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Abstract  

Nanoparticles, especially alumina ceramics, are widely used due to their versatile applications, 

but there is still limited understanding of how various processing parameters together influence 

its properties. This research investigated that the effect of process parameters and their 

combined interplay on the thermal stability and crystallite size of alumina ceramic.  Aluminum 

oxide (alumina) was synthesized using the well-known bottom-up technique Sol-gel method. An 

L9 orthogonal array was used to design the experiment. Optimization of the three process 

parameters in their three levels with single and multi-response analyses was conducted.  XRD 

characterization revealed phase and crystallite size details, TGA provided the mass loss of the 

nine samples and its morphology and elemental composition by SEM and EDS. The different 

phases obtained from XRD results were α, Ɵ, δ, and γ with their corresponding crystallite size 

(20.6nm,6.5nm, 5.8nm, 8nm, 6.9nm, 5.2nm, 26.5nm, 8.6nm, and 6.5nm) respectively for all nine 

samples. The TGA characterization also delivered a significant insight about to thermal 

stability of each sample through its mass loss (5.70%, 5.40%, 4.90%, 6.00%, 5.50%, 5.00%, 

6.53%, 5.60%, and 5.30% respectively). And, the SEM results also validate the significant 

difference of the particle size. the elemental composition was identified as aluminum and 

oxygen with no significant impurities. The optimized results which are obtained from the 

characterization showed a very promising results to see the optimal synthesis process and 

studied the complex interplay of different process parameters. Confirmation experiment was 

done. However, further validation through confirmation experiment and consideration of 

additional process parameters is highly recommended for a better result by improving the 

synthesis process.      

 

 
Keywords: Alumina nanoparticles, Characterization, Sol-gel method, SEM, XRD, TGA, 

optimization   

  



1 
 

CHAPTER ONE  

 INTRODUCTION 

1.1Background  

 Metals are widely regarded as the most important categories of engineering materials, but it's 

worth noting that ceramic materials are actually more abundant and commonly used. The 

significance of ceramics in engineering stems from their natural abundance and distinct 

mechanical and physical properties, that differ by far from those of metals. A ceramic material 

is an inorganic compound composed of a metal (or semimetal) and one or more nonmetals. Key 

examples of ceramic materials include silica (silicon dioxide, SiO2), a primary component in 

most glass products; alumina (aluminum oxide, Al2O3), which has applications ranging from 

abrasives and high temperature to artificial bones. 

(Madfa et al., 2014).Among the target spun materials, alumina (Al2O3) has received great 

attention once it is an important engineering material with high strength and elastic modulus, 

chemical stability and low thermal conductivity. Alumina has several polymorphs namely α, γ, 

θ, η, δ, χ, κ, and β-Al2 O3 and the alpha phase is the most thermodynamically stable based on 

(Mota et al., 2019). 

According to (Rogojan et al., 2011) various techniques are currently used to produce and 

synthesize nanoparticles, including the sol-gel method (a solution-based approach), vapor phase 

deposition, mechanical alloying (involving collisions with high-energy pellets), solid-state 

reactions, hydrothermal methods, plasma techniques, and electrochemical methods, among 

others. While all these methods can produce large quantities of nanomaterials, the sol-gel 

method is particularly popular and widely used in industrial applications. This method stands 

out due to its ability to produce high-quality nanoparticles of uniform size on an industrial scale. 

Additionally, the sol-gel method can simultaneously produce two or more types of 

nanoparticles, allowing for the synthesis of alloy products in a single step by combining metal 

(or metal oxide) precursors in specific ratios. Moreover, the sol-gel method enables the 

production of highly homogeneous composites with exceptional purity (99.99%).  
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Additionally, the sol-gel process is one of the bottom-up synthesis technique, where the final 

products are created through a series of irreversible or one directional chemical reactions as  

Bokov et al., (2021) studied.  

