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ABSTRACT 

The amount of municipal waste is significant in Macau, among which marine clay 

makes a significant proportion. Due to marine clay’s high natural moisture content it is not 

suitable to be used for engineering purposes.  

This study aims to provide a preliminary experimental investigation of the engineering 

properties of marine clay when stabilized with cement. Laboratory experiments are conducted 

to investigate the compaction properties of the stabilized soil. Results show that with the 

addition of cement, the Optimum Moisture Content (OMC) increases and the Maximum Dry 

Unit Weight (MDUW) decreases. Furthermore, strength tests such as unconfined compressive 

and unconsolidated undrained triaxial tests were conducted to explore the engineering 

properties of the stabilized mixture. It is apparent that strength is a function of curing duration. 

As the curing time increases, the strength increases due to the hydration processes of Portland 

cement. Results also show that the highest strength was achieved when the remolded water 

content of the mixture is on the dry side of OMC.  

 Artificial neural networks were developed to predict the compaction properties of the 

cement stabilized marine clay such as OMC and MDUW. Furthermore, the strength of the 

stabilized mixture was also predicted. The ‘best’ architecture of the neural network was 

investigated in this study. 
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Chapter 1 Introduction 

1.1 Motivation of Study 

According to DSPA (2019), the land area of Macau is 32.0 square kilometers. Which is 

relatively small compared to the high population density of 20,000 people per square 

kilometers. The construction waste output is significant in Macau due to its speedy 

development and high population density. The amount of construction waste is sizeable, among 

which sea mud (marine clay) consisted of 331,000 cubic meters in 2018 (DSEC, 2019). 

 

Figure 1.1 Quantity of Construction Waste (DSEC, 2019) 

Marine clay has a high natural moisture content and due to its soft consistency, it is 

unable to support heavy loads. In Hong Kong, marine clay is mixed with cement and sand and 

is used as backfill material or used to produce paving tiles (Hong Kong Housing Authority, 

2012). However, there are no extensive investigation on the engineering properties such as 

compaction parameters of marine clay from Macau when mixed with cement. Coupled with 

the importance of environmental principles of Reduce, Reuse and Recycle; this investigation 

was conducted.  

1.2 Objectives  

There are no previous experiences of using cement as admixtures in marine clay as an 

engineering material in Macau. Since marine clay makes up a significant amount of solid waste 

in Macau, it is worthy to investigate such material. The aim of this study is the investigate the 

improvements that can be done to marine clay with the addition of cement. Furthermore, 
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predictions of the engineering properties of such mixture is conducted using artificial neural 

network.  

1.3 Outline of the Study  

This study is divided into 5 parts, which are summarised below: 

Chapter 1 – Illustrating the motivation and objective of this study. 

Chapter 2 – Literature review of previous similar studies. 

Chapter 3 – Details of the materials used for this study and the methodology of this study. 

Chapter 4 – Results and discussion  

Chapter 5 – Conclusion  
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Chapter 2 Literature Review  

2.1 Introduction to Compaction  

2.1.1 Purpose of Compaction  

According to Hausmann (1990), a common method of ground modification would be 

compaction. 

The goals of soil compaction are to: 

1. Increase shear strength 

2. Reduce compressibility 

3. Reduce liquefaction potential 

4. Control swelling and shrinking 

5. Prolong durability 

“Compaction is used in highway, airfield, and marine construction; in the preparation 

of foundation soils; and in the backfill behind abutments, walls and in trenches.” (p. 14) 

2.1.2 Correlation of Water Content, OMC and Strength 

 Clay mineral particles compacted on the dry side of optimal moisture content (OMC) 

have a flocculated structure and when compacted on the wet side of OMC have dispersed 

structure. Soil compacted on the dry side with flocculated structure has higher pore voids, 

therefore, having higher k. When the soil has moisture content lower than OMC, it has higher 

strength (Sharma & Reddy, 2004). 
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Figure 2.1 Compaction Curve Displaying the Structure of Soil (Sharma H. D. et al., 2004) 

 In a study conducted by Horpibulsuk (2012), cement stabilized clay provides maximum 

strength at around 1.2OWC (optimum water content i.e. optimum moisture content). On the 

other hand, unstabilized clay gives maximum strength at OWC. This phenomenon is due to 

unstabilized clay are dependent on densification for strength properties. 

 

Figure 2.2 Correlation between Strength and OWC (Horpibulsuk, S., 2012) 

2.2 Hydration of Portland Cement 

 During the hydration process of Portland cement, setting and hardening due to the 

hydrated cement compounds. Cement is made up of numerous of compounds and its hydration 

involves several of chemical reactions that takes place simultaneously. (Soroka, 1979). 
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2.2.1 Hydration of Calcium Silicates (C2S and C3S)  

 Calcium silicates make up the majority of cement. Which includes: C3S – Tricalcium 

silicate and C2S – Dicalcium silicate. The reactions can be approximately represented by the 

following chemical equations (Gartner et al., 2002): 

For tricalcium silicate, 

𝐶3𝑆 + 5.3𝐻 →  𝐶1.7𝑆𝐻4 − 1.3𝐶𝐻 (2.1) 

 

And for dicalcium silicate, 

2𝐶2𝑆 + 4.3𝐻 → 𝐶1.7𝑆𝐻4 + 0.3 𝐶𝐻 (2.2) 

where,  

C3S – Ca3SiO5 

C2S – Ca2SiO4 

C – CaO2 

S – SiO2 

H – H2O 

 

 

2.2.2  Hydration of Tricalcium Aluminate (C3A) 

 Tricalcium aluminate undergoes hydration which can represented by the following 

equation (Gartner et al., 2002): 

2𝐶3𝐴 + 27𝐻 →  𝐶4𝐴𝐻19 +  𝐶2𝐴𝐻8 (2.3) 

where, 

C3A – Ca3Al2O6 

A – Al2O3 
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2.3 Cement-stabilization of Soil 

2.3.1 Purpose of Cement-stabilization  

Cement-stabilization serves the following purposes (Cheung et al., 2010, p.12) 

- Act as a binding agent to limit the spreading of contaminated material to underground 

or water courses through the process of leaching. 

- Reduces the toxicity of heavy metals by including changes in valence state, however 

the contents of heavy metals in the marine mud were not significant. 

- Increases the mechanical strengths (shear/ compression) of the recycled material to 

facilitate compaction and prevention of undue ground settlement afterward. 

Soil contains clay granules that are negatively charged and smooth. The positive ions from 

polarize water form of calcium silicate and calcium aluminate can help increase the strength 

(Hastuty, 2019). Cement modification helps decrease the plasticity of expansive clay thus 

increasing the bearing capacity (Halsted et al., 2008).  In a study done by Halsted et al. (2008) 

the permanence of cement modification is demonstrated in both laboratory and field 

investigations. Figure 2.3 shows that even after 60 cycles of freezing and thawing at different 

cement contents, the improvements are still present. 

