide as 6 mol/L, 8 mol/L, 10 mol/L and 14 mol/L. Further, based on 

the experimental phenomena and results, the report analyses and compares the curing 

age, strength variation, strain-stress curve and failure mode of EGC specimen with 

different mix proportions. 

With the help of 62 sets of experimental data and other related literature, this 

study carried out three-layer feed-forward back propagation (BP) neural network 

modelling based on 11 influencing parameters through 166 sets of compressive strength 

data. After preliminarily determining the optimal number of hidden neural nodes with 

the Correlation Coefficient (R), through subsequent model processing, and finally using 

the three statistics methods of Coefficient of Determination (R2), Mean Absolute Error 
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(MAE) and Root Mean Squared Error (RMSE) successfully build a reliable prediction 

model and evaluates its prediction performance. 

6.2 Conclusion 

This study finds the effect of slag and NaOH concentration on the compressive 

strength of PVA fibre-reinforced metakaolin-based EGC, and contributes to the 

optimization and efficiency improvement of EGC design and preparation by predictive 

modelling. 

1. All EGC containing more than 30% slag meets the compressive strength 

requirements of structural concrete at seven curing days, and EGC containing 50% 

slag has the fastest curing speed. When the concentration of sodium hydroxide in 

the alkaline activator solution is increased, the high content of OH- can accelerate 

the geopolymerisation. 

2. The compressive strength of EGC increases with the increase of slag ratio because 

the formation of C-S-H gel is promoted. However, the increase rate of compressive 

strength decreases above 50% slag, because excess slag rich in calcium oxide leads 

to the formation of other hydration products and enlarges the EGC fractures. 

3. The higher the OH- concentration, the more conducive to forming chemical bonds 

between the PVA fibre and the matrix. Hoverer, higher than 8 mol/L sodium 

hydroxide reduces the efficiency of this effect. 

4. PVA fibre-reinforced EGC has the characteristics of maintaining strength after peak 

load to a certain extent. However, this advantage better performs at low slag content 

and low sodium hydroxide concentration, which is more suitable for the early 
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warning of damage to building materials. 

5. All failure modes show no sudden breakage and remain in shape, and have obvious 

signs of the main cracks converting into multi-cracks due to the bridging effect of 

PVA fibre. 

6. The three-layer BP model with 12 hidden layer neural nodes is the best prediction 

model for the compressive strength of EGC in this report. 

6.3 Limitations and Recommendation for further study 

Although the increase in slag content and sodium hydroxide concentration 

contributes to the compressive strength of EGC, there are other forms of mechanical 

loading and strength of building materials, as well as possible environmental influences. 

Secondly, predictive models other than neural network models and other AI approaches 

may also be suitable for predicting the correlation strength of EGC. Here are a few 

points for future study: 

1. EGC studies on slag and NaOH concentration mix proportions can extend to other 

mechanical properties such as tensile strength, flexural strength, and bond strength. 

2. While studying the relevant mechanical properties, the changes in the strength of 

EGC under different humidity, high temperature or corrosion conditions can also 

be taken into account. 

3. Predictive modelling can combine and compare various mathematical or artificial 

intelligence modelling methods to make comprehensive strength predictions and 

improve the prediction accuracy of established neural networks. 
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APPENDIX 

The sources of total 166 data sets used to establish the predicted compressive strength 

of EGC specimens are as follows: 

Source Reference Data Sets 

Laboratory tests 62 

(Kan et al., 2020a) 6 

(Ling et al., 2019) 12 

(Nematollahi et al., 2017) 2 

(Farooq et al.,2019) 6 

(Nematollahi et al., 2016) 3 

(Li and Du, 2018) 3 

(Al-mashhadani et al., 2018) 6 

(Zahid and Shafiq, 2020) 6 

(Nematollahi, et al., 2014) 2 

(Kan et al., 2020b) 6 

(Humur and Çevik, 2022a) 1 

(Zhong and Zhang, 2021) 3 

(Ohno and Li, 2018) 6 

(Cai et al., 2021) 5 

(Cai et al., 2022) 5 

(Zahid et al., 2020) 3 

(Humur and Çevik, 2022b) 3 

(Wang, et al., 2022) 4 

(Kan et al., 2018) 6 

(Assaedi et al., 2019) 1 

(Wang et al.,2021) 15 

 