Despite the fact that extensive studies have been done on the synthesis of alumina nanoparticles, 

there remains a significant gap in understanding how multiple process parameters collectively 

affect the morphology, thermal stability, and overall properties of the resulting ceramic 

nanoparticles. Current limitations include a narrow focus, single or limited objectives, and a 

lack of optimization, as well as the absence of comprehensive modeling or design of 

experiments. These factors hinder the effective and efficient production of alumina 

nanoparticles with desired properties. Addressing these limitations through multi-parameter, 

multi-objective optimization, combined with a thorough design of experiments and statistical 

analysis, greatly enhanced the synthesis process as per the study by Krishnan et al., (2018) and 

Rogojan et al., (2011) 

Based on (Rogojan et al., 2011) using the sol gel method of synthesis, the alumina nanoparticle 

was synthesized based on the design of experiment of Taguchi L9 orthogonal array. Based on 

the design of experiment nine samples is synthesized and characterized then investigated the 

effect of process parameter on the morphology of each sample, the phase of alumina ceramic 

of each sample, the effect of process parameter on the thermal stability of each sample, and 

determined the new compound formed as the result of the process in each sample as well as the 

dominating factor of the process parameter and recommended the optimum process parameters. 

Morphological analysis: The morphology of the synthesized nanoparticle from each 

experimental combination was analyzed using SEM to determine particle size, shape, and 

distribution. Thermal stability analysis: This analysis was conducted to determine the thermal 

stability of the nanoparticles using TGA to assess their weight loss and decomposition behavior 

at elevated temperatures for each sample. Structural analysis: In this analysis, crystal 

structure, constituent element, and phase of the nanoparticles of each sample will be analyzed 

using XRD according to Leng and Wiley (n.d., 2008) 
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1.2 Problem statement 

Nanoparticles have emerged as crucial components in various field. The ongoing research and 

development are expected to further expand the scope and the impact by harnessing the 

potential of nanoparticle. Despite extensive research on alumina ceramics synthesis, a 

significant gap exists in understanding the general impact of multiple process parameters on the 

morphology (particle size and shape), thermal stability (mass loss and the decomposition 

process), and other properties of the resulting ceramic nanoparticles. As a consequence, the 

current research has different limitations in different aspects. Limited scope: Most studies focus 

on a single process parameter i.e. either in calcination temperature, comparing the different 

synthesize method, or different precursor material by neglecting the complexity and combined 

effect of multiple variables as per the study by Krishnan et al., (2018) and Rogojan et al., (2011). 

Single and/or narrow objective and lack of optimization: the existing studies primarily 

comparing for a narrow and/or single outcome, but overlooking the potential for multi objective 

optimization to achieve a balance between desirable properties. Lack of comprehensive 

modeling or design of experiment: Such design of experiment represents the complex 

interaction between process parameters and their impact an alumina by identifying the 

dominating parameter on its property. Therefore, this limitation had hindered the effectiveness 

and efficiency of synthesis alumina nanoparticle with the desired property. So, addressing this 

limitation through multi parameter, multi objective optimization, coupled with comprehensive 

design of experiment and statical analysis provided the potential to significantly optimize the 

alumina nanoparticle synthesis. 

1.3 Objective 

1.3.1 General objective; 

➢ To synthesize, characterize, and optimize the process parameters (precursor materials, 

calcination temperature, and time) of alumina ceramic (Al2O3) nanoparticles  

1.3.2 Specific objective; 

1. To investigate the effect of precursor materials, calcination temperature, and calcination 

time on the morphology (crystallite size and shape) of each sample of alumina ceramic 

nanoparticles  
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2. To investigate the effect of precursor materials, calcination temperature, and calcination 

time on the thermal stability (mass loss) of each sample of alumina ceramic 

nanoparticles   

3. Optimization of the process parameters to investigate the combined effect and the 

dominant factor on crystallite size and thermal analysis of alumina ceramic  

1.4 Significance of the study  

This study played an important role in filling the gab that is found from the literature review. 