 

Figure 2.3 Permanance of Improvement of CMS Illinois Clay (Halsted et al., 2008) 

 As illustrated in the figure below, field study investigation shows that even after 45 years, 

the improvements in soil properties were present.  
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Figure 2.4 Plasticity Index of CMS Illinois Clay after 45 years (Halsted et al., 2008) 

2.3.2 Mechanism of Cement-stabilization 

 The four stages of the mechanism of cement-stabilization were dicussed by Halsted et 

al. (2008): 

1. Cation Exchange  

Expansive clays contain a double layer. The thicker the double layer, the more plastic 

is the soil. Portland cement contains sufficient amounts of calcium ions that replace the 

monovalent cations (i.e. sodium ions Na+). This cation exchange process reduces the 

thickness of the double layer. This process occurs within hours after the addition of cement 

into the soil. 

 

             Figure 2.5 Illustration of Cation Exchange (Halsted et al., 2008) 
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2. Particle Restructuring  

The process of particle restructuring is also known as flocculation and agglomeration. 

This process changes the texture of the material of  fine-grained plastic material from a 

parallel to a more randomly oriented particle arrangement. Cation exchange helps facilitate 

the process of flocculation. Particle restructuring increases the internal friction. This 

process occurs within several hours after mixing. 

 

             Figure 2.6 Illustration of Particle Restructuring (Halsted et al., 2008) 

3. Cementitious Hydration 

The hydrated products of cement are calcium-silicate-hydrate (CSH) and calcium 

aluminum-hydrate (CAH). These products function as “glue” to provide structure and 

stabilizes the flocculated clay particles by the formation of clay-cement bonds. By 

establishing larger aggregates from the fine-grained particles, the gradation is improved. 

Cementitious hydration occurs between one day and one month after the addition of cement. 

 

Figure 2.7 Illustration of Cementitious Hydration (Halsted et al., 2008) 
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4. Pozzolanic Reaction 

Calcium hydroxide is formed when cement is hydrated. The calcium hydroxid enters a 

pozzolanic reaction which takes place when the calcium ions combine with silica and 

alumina which has good cementing properties. This process occurs over months and years 

after mixing. 

 

Figure 2.8 Illustration of Pozzolanic Reaction (Halsted et al., 2008) 

2.3.3 Proportions of Cement 

 According to Cheung et al. (2010) the optimum proportion of mixture should contain 

the minimum content of Portland cement, the maximum content of marine mud and adequate 

content of granular material. For the trials, different mix proportions were conducted and are 

illustrated in Figure 2.9. 

 

Figure 2.9 Mix Proportions Adopted in Pilot Trial (Cheung et al., 2010) 

 Through experimental processes, the optimum proportion of mixture was 80% of wet 

marine mud premixed with 5% Portland cement and 15% in situ granular material. 
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2.3.4 Compaction of Cement-stabilized soil 

 Both strength and stiffness of the cement-stabilized marine mud were improved and 

conventional mechanical compaction could be executed easily. The improved marine mud was 

able to pass the following quality requirement (Cheung et al., 2010, p. 13): 

- After mixing – achieve a minimum 7-day undrained shear strength of 50 kN/m2, or a 

minimum 7-day unconfined compressive strength of 100 kN/m2. 

According to Sariosseiri and Muhunthan (2009), as the cement content increases, the 

maximum dry unit weight decreases and the optimum moisture content increases. Similarly, 

Karim, Rashid, Noor and Yaacob (2014) performed standard proctor test on different 

percentages of cement stabilized kaolin clay, and the results were concluded in the 

following figures: 

 

Figure 2.10 Maximum Density and Optimum Moisture Content vs. Percentage of Cement (Akmal Abd Karim et al., 2004) 
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2.3.5 Results of Stabilizing Soil with Cement 

 With the increase in the cement content, the compressive strength increases. When the 

cement content is higher than 10%, the curing time required for complete strength development 

is 21 – 28 days. (Bahar, Benazzoug, & Kenai, 2004) 

 

Figure 2.11 Compressive Strength vs. Cement Content (Bahar, K. et al., 2004) 

 

Figure 2.12 Compressive Strength vs. Time (Bahar, K., et al., 2004) 

2.4 Granulated Blast Furnace Slag and Cement 

Granulated blast furnace slag (GBFS) is the primary waste material from ferrous industries 

(Preetham, 2019). The composition of such a by-product are silicates, aluminates and limestone 
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in various oxide forms. When molten slag is cooled by high-pressure water jets it transforms 

into glassy granular (Sekhar & Nayak, 2017). Granulated blast furnace slag is utilized in 

engineering projects, which resolves the problem of how it should be disposed of (Indian 

Minerals Yearbook, 2015). The size of particles affects its reactivity, the greater the surface 

area, the quicker is the reaction (Kavak & Bilgen, 2016). The reaction products of granulated 

blast furnace slag are similar to that of cement, it enhances the strength of poor soil (Sekhar et 

al., 2017). However, the reaction of slag is slow, so usually activators such as cement or lime 

are necessary (Yi et al., 2015). According to Kavak & Bilgen (2016), the addition of GBFS to 

clay shows signs in the drop of the liquid limit and the rise in the plasticity index. Along with 

those effects, the compressibility of the stabilized soil has also decreased. In a study performed 

by Preetham (2019), marine clay was stabilized with various percentages of granulated blast 

furnace slag (10%, 20%, 30%, 40% and 50%) and various percentages of cement (2%, 4%, 6%, 

8% and 10%). Strength tests such as unconfined compression and unconsolidated undrained 

triaxial test were conducted. The samples were created by compacting the stabilized marine 

clay to their respective maximum dry unit weight and optimum moisture content and left to 

cure for 7 and 28 days. For the triaxial test, the samples are fully saturated after curing. Below 

is a summary of the marine clay index properties with and without the addition of GBFS.  

 

Figure 2.13 Index Properties of Marine Clay With/Without GBFS (Preetham, 2019) 

 As observed in Figure 2.13, the maximum dry unit weight increases with the addition 

of GBFS up until 40%. The reason behind this phenomenon is due to the granular blast furnace 
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slag’s non-plastic nature. When soil is compacted without the presence of the granular slag, a 

portion of the energy supplied by the compaction hammer is absorbed by the water in the voids 

hence resulting in lower density acquirement of marine clay. However, with the addition of the 

slag, the energy is shared by solid particles in the mixture increases therefore resulting in higher 

density attainment. With the addition of 50% of GBFS, the maximum dry unit weight decreases 

due to the dominance of slag to the soil. As observed, the optimum moisture content decreases 

as the percentage of GBFS increases, this is because GBFS is sand size and non-plastic. The 

water needed to coat the surfaces of the mixture decreases. (Nayak & Sarvade, 2012) 

 
Figure 2.14 Unconfined Compressive Strength of Marine Clay and GBFS with Curing Age (Preetham, 2019) 

 The results of the unconfined compressive test are illustrated in Figure 2.14, it is 

observed that the unconfined compressive strength (UCS) of mixtures increases up until 30% 

of GBFS and 3 days of curing. For GBFS percentages greater than 30%, the UCS decreases 

due to the non-plastic nature of the slag causing the lack of cohesion and confinement (Nayak 

& Sarvade, 2012). The increase in UCS is due to the rough texture and annular particles of the 

GBFS which results in good friction in the mixture. UCS increases up until 40% for 7 days of 

curing due to the hydration process of the free lime present in the slag and the soil with the 
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presence of water. As the curing time increase, the formation of CSH increases, resulting in 

higher strength.  It is concluded that 40% of the granulated blast furnace slag is optimum. 

 

Figure 2.15 Strength Properties of Marine Clay stabilized with Optimum CBFS and Cement (Preetham, 2019) 

 The combined effect of optimum quantities of GBFS and varying percentages of 

cement is summarized in Figure 2.15. The addition of cement aids in the activation of the 

pozzolanic reaction. The UCS increases by 213% with the addition of 10% of cement and 28 

days of curing. Cohesion is increased drastically with the addition of cement. The reactivity of 

the GBFS is also affected by the pH of the entire system. The addition of cement alters the pH 

hence triggering the hydration reaction which results in improved strength. 

2.5 Application of Artificial Neural Network 

2.5.1 Application of ANN in Civil Engineering 

 Applications of artificial neural networks are no stranger in the field of civil engineering. 

The usage of neural networks antedate the 1980s (Flood, 1989) and covers the diverse range 

of topics. For example determining seismic harzards (Wong et al., 1993) and determining the 

loads on the axles of trucks (Gagarine et al., 1992), etc. Artificial neural networks, much like 

the neurons in our brain, have the ability to learn and generalize from existing examples which 

results in solutions to problems despite input data having errors or being incomplete. A neural 
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network is a great alternative to solving poorly defined problems that often cannot arrive to a 

solution by conventional digital computing techniques (Flood et al., 1994). 

2.5.2 Prediction of Compaction Parameters  

 In a study conducted by Hasnat et al. (2019), the compaction parameters of soil were 

predicted. 40 natural fine-grained soil sample data were collected from Koushik Das et al. 

(2013) which included the liquid limit (LL), plastic limit (PL), plasticity index (PI), specific 

gravity, optimum moisture content (OMC) and maximum dry density (MDD). With the use of 

support vector regression, the following correlation between previously mentioned parameters 

was established (Hasnat et al., 2019): 

1. Variation of OMC and MDD with the liquid limit 

2. Variation of OMC and MDD with the plastic limit 

3. Variation of OMC and MDD with the plasticity index  

4. Variation of OMC and MDD with LL and PL  

OMC and MDD were predicted using equations (2.10) and (2.11) and the average error 

found was 2% and fitted strongly with other data collected from other researchers. 

𝑂𝑀𝐶 = 0.42𝐿𝐿 + 7.22; (𝑅2 = 0.85) (2.4) 

𝑀𝐷𝐷 = 20.9 − 0.125𝐿𝐿; (𝑅2 = 0.91) (2.5) 

𝑂𝑀𝐶 = 0.742𝑃𝐿 + 6.44; (𝑅2 = 0.69) (2.6) 

𝑀𝐷𝐷 = 20.94 − 0.215𝑃𝐿; (𝑅2 = 0.67) (2.7) 

𝑂𝑀𝐶 = 0.55𝑃𝐼 + 13.4; (𝑅2 = 0.62) (2.8) 

𝑀𝐷𝐷 = 19.31 − 0.22𝑃𝐼; (𝑅2 = 0.33) (2.9) 

𝑂𝑀𝐶 = 0.34𝐿𝐿 + 0.17𝑃𝐿 + 6.3; (𝑅2 = 0.86) (2.10) 

𝑀𝐷𝐷 = 21.07 − 0.119𝐿𝐿 − 0.02𝑃𝐿; (𝑅2 = 0.90) (2.11) 
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2.5.3 Maximum Dry Density and Unconfined Compressive Strength Prediction 

 Das et al. (2011) conducted a study where artificial intelligence was used to predict 

maximum dry density and unconfined compressive strength of cement stabilized soil. Various 

artificial neural networks were utilized such as the Bayesian regularization method (BRNN), 

Levenberg-Marquardt algorithm (LMNN) and differential evolution algorithm (DENN). A 

database of soil was curated using 29 different sites from Australia. The soil in the database 

are stabilized with varying percentages of cement (0%, 2%, 3%, 4%, 5%, and 6%). For the 

prediction of standard proctor maximum dry density and unconfined compressive strength, the 

input parameters are as follows: liquid limit (%), plasticity index (%), clay fraction, sand (%), 

gravel (%), moisture content (%) and cement content (%). The data are divided into two 

different datasets; 37 out of the 55 data are divided into a training dataset, the purpose of a 

training dataset is to construct the model. The remaining 18 data are divided into a testing 

dataset, it is used to estimate the performance of the model after training. Figure 2.16 shows 

the maximum, minimum, average and standard deviation values of the input parameters. The 

input data is then normalized in the range [-1, 1].  

 

Figure 2.16 Parameters of the Data Considered (Das et al., 2011) 

 
Figure 2.17 Comparison of Performance of Different Neural Network Models for Prediction of Maxium Dry Density (Das et 

al., 2011) 
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 The performance of varying neural network models for the prediction of maximum dry 

density is illustrated in Figure 2.17. R is the correlation coefficient and E is the coefficient of 

efficiency. From the data above, it is concluded that LMNN is the ‘best’ model, coming second 

is BRNN and lastly DENN. It is crucial that the generalization capability is also considered, 

the closer the overfitting ratio is to 1, the better is the model. Based on this criterion alone, 

DENN is better compared to the other two ANN models. According to Das & Basudhar (2006; 

2008) R and E values alone are not sufficient to determine the effectiveness of a model. 

Therefore, it is crucial to evaluate other parameters such as root mean square (RMSE), 

maximum absolute error (MAE) and average absolute error (AAE). Figure 2.18 shows that 

BRNN and LMNN for training data are better than DENN and as for testing data, LMNN is 

better whene compared to BRNN and DENN. 

 

Figure 2.18 Comparison of Prediction Capabilities of ANN Models for Training Data (L) and Testing Data (R) – MDD (Das 

et al., 2011) 

  

 Similarly, the prediction of UCS is carried out using BRNN, LMNN and DENN models. 