The current research on alumina nanoparticle synthesis primarily focuses on isolated factors 

like calcination temperature or synthesis method by neglecting the complex interplay of various 

process parameters. This limited understanding had hindered the general optimization and 

prevented us from fully grasping how different parameters impact the final properties of 

alumina ceramic. By addressing this gap, it significantly improved the efficiency and 

effectiveness of the synthesis of nanoparticles and lead to a deeper understanding of combined 

effects of process parameters on the properties of alumina nanoparticles. By implementing a 

Taguchi design of experiment this study provided an opportunity to efficiently and effectively 

investigate the influence of multiple process parameters on the properties of synthesized 

alumina nanoparticle leading to a robust and optimized synthesis process. As well as, 

interpretation of the outcomes of the experiment contributed to a deeper understanding of the 

alumina nanoparticles synthesis process and lead to the development of a robust and efficient 

strategy for producing high quality materials with tailored properties. 

1.5 Delimitation and limitations  

Studies has focused heavily on synthesis and characterization of nanoparticles in order to 

achieve optimum property possible. However, the review highlighted a significant research gap 

regarding the optimization in synthesis and characterization of alumina. As a result, this 

research delimited by focusing on the systematic investigation of multiple process parameters 

and multiple objective optimizations of key sol-gel process parameters influencing the 

morphology, thermal stability and overall properties of alumina nanoparticles. While 

acknowledging the broad scope of alumina ceramics research, this study specifically 

concentrated on the combined effect of type of precursor, calcination time, and calcination 

temperature within the Sol-gel method.  
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It’s acknowledged that other potentially influential factors, such as the pH level, the stirring 

speed and time, drying temperature and time, solvent type, and different synthesis routes. 

However, for the sake of achieving a manageable scope and in-depth analysis these are 

excluded. Furthermore, the properties under investigation were basically bound to particle size, 

particle shape, phase of the synthesized particles, particle distribution and weight loss with this 

both particle size and weight loss are used for optimization as a response. Finally, the research 

utilized a design of experiments (DoE) methodology and systematically explored the combined 

interplay of the parameters on the propriety of alumina on the selected properties and this 

focused approach addressed the identified gab in the existing literature. While computational 

modeling may complement the experimental findings, it was not the primary focus of this study. 

The synthesis process was challenging due to insufficient equipment and materials. This 

limitation is expected to have an effect on the properties of the synthesized nanoparticles and 

its purity. Besides of the synthesis process, the characterization was also challenging to get in 

time and all the equipment in need wasn’t available.  

1.6 Scope 

In this particular research the alumina ceramic nanoparticle was synthesized, characterized and 

optimized the process parameter according to the design of experiment using Sol gel method. 

The process parameters considered in this thesis are; precursor material, calcination temperature 

and calcination time with three level of each parameter. The properties that selected and 

investigated in this study was; Morphological analysis: The morphology of the synthesized 

nanoparticles was analyzed using SEM. The thermal stability of the nanoparticles analyzed 

using TGA to assess their weight loss at elevated temperatures for each sample, and in the 

crystallite size, constituent element, and phase of the nanoparticles of each sample was analyzed 

using XRD. The data that obtained from the experiment was analyzed in order to optimize the 

process parameter.   
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1.7 organization of the study  

This research is structured to provide a comprehensive investigation on synthesis, 

characterization, and process parameter optimization of alumina nanoparticles in to five distinct 

chapters, the study begins with an introduction that establishes the research context which 

outlines the background, problem of the statement, objective, significance of the study, 

delimitation and limitations, and the scope of the study. The second chapter presented a 

literature review to assess the existing knowledge and identify the gap in the current 

understanding of the research topic. Chapter three deals with the materials and the methodology 

employed which describes the synthesis process, techniques of characterization, optimization 

method and interpretation. In the fourth chapter, the findings and discussion present the result 

obtained from the analysis, interpreting their significance and implication in relation to the 

research objective and the previous studies. This structured approach ensures a logical 

progression of ideas which is supported by scientific approach and insightful exploration of the 

complex interplay of process parameter on the final property of alumina ceramic. Finaly, 