The general performance of the varying neural network models for the prediction of UCS is 

summarised in Figure 2.19. Based on R and E, the results are consistent with that of the 

prediction of maximum dry density where LMNN is considered the ‘best’ model where BRNN 

and DENN follows. Similarly, based on generalization capability; BRNN is better in 

comparison with the other two models. 
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Figure 2.19 Comparison of Performance of Different Neural Network Models for Prediction of Unconfined Compressive 

Strength (Das et al., 2011) 

 

 

Figure 2.20 Comparison of Prediction Capabilities of ANN Models for Training Data (L) and Testing Data (R) – UCS (Das 

et al., 2011) 

By looking at the values of MAE, AAE and RMSE, it is concluded that LMNN is the 

best model with BRNN coming second and DENN coming last for training data. On the 

otherhand, BRNN is relatively better compared to LMNN and DENN.  

In conlusion, the best ANN model is LMNN followed by BRNN and DENN for the 

prediction of maximum dry density. As for the prediction of unconfined compressive strength, 

LMNN and BRNN are equally better and efficient when compared to the DENN model. 

2.6 Glass Replacement of Soil 

2.6.1 Recycling of Glass 

 The composition of the municipal waste in Macau was analyzed by DSPA (2019). Glass 

and rubble take up 4.7 percent, which is a significant amount that needs attention.  
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 The Municipal Affairs Bureau of Macau has a “Glass Bottle Recovery Programme” 

and in 2018, the amount of recycled glass collected was 417,544 kilograms. In order to decrease 

the volume of recycled glass bottles, they are passed through recycling machines and blasted 

to produce glass cullet (Proceed to Appendix A for further information on the production of 

glass cullet). The Hong Kong government has a similar program of recycling glass bottles. The 

recycled glass bottles were used to produce paving rocks (Highway Department, 2013). 

Figure 2.21 Physical Composition of Municipal Solid Waste (DSPA, 2019) 
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Figure 2.22 Quantity of Recycled Waste Collected (DSPA, ISM, 2019) 

2.6.2 Powdered Glass Stabilization 

 Glass is inert and non-biodegradable. Previous studies were done where glass cullet 

was used as a substitute aggregate in asphalt concrete (Olufowobi et al., 2014). In the same 

study, glass bottles were manually broken down and passed through the No. 400 sieve. Marine 

clay was mixed with varying percentages of cement and powdered glass. The results of the 

compaction test are summarized in Figure 2.23 and 2.24. The conclusion of this study is the 

optimum percentage of powdered glass is 5%. The improvements include the increase of MDD 

from 25.37 kN/m3 to 25.90 kN/m3.  

 

Figure 2.23 Summary of MDD and OMC Values at Different Additives Proportions (Olufowobi et al., 2014) 
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Figure 2.24 MDD vs. Powdered Glass Percentage (Olufowobi et al., 2014) 
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Chapter 3 Material and Methodology 

3.1 Materials 

3.1.1 Marine Clay  

 The marine clay used for this laboratory investigation was collected in Macau. In a 

study done by Lok & Shi (2018), intact and disturbed samples were retrieved from two different 

sites. The soil was classified as either high plastic (MH) or clay (CH). At shallow depths, the 

marine deposit has a natural water content very close to the liquid limit. This suggests that the 

marine deposit in Macau alone has low shear strength and high compressibility. Based on the 

tests conducted by Lok & Shi (2018), Macau marine deposit has a compressive index ranging 

from 0.4 – 0.5.  

 The following table is a summary of the plastic limit and liquid limit of the Macau 

marine deposit from the two different sites (Lok & Shi, 2018): 

 

Table 3.1 Summary of Parameters of Macau Marine Deposit (Lok & Shi, 2018) 

Location PL (%) LL (%) 

Site 1 30  60 

Site 2 31~39 65~69 

 

3.1.2 Portland Cement 

 The cement used for this laboratory investigation was Portland cement purchased from 

Macau Cement Manufacturing Co., Ltd., the chemical compostion of the cement is listed in 

the table below (“Gold Carp Brand Portland Cement”, n.d.): 
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Table 3.2 Chemical Composition of Portland Cement ("Gold Carp Brand Portland Cement", n.d.) 

Items Typical Results (%) 

Silica (SiO2) 21.0 

Alumina (Al2O3) 5.5 

Ferric oxide (Fe2O3) 3.0 

Calcium oxide (CaO) 64.5 

Magnesia (MgO) 1.3 

Sulphuric Anhydride (SO3) 2.5 

Chloride (Cl) 0.1 

Acid Soluble Alkali as Na2O 0.45 

Lime Saturation Factor 0.94 

Free Lime (fCaO) 0.0 

Tricalcium Silicate (C3S) 53.3 

Dicalcium Silicate (C2S) 18.7 

Tricalcium Aluminate (C3A) 8.7 

Tetracalcium Alumino Ferrite (C4AF) 10.0 

 

3.2 Compaction of Soil 

3.2.1 Standard Proctor Compaction 

 The standard compaction (or Proctor) test is described in the American Society for 

Testing and Materials (ASTM), in which the sample is compacted in three layers, each 

receiving 25 blows with a 2.7-kilogram rammer dropping 300 mm.  
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Figure 3.1 Summary of Standard and Modified Compaction (Manfred R. Hausmann, 1990) 

 The results of the compaction test are plotted in terms of dry unit weight against 

moisture content which is given in Figure 3.2. The dry density γdry is calculated using the 

following equation: 

𝛾𝑑𝑟𝑦 =
𝛾𝑡𝑜𝑡

1 + 𝑤
 (3.1) 

where, 

γdry – dry unit weight 

γtot – total (or wet) density  

w – moisture content (or water content)  
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Figure 3.2 Compaction Curve (Das, 2002) 

The distinct peak in dry unit weight is shown in Figure 3.2, this peak is called the 

maximum dry unit weight (MDUW), γdmax, and the corresponding water content is the optimum 

moisture content (OMC), wopt. This suggests that given a certain compaction effort, the 

maximum dry unit weight (and, high shear strength and low compressibility) can be achieved 

if the soil is at its optimum moisture content. 

3.2.2 Harvard Miniature Compaction  

 The Harvard miniature compaction apparatus was introduced by Wilson in 1950 and is 

often used by researchers to prepare the specimen for laboratory research. The Harvard 

miniature compaction tests were performed in five layers, each receiving  25 blows with a 20-

lbf (89-N) spring force. (Scavuzzo, 1984). The standard USBR (U.S. Bureau of Reclamation) 

uses a mold having a volume of 1/20 ft3 (1416 cm3), in which the sample is compacted in three 

layers, each receiving 25 blows with a 2.5-kilogram rammer dropping 457 mm. The optimum 

moisture content from the Harvard miniature compaction test were 1.1 to 1.8 percent higher 
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compared to the USBR compaction method. The maximum dry unit weights of the Harvard 

miniature compaction were (6.4 to 52.8 kg/m3) lower compared to the USBR compaction 

method. The comparison between the Harvard miniature compaction method and the USBR 

compaction method of clayey sand is shown in Figure 3.3.  

 

Figure 3.3 Harvard Miniature vs. USBR Compaction Test Results (Scavuzzo, R., 1984) 

3.2.3 Laboratory Procedures of Compaction 

 For this study, both standard proctor compaction and Harvard miniature compaction 

were conducted to determine the OMC and MDUW of the soil.  

 ASTM D 698 - 07∈1 (2007) was followed for standard proctor compaction. Each layer 

of soil is compacted with 25 blows, 3 layers in total in the pattern shown in Figure 3.4. The 

dimensions of the mold used are described below. 
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Figure 3.4 Rammer Pattern for Compaction (ASTM D 698, 2007) 

 
Table 3.3 Dimension of Mold Used for Standard Proctor Compaction 

Diameter (mm) Height (mm) Volume (m3) 

105 116 1 x 10-3 

  

 For comparison reasons, the same compaction energy should be achieved with Harvard 

miniature compaction as the standard proctor compaction. According to Scavuzzo (1984), a 

compaction mould with a volume equal to 1/454 ft3 should be compacted in 5 layers, 25 blows 

per layer. Below are the dimensions of the mold used for this laboratory investigation: 

Table 3.4 Dimensions of Mold Used for Harvard Miniature Compaction 

Diameter (mm) Height (mm) Volume (m3) 

38 76 8.62 x 10-5 

 For this particular mold that was utilized in this experiment, 35 blows for each layer, 

and 5 layers in total should be conducted to achieve the same amount of energy as with the 

1/454 ft3 volume mold. 

3.3 Soil Mixture Preparation  

 Marine clay was first dried in an oven for at least 12 hours. Then, the marine clay was 

crushed in a blender and passed through a No. 10 sieve. To ensure the additives were 

incorporated uniformly into the marine clay fines, it was added to the marine clay when it was 

still dry. Once the additive was mixed into the dry marine clay fines, water was sprayed onto 
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the clay mixture with the aid of a spray bottle to its desired remolding water content. The 

desired remolding water content was calculated using Equation 3.2.  

∆𝑊𝑤 =
𝑊𝑇

1 + 𝑤𝑜
𝑤𝑑 

(3.2) 

where, 

Ww – weight of water to be added  

WT – total weight of untreated marine clay  

w0 – natural water content of marine clay sample 

wd – desired remolding water content 

 

3.4 Strength Test  

3.4.1 Unconfined Compression Test (UC Test) 

 The unconfined compressive strength of marine clay with additives was determined by 

following the ASTM D2166/D2166M – 13 (2013). The samples were created by standard 

proctor compaction. The axial strain rate used was 1 mm/min. The specimen was 105 mm in 

diameter and 116 mm in height. UC test was conducted at different curing times on marine 

clay and Portland cement mixture specimen. Different remolded water content specimen was 

used in the UC test to investigate how these parameters affect the engineering properties of the 

specimen. 

3.4.2 Unconsolidated-Undrained Triaxial Test (UU Triaxial Test)  

 The UU triaxial test was conducted following the ASTM D2850 – 03a (2007). The 

samples were created by Harvard miniature compaction. The axial strain rate used was 1 

mm/min. In order to emulate the unconfined compression test so that comparison can be 

conducted, the cell pressure was set to zero and the specimens are not saturated. The specimen 

was 38 mm in diameter and 76 mm in height. 
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3.5 Prediction using Artificial Neural Network  

 The algorithm Levenberg-Marquardt was used for this study. Input parameters are 

separated into a training set (i.e. data used to train the neural network) and testing set (i.e. data 

used to validate the neural network), the use of MATLAB’s nntool allows the random 

allocation of the input parameters into the previously mentioned categories.  

3.5.1 Input Parameters   

 At the beginning of developing an artificial neural network, optimum moisture content 

and maximum dry unit weight was predicted. The input parameters are categorized into two 

separate categories – Soil properties and compaction properties. 

1. Soil Properties 

- Liquid Limit 

- Plastic Limit 

2. Compaction Properties 

- Cement Content 

- Compaction Energy 

Below are the maximum value, minimum value, average value and standard deviation  

of the data considered for the prediction of optimum moisture content and maximum dry unit 

weight. 

Table 3.5 Parameters of the Data Considered for Prediction of OMC and MDUW 

Parameters 

LL 

(%) 

PL 

(%) 

Cement Content 

(%) 

Compaction 

Energy 

(kJ/m3) 

OMC 

(%) 

MDUW 

(kN/m3) 

MAX 91 60 16 2687 35 18.73 

MIN 30 22 0 558.31 14.2 13.60 

AVERAGE 62.67 33.29 5.79 1459.00 22.21 15.50 

STD  DEV 21.78 4.42 4.42 1050.06 6.44 1.79 
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Figure 3.5 Architecture of OMC and MDUW Prediction Neural Network Model 

 Figure 3.5 shows the architecture of the neural network model for the prediction of 

optimum moisture content and maximum dry unit weight. For this study, the optimum number 

of neurons in the hidden layer will be investigated.  As illustrated, there will be 4 input 

parameters and 2 outputs, the number of neurons in the hidden layer is to be investigated. 

For the prediction of strength, the input parameters are categorized into three separate 

categories – Soil properties, compaction properties and testing conditions.  

1. Soil Properties 

- Liquidity Index  

2. Compaction Properties 

- Cement Content 

- Dry Unit Weight of Mixture  

- Optimum Moisture Content 

- Compaction Energy 
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3. Testing Conditions 

- Curing Duration 

- Confining Pressure 

Below are the parameters of the data considered for the prediction of strength. 

Table 3.6 Parameters of the Data Considered for Prediction of Strength 

Parameters 

LI 

(%) 

Cement 

Content 

(%) 

Dry Unit 

Weight of 

Mixture 

(kN/m3) 

OMC 

(%) 

Curing 

Duration 

(days) 

Confining 

Pressure 

(kPa) 

Compaction 

Energy 

(kJ/m3) 

Strength 

(kPa) 

MAX 1.17 16 18.73 35 90 404 2687 5610 

MIN -1.41 0 11.98 14.2 0 0 558.31 31.3 

AVERAGE -0.06 7.04 15.48 24.57 24.85 6.83 1450.28 1673.87 

STD  DEV 0.64 4.00 2.07 6.88 25.69 45.22 1040.23 1511.67 

 

 

Figure 3.6 Architecture of Strength Prediction Neural Network Model 

          Input Layer                                                                   Hidden Layer                                          Output Layer 
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 Similarly, the architecture of the neural network model for strength prediction is 

illustrated in Figure 3.6. In this study, there are 7 inputs and 1 output. The complexity of the 

model will increase therefore the number of neurons in the hidden layer is yet to be determined. 