Conclusion from the findings and recommendation for future study also incorporated.   
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CHAPTER TWO 

LITERATURE REVIEW  

2.1. Introduction  

A review of previous studies on alumina ceramics was essential for understanding various 

synthesis methods, such as sol-gel and hydrothermal techniques, along with their strengths and 

limitations. It guided the selection of suitable methods based on factors like purity, 

microstructure, and cost, while identifying research gaps for further investigation. This 

knowledge helped refine experimental design, optimize process parameters, and improve 

characterization methods, ultimately contributing to more efficient synthesis and advancement 

in the field. 

2.2 Method of synthesis  

2.2.1 Sol-gel Method of synthesis and Characterization   

Krishnan et al., (2018) synthesized aluminum oxide nano particle by using both the sol-gel 

technique and solid-state reaction (SSR) method. This study focuses on synthesizing nano cones 

by varying the carbon content. It compares two low-cost, scalable methods for fabricating 

alumina nanoparticles: the sol-gel method and the SSR method. Initially, the sol-gel method is 

used to synthesize nano alumina, followed by the use of the SSR method for the same purpose. 

The synthesized samples are characterized by X-ray diffraction to identify different phases and 

transitions during the process. The average crystalline size of the nano alumina is found to be 

45 nm using the sol-gel method and 43 nm using the SSR method. The surface morphology of 

the samples is analyzed using scanning electron microscopy, and a rough estimate of the crystal 

size is provided.  

Niero et al., (2022) aimed to produce nano α-alumina through an inorganic sol–gel process, 

followed by calcination at 1,200 °C. The sol–gel method involves partial precipitation of the 

solution, which forms a gel by controlling the concentration of the solvent phase, thereby 

enabling control over particle morphology, size, and surface area. In this study, the inorganic 

sol–gel method was utilized to synthesize nano α-alumina, with sodium hydroxide acting as a 

precipitating agent and aluminum salts as precursors to obtain aluminum hydroxide, which then 

converted into nano α-alumina after calcination.  
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Bhattacharyya & Behera, (2017) aimed in creating alumina nanoparticles involved utilizing an 

aluminum salt combined with a plant extract, following a methodology similar to previous 

studies. The X-ray diffraction (XRD) analysis confirmed the creation of hexagonal phase 

alumina nanoparticles, with an average particle size of 61 nm. Scanning electron microscope 

(SEM) images revealed that the nanoparticles exhibited diameters ranging between 35 and 55 

nm, showcasing a mix of spherical and rod-like shapes, often forming aggregates. Furthermore, 

UV-Vis spectrophotometer measurements indicated a surface plasmon resonance (SPR) of the 

nanoparticles at a wavelength of approximately 300 nm.  

Milani et al., (2020) focused on the synthesis of alumina sol through an inorganic route using 

cost-effective starting materials, such as aluminum nitride, deionized water, ammonia, and 

nitric acid. The synthesized sol exhibited stability for approximately a month at 25 °C, but 

tended to gel at temperatures exceeding 60 °C due to water loss. The synthesized sol, derived 

from inexpensive starting materials, displayed clarity, homogeneity, and stability for over a 

month. However, it transitioned into a soft gel at 60 °C. The study also investigated various 

properties of the obtained sol, including pH, particle size distribution, solid content, phase 

analysis, existing bounds, and thermal behavior. 