Liquidity index is calculated using the following equation: 

𝐿𝐼 =  
𝑤 − 𝑃𝐿

𝐿𝐿 − 𝑃𝐿
 (3.3) 

where, 

w – remolded water content  

PL – plastic limit  

LL – liquid limit  

 The following figure illustrates the relationship between strength and liquidity index 

proposed by Wroth & Wood (1978), Leoueil et al. (1983) and Locat & Demers (1988). 

 

Figure 3.7 Liquidity Index vs. Undrained Strength (P.J Vardanega & S.K. Haigh, 2014) 

3.5.2 Normalization of Data 

 

 In order to achieve better convergence with artificial neural network analysis, the 

normalization of data prior to analysis is beneficial. The following equation was used to 

normalize the data (Günaydm, 2009). 
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𝑈𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 =
𝑈𝑎𝑐𝑡𝑢𝑎𝑙 − 𝑈𝑚𝑖𝑛

𝑈𝑚𝑎𝑥 − 𝑈𝑚𝑖𝑛
 (3.4) 

where,  

Unormalized – normalized value of the observed variable 

Uactual – actual value of the observed variable 

Umax – maximum observation value of the data set 

Umin – minimum observation value of the data set 

 Neural networks are modeled using a data set that is unaltered and data that are 

normalized for comparison. Below shows the labelling method of the various neural network 

created for this study.  

 

 

The following list presents all the neural network created for this study: 

- OMCMDUW-U1 - OMCMDUW-N4 

- OMCMDUW-U2 - OMCMDUW-N5 

- OMCMDUW-U3 - STRENGTH-N1 

- OMCMDUW-U4 - STRENGTH-N2 

- OMCMDUW-U5 - STRENGTH-N3 

- OMCMDUW-N1 - STRENGTH-N4 

- OMCMDUW-N2 - STRENGTH-N5 

- OMCMDUW-N3 - STRENGTH-N6 
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3.6 Mean Squared Error 

 

 In order to determine the accuracy of the neural network, mean squared error is 

computed. The following equation was used (Sammut et al., 2011). 

 

𝑚𝑠𝑒 =  
∑ (𝑦𝑖 − 𝜆(𝑥𝑖))2𝑛

𝑖=1

𝑛
 

(3.5) 

 

where, 

 

yi – observed values 

 

λ(xi) – predicted values for test instance x 

 

n – number of tests. instances  

 

 Both input and output data of the unaltered data is normalized prior to the calculation 

of mean squared error of the neural network, this allows the comparison on the accuracy of the 

neural network developed using unaltered data and normalized data.
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Chapter 4 Results and Discussion 

4.1 Hydration of Portland Cement 

By using the chemical equations (2.1), (2.2) and (2.3), the mass of water required for 

the hydration of tricalcium silicate C3S, dicalcium silicate C2S and tricalcium aluminate C3A 

can be calculated. By finding the moles of each of the chemical compounds and using the 

theory of stoichiometry the mass of water needed for hydration is 100.99 g. 

 

 From Figure 4.1, the percentage change in water content after one month of mixing is 

5.60%; which equates to 164.71 g of water. Compared to previous calculations, actual 

laboratory results show that more water was lost. Some reasons may be due to evaporation of 

the water, another thing to note is that the calculations are done previously only accounts for 

the hydration of C2S, C3S and C3A, which suggests that the mass of water needed for the 

hydration of other chemical components in the Portland cement was not accounted. 

Figure 4.1 Variation in Water Content  
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4.2 Compaction Curve 

Marine Clay was compacted with different cement contents 0, 5 and 10 percent. The 

OMC of Macau marine clay is 26% with an MDUW of around 14.5 kN/m3. As shown in Figure 

4.2, with the addition of Portland cement of 5% and 10%, the OMC increases and the MDUW 

decreases which aligns with the studies conducted by Akmal Abd Karim et al. (2004). During 

the cement-stabilization of the marine clay, the Portland cement undergoes the process of 

hydration, therefore as the cement content increases, the OMC increases. As mentioned 

previously, the clay particles become more flocculated due to cement-stabilization, the 

irregular arrangement of the clay particles takes up more space which explains the phenomenon 

of MDUW decreasing as cement content increases. With the addition of 5% of Portland cement, 

the OMC increases to 27%, the MDUW, however, decreases to around 13.8 kN/m3. As for the 

addition of 10% of Portland cement, the OMC has increased to around 34.6% and the MDUW 

decreases to around 13.7 kN/m3. 

increase35% and the MDD is around 13.6 kN/m3. 
Figure 4.2 Compaction Curve 



 35 

4.3 Unconfined Compression Test  

 

 
Figure 4.3 Unconfined Compressive Strength for 5% Portland Cement 

 

 

 

Figure 4.4 Unconfined Compressive Strength for 10% Portland Cement 
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As shown in Figure 4.3, with the addition of 5% Portland cement, the unconfined 

compressive strength ranges from 100 kPa to 200 kPa. Samples were created at different 

remolded water content. The results show that that the highest unconfined compressive strength 

is at the OMC and the strength is relatively lower on the wet side of  OMC. An explanation as 

to why the strength increased when the remolded water content increased from 40% to 42% 

may be due to higher water content having sufficient water for the hydration of calcium 

hydroxide creating cementing properties hence increasing the strength. 

From Figure 4.4, with the addition of 10% Portland cement, the compressive strength 

was significantly improved. The highest unconfined compressive strength is near the OMC and 

as observed, the strength is relatively lower on the wet side of OMC. However, on the dry side 

of OMC (25%), the unconfined compressive strength is relatively low, this may be due to the 

insufficient amount of water to hydrate the Portland cement. The results, however, are 

inconclusive because the ASTM D2166/D2166M – 13 (2013) standard states that the height-

to-diameter ratio should be between 2 and 2.5. For this experiment, the specimen’s height-to-

diameter ratio is 1.1 which is not between the range. As shown in Figure 4.5, the failure modes 

of the marine clay specimens with the addition of cement are inconclusive; the failure occurs 

on the outer layer of the specimen only. 

 

Figure 4.5 Failure Mode of UC Test of Marine Clay and Cement Specimen 
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4.4 Undrained Unconsolidated Triaxial Test  

For UU triaxial test, marine clay was remolded and stabilized by using 10% of Portland 

cement. For each varying water contents three specimens were made. One was put through the 

UU triaxial test immediately after compaction, and the other two were cured for 7 and 28 days 

before conducting the UU triaxial test. Figure 4.6 shows that the highest maximum undrained 

strength is at 34% remolded water content. The trend shows that the maximum undrained 

strength is relatively higher on the dry side of OMC, one reason being the flocculated structure 

of the soil. However as the remolded water content decreases, the maximum undrained strength 

decreases too. This may be due to the insufficient amount of water to provide sufficient 

hydration of the Portland cement, hence not having the maximum effects of the cementious 

bonds. By observations, it is shown that the wet side of the OMC shows signs of lower 

maximum undrained strength. This is due to the dispersed structure of the soil. The parallel 

arrangement of the soil is weaker to the perpendicular force applied onto it. 

 

 

Figure 4.6 UU Triaxial Test Immediate Results 
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Figure 4.8 UU Triaxial Test 28 Days Results 

 As observed in Figures 4.7 and 4.8, the highest maximum undrained strength is on the 

dry side of the OMC. It is clear to see the trend of the sudden drop in the strength where the 

remolded water content is 34%, this phenomenon is only present after curing the samples for 

7 and 28 days. This may be due to human error and requires more investigation with an artificial 

Figure 4.7 UU Triaxial Test 7 Days Results 
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neural network. But it remains apparent that the dry side of the OMC shows relatively higher 

maximum undrained strength when compared to the wet side of OMC. Figure 4.9 shows the 

prominent failure angles of the samples following the UU triaxial test.  

 

 

 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.9 Failure Mode of UU Triaxial Test of Marine Clay + 10% Portland Cement 
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4.5 Prediction of OMC and MDUW 

 
Figure 4.10 Visualization of Neural Network OMCMDUW-U1 

 
Figure 4.11 Performance of Neural Network OMCMDUW-U1 

 
Figure 4.12 Regression of Neural Network OMCMDUW-U1 
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Figure 4.13 Visualization of Neural Network OMCMDUW-U2 

 
Figure 4.14 Performance of Neural Network OMCMDUW-U2 

 
Figure 4.15 Regression of Neural Network OMCMDUW-U2 
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Figure 4.16 Visualization of Neural Network OMCMDUW-U3 

 
Figure 4.17 Performance of Neural Network OMCMDUW-U3 

 
Figure 4.18 Regression of Neural Network OMCMDUW-U3 
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Figure 4.19 Visualization of Neural Network OMCMDUW-U4 

 
Figure 4.20 Performance of Neural Network OMCMDUW-U4 

 

 
Figure 4.21 Regression of Neural Network OMCMDUW-U4 
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Figure 4.22 Visualization of Neural Network OMCMDUW-U5 

 
Figure 4.23 Performance of Neural Network OMCMDUW-U5 

 
Figure 4.24 Regression of Neural Network OMCMDUW-U5 
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Figure 4.25 Visualization of Neural Network OMCMDUW-N1 

 
Figure 4.26 Performance of Neural Network OMCMDUW-N1 

 
Figure 4.27 Regression of Neural Network OMCMDUW-N1 
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Figure 4.28 Visualization of Neural Network OMCMDUW-N2 

 
Figure 4.29 Performance of Neural Network OMCMDUW-N2 

 
Figure 4.30 Regression of Neural Network OMCMDUW-N2 
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Figure 4.31 Visualization of Neural Network OMCMDUW-N3 

 
Figure 4.32 Performance of Neural Network OMCMDUW-N3 

 
Figure 4.33 Regression of Neural Network OMCMDUW-N3 
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Figure 4.34 Visualization of Neural Network OMCMDUW-N4 

 
Figure 4.35 Performance of Neural Network OMCMDUW-N4 

 
 

Figure 4.36 Regression of Neural Network OMCMDUW-N4 
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Figure 4.37 Visualization of Neural Network OMCMDUW-N5 

 
Figure 4.38 Performance of Neural Network OMCMDUW-N5 

 

Figure 4.39 Regression of Neural Network OMCMDUW-N5 
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The correlation coefficient R is summarized below in Figure 4.40. By studying the value R, the 

precision of normalized data is better compared to that of unaltered data. In addition to that, 

the ‘best’ precision is observed when the number of neurons in the hidden layer is 4. 

 
 

Figure 4.40 Correlation Coefficient R for Various Numbers of Neurons in Hidden Layer 

 Table 4.1 summarizes the mean squared error of unaltered data and normalized data for 

various numbers of neurons in the hidden layer. Mean squared error (mse) signifies whether a 

model is efficient and accurate. It is evident that normalized data is ‘better’ compared to 

unaltered data. For unaltered data, the ‘best’ neural network model is when there are 4 neurons 

in the hidden layer. As for normalized data, the ‘best’ neural network model is when the number 

of neurons in the hidden layer is also 4.  

Table 4.1 Mean Squared Error for Unaltered and Normalized Data 

 No. of Neurons in Hidden Layer  

 1 2 3 4 5 

Unaltered mse 0.285627982 0.285224388 0.44589224 0.021495469 0.516727907 

Normalized mse 0.284869061 0.033954263 0.020785502 0.007596185 0.509349655 
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Figure 4.41 Mean Squared Error for Various Numbers of Neurons in Hidden Layer  

4.6 Prediction of Strength 

 Since it is apparent that normalized data peforms better than unaltered data, data was 

normalized for the prediction of strength. Neural network models were created with various 

complexities. 
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Figure 4.42 Visualization of Neural Network STRENGH-N1 

 
Figure 4.43 Performance of Neural Network STRENGTH-N1 

 
Figure 4.44 Regression of Neural Network STRENGTH-N1 
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Figure 4.45 Visualization of Neural Network STRENGTH-N2 

 
Figure 4.46 Performance of Neural Network STRENGTH-N2 

 

Figure 4.47 Regression of Neural Network STRENGTH-N2 
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Figure 4.48 Visualization of Neural Network STRENGTH-N3 

 
Figure 4.49 Performance of Neural Network STRENGTH-N3 

 
Figure 4.50 Regression of Neural Network STRENGTH-N3 
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Figure 4.51 Visualization of Neural Network STRENGTH-N4 

 
Figure 4.52 Performance of Neural Network STRENGTH-N4 

 
Figure 4.53 Regression of Neural Network STRENGTH-N4 
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Figure 4.54 Visualization of Neural Network STRENGTH-N5 

 
Figure 4.55 Performance of Neural Network STRENGTH-N5 

 
Figure 4.56 Regression of Neural Network STRENGTH-N5 
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Figure 4.57 Visualization of Neural Network STRENGTH-N6 

 
Figure 4.58 Performance of Neural Network STRENGTH-N6 

 
Figure 4.59 Regression of Neural Network STRENGTH-N6 
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Figure 4.60  Correlation Coefficient R for Various Numbers of Neurons in Hidden Layer 

 
Figure 4.61 Mean Squared Error for Various Numbers of Neurons in Hidden Layer  

 Figure 4.60 shows the correlation coeffecient R for various number of neurons in the 

hidden layer for the prediction of strength. By analyzing the R value, the model with 3 neurons 