Farahmandjou et al., (2016) has presented a comprehensive review of the sol-gel method as a 

widely used, cost-effective, and versatile chemical technique for synthesizing nanomaterials, 

particularly metal oxide nanoparticles. It described how sol-gel processing involved hydrolysis 

and condensation reactions of metal precursors, leading to the formation of a wet gel, which 

was subsequently dried into various products like aerogels, xerogels, and dense ceramics. The 

study highlighted the advantages of the sol-gel method, including low-temperature synthesis, 

high purity, and control over the material's structure and composition. It also detailed various 

applications of sol-gel-derived nanomaterials in optics, electronics, energy, catalysis, coatings, 

and biomedical fields. The paper further explored the properties and synthesis techniques of 

aerogels, classifying them into inorganic, organic, carbon, and hybrid types, and emphasized 

their high porosity, low density, and thermal insulation capabilities. 

Kam et al., (2021) synthesized gamma-alumina nanoparticles (γANPs) through an affordable 

process using natural bauxites. The γANPs were characterized using several techniques, 

including X-ray powder diffraction (XRPD), Fourier-transform infrared spectroscopy (FTIR), 
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Brunauer-Emmett-Teller (BET) theory, scanning electron microscopy (SEM), and atomic force 

microscopy (AFM). Furthermore, the γANPs were functionalized with CTAB, resulting in 

CTAB-modified γ-alumina nanoparticles (γANPs-CTAB), which were also characterized by 

XRPD and FTIR. These functionalized γANPs-CTAB were utilized as adsorbents for removing 

bisphenol-A (BPA) from water, with the adsorption process following pseudo-second-order 

kinetics and the Langmuir isotherm. The γANPs-CTAB were found to be effective in adsorbing 

BPA from water. 

Singh & Sarkar, (2015) studied the successful synthesis and characterization using the sol-gel 

process. The sol-gel process is a chemical method primarily used for synthesizing various 

nanostructures, particularly metal oxide nanoparticles. The fundamental principle of the sol-gel 

method lies in producing a homogeneous sol from the precursors and converting it into a gel. 

The properties of the dried gel significantly depend on the drying method selected based on its 

intended application. The sol-gel process is versatile, allowing for the doping of materials with 

various additives to tailor physical, chemical, and optical properties. It is known for producing 

high-purity and homogeneous materials due to the molecular mixing of precursors. 

Furthermore, the process can be sensitive to reproducibility, making it a conventional and 

industrial method for synthesizing nanoparticles with different chemical compositions. 

Danks et al., (2016) provided a comprehensive review of sol–gel chemistry, tracing its 

development from early hydrolysis and condensation reactions of metal alkoxides to more 

diverse and modern synthetic strategies. It described how sol–gel methods enabled the 

formation of metal oxides and other ceramics from solution-state precursors, offering 

advantages like homogeneity, structural control, and low processing temperatures. The study 

discussed various gel types, sol–gel precursors, and reaction mechanisms, including those 

involving hydrolysis-condensation, chelating agents, polymer networks, and biopolymer 

templates. It also explored advanced modifications such as the Pechini method and combustion 

synthesis, and emphasized the role of templating, processing conditions, and precursor 

chemistry in tuning material structure, porosity, and composition. Overall, the paper highlighted 

how sol–gel techniques evolved into a powerful and versatile tool for synthesizing a wide range 

of functional materials. 
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 Adeniyi et al., (2019) have reviewed the use of alumina as precursors for the development of 

nanoparticles for water treatment was examined.  It is clearly stated theta aluminum oxide 

(commonly called alumina) is the most commonly occurring oxide of aluminum and is 

represented by the chemical formula Al2O3. Aluminum is the most abundant metallic element 

and the third most abundant in the earth’s crust after oxygen and silicon. Alumina in its natural 

form is corundum but can be made from bauxite which is rich in hydrated aluminum oxides. 

Alumina nanoparticles have been synthesized in a variety of ways and these includes 

precipitation and co-precipitation, sol-gel method, solution combustion and microwave 

synthesis.  

Khazaei et al., (2016) highlighted that among the various phases of alumina, the γ and α phases 

are the most widely used in different industries. The study reports the successful synthesis of γ-

Al2O3 porous nanoparticles using a simple aqueous sol-gel method with affordable materials. 