0.4

0.5

0.6

0.7

0.8

0.9

1

1.1

0 1 2 3 4 5 6 7

C
o

rr
el

at
io

n
 C

o
ef

fi
ci

en
t,

 R

No. of Neurons in Hidden Layer

Training Validation Test All

0.023655301

0.027589758

0.01142849

0.017847753

0.014199109

0.022322922

0

0.005

0.01

0.015

0.02

0.025

0.03

1 2 3 4 5 6

M
ea

n
 S

q
u
ar

ed
 E

rr
o

r 
(m

se
)

No. of Neurons in Hidden Layer



 59 

in the hidden layer is the ‘best’ for the model. But only analyzing the R value is not sufficient 

because that value only illustrates whether the neural network is precise, therefore it is 

important to analyze the mse value too. From Figure 4.61, the number of neurons with the 

lowest mse value is 3. 
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Chapter 5 Conclusion 

This study aims to investigate the engineering properties of marine clay when stabilized with 

Portland cement. The engineering properties include compaction properties and strength 

properties of the stabilized mixture. Compaction tests were conducted for the investigation. In 

addition to that, the use of MATLAB’s neural networking tool, the prediction of the 

engineering properties was carried out. 

5.1 Summary 

In order to target the objectives of this study, the following steps were conducted: 

1. Marine clay was compacted with different percentages of Portland cement. 

Compaction curves were then drawn to find out the optimum moisture content and 

maximum dry unit weight of the stabilized marine clay. 

2. The water content of the stabilized mixture was analyzed in order to further 

understand the phenomenon of cement hydration. 

3. Unconfined compressive and unconsolidated unconfined compressive test were 

conducted to investigate the strength of the stabilized marine clay. 

4. Development of artificial neural networks to predict compaction properties (i.e. 

optimum moisture content and maximum dry unit weight) and strength of the stabilized 

marine clay. 

5.2 Conclusions 

The main conclusions for this study are listed below: 

1. With the increase of cement content, the optimum moisture content increases and the 

maximum dry unit weight decreases. The OMC for 5% Portland cement mixture is 27% 

and MDUW is 13.8 kN/m3, as for the addition of 10% Portland cement, the OMC is 

34.6% and MDUW is 13.7 kN/m3. 
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2. The stabilization of marine clay with 10% of Portland cement is proved to be very 

effective. Strength is a function of time where the strength increases with curing. The 

highest strength achieved with 28 days of curing is 1088 kPa. The highest strength was 

achieved on the dry side of OMC.  

3. Normalized data is proven to be significantly more efficient when using artificial neural 

networking.  

4. For the prediction of OMC and MDUW of the stabilized marine clay, the model with 4 

neurons in the hidden layer is the ‘best’ model. 

5. For the prediction of the strength of the stabilized marine clay, the model with 3 neurons 

in the hidden layer is the ‘best’ model. 

5.3 Further Studies 

 Due to the global pandemic COVID-19, the investigation of engineering properties of 

adding glass cullet to marine clay was not completed. It is worth to study using glass cullet to 

improve the engineering properties of marine clay since glass bottles constitutes a significant 

portion in the municipal waste in Macau. 
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Appendix A 

A.1 Glass Recycling Program in Macau 

 Glass bottles are collected from recycling bins located all over Macau. The glass bottles 

are then passed through a machine that crushes the glass to 3 to 6 mm glass cullet by resonance. 

80 tonnes of glass cullet is produced a month in this facility. 

 

 

A.2 Particle Size Distribution Curve for Glass Cullet 

To determine the particle size distribution of the glass cullet, ASTM C136 / C136M -14 (2014) 

was used. Seven sieves were required to conduct the test, No. 4 (4.75 mm), No. 10 (2 mm), No. 

20 (0.85 mm), No. 40 (0.425 mm), No. 60 (0.25 mm), No. 140 (0.106 mm) and No. 200 (0.075 

mm). The minimum weight of the specimen to be used was 500 g. The sieves are placed in the 

above order with the specimen on the most top sieve. The sieves were then placed on the 

mechanical sieve shaker for 15 minutes. After shaking, the cumulative retaining percentage 

and passing percentage were calculated. The particle size distribution curve was obtained and 

shown in Figure A.2. 

Figure A.1 Production of Glass Cullet 
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Figure A.2 Particle Size Distribution Curve for Glass Cullet 

From Figure A.2, the coefficient of non-uniformity (Cu) and coefficient of curvature (Cc) were 

calculated using the following equations: 

For the coefficient of Non-uniformity (Cu) 

 
𝐶𝑢 =

𝐷60

𝐷10
 

 

where, 

D10 – the particle diameter corresponding to 10% of passing 

D60 – the particle diameter corresponding to 60% of passing  

 

For the coefficient of Curvature (Cc) 

 
𝐶𝑐 =

𝐷30
2

𝐷10 × 𝐷60
 

 

where, 

D10 – the particle diameter corresponding to 10% of passing 

D30 – the particle diameter corresponding to 60% of passing  

D60 – the particle diameter corresponding to 60% of passing  
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Table A.1 Coefficient of Non-uniformity and Coefficient of Curvature of Glass Cullet 

D10 0.4 

D30 1 

D60 2 

Cu 5 

Cc 1.25 

 

According to IS: 1498 – 1970 (2002), the coefficient of uniformity should be greater 

than 4 and the coefficient of curvature should be between 1 and 3 to be classified was well-

graded. Since glass cullet used for this laboratory experiment has a Cu of 5 and a Cc of 1.25 is 

it well-graded. 

A.3 Compaction Curve 

 

 As observed in Figure A.3., when the percentage of glass cullet increases, both OMC 

and MDUW increases. 

 

 

 

 

 

 

Figure A.3 Compaction Curve for Addition of Glass Cullet 
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Appendix B 

The source of dataset used for prediction of OMC and MDUW is listed below: 

 
Table B.1Source of Dataset for Prediction of OMC and MDUW 

No. of Data Source 

1 Al-Bared et al. (2017) 

1 Chong & Kassim (2015) 

4 Davidson et al. (1962) 

1 Hussain & Dhar (2019) 

3 Laboratory 

4 Mengue et al. (2018) 

1 Nusly (2017) 

5 Pongsivasathit et al. (2019) 

1 Preetham & Nayak( 2019) 

1 Saleh et al. (2018) 

2 Wu et al. (2016) 

 

 

 

The source of dataset used for prediction strength is listed below: 

 
Table B.2 Source of Dataset for Prediction of Strength 

No. of Data Source 

25 Davidson et al. (1962) 

4 Hussain & Dhar (2019) 

37 Laboratory Experiment 

48 Mengue et al. (2018) 

2 Nusly (2017) 

5 Pongsivasathit et al. (2019) 

16 Preetham & Nayak( 2019) 

6 Wu et al. (2016) 
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