The structures and properties of the samples calcined at 800 ºC were examined using techniques 

such as X-ray diffraction (XRD), infrared spectroscopy (FTIR), scanning electron microscopy 

(SEM), thermogravimetric analysis (TG/DTA), and N2 adsorption/desorption. The γ-Al2O3 

sample, which used polyethylene glycol as a surfactant, displayed an average crystallite size of 

2.313 nm, an average particle size of 20 nm, a specific surface area (SSA) of 138.8 m²/g, and a 

pore volume of around 0.166 cm³/g. 

 Mavrič et al., (2019) prepared alumina sol from inorganic precursors, specifically aluminum 

nitrate nonahydrate (purity >98%) and liquor ammonia. Amorphous alumina has historically 

garnered attention in the forms of thin films or nanoparticles. However, attempts to increase its 

dimensions have led to destabilization of its amorphous structure and crystallization at 

relatively modest temperatures. Alumina exists in various crystallographic modifications with 

distinct properties, with α-Al2O3 (corundum) being the most prevalent form in nature. This 

phase is thermodynamically stable at room temperature.  

The paper reported the successful synthesis and characterization of alumina (Al₂O₃) 

nanoparticles using the precipitation method, employing aluminum nitrate and methanol as 

precursors with sodium hydroxide added to maintain a pH of 10–11. The synthesized 

nanoparticles were calcined at 400°C and 600°C and then analyzed using X-ray diffraction 

(XRD), scanning electron microscopy (SEM), and dynamic light scattering.  
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The XRD analysis showed that crystallite size increased with calcination temperature, from 53 

nm at 400°C to 72 nm at 600°C, indicating improved crystallinity. SEM images revealed a 

flower-like and needle-like morphology, with particle aggregation influenced by calcination 

temperature. Mechanical ball milling effectively reduced agglomeration. Microstrain and 

dislocation density analyses showed that lower temperatures resulted in more crystal defects. 

The study concluded that the precipitation method was a cost-effective and reproducible 

approach for producing Al₂O₃ nanoparticles with good chemical stability and low 

hygroscopicity. Bhoi et al., (2020) 

The research by Wang & Lin, (2007) successful synthesis of alumina (Al₂O₃) nanoparticles 

using the sol-gel method and investigated their effectiveness in removing copper ions (Cu²⁺) 

from aqueous solutions. Researchers used aluminum nitrate and citric acid with a C/N ratio of 

0.5, forming a gel through heating and drying, followed by sintering at temperatures ranging 

from 600°C to 1200°C. XRD analysis showed that γ-alumina began forming at 800°C, 

transitioning into α-alumina at 1100°C and above, with crystallite sizes increasing from 11.5 

nm to 49.1 nm. SEM and EDX analyses confirmed morphological changes and the removal of 

residual carbon at higher temperatures. Adsorption experiments revealed that copper ion 

removal efficiency improved with increased sintering temperature, reaching a maximum of 

82.1% at 1200°C. The study concluded that removal efficiency was more influenced by particle 

size growth than by the specific alumina phase 

2.2.2 Electrochemical method of synthesis and Characterization    

Rabia et al., (2018) studied on the recent advancement of preparation and characterization of 

activated alumina particle (AAP) synthesized by the electrochemically process from aluminum 

and have gained serious attention inexpensive material that can be employed for water filtration 

due to its activated surface. XRD and SEM microscopy techniques are used to examine the 

material's microstructure. The study reviews recent advancements in the synthesis and 

characterization of activated alumina. As a result, excellent outcomes were observed, and the 

study outlined the optimal conditions for preparing activated alumina to achieve high yield. 

Additionally, a systematic characterization using SEM, FTIR, X-ray diffraction, and EDX was 

also summarized. 
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The paper by (Attil et al., 2024) emphasizing how hydrolysis and condensation of molecular 

precursors enabled the controlled formation of nanostructured oxides under mild conditions. It 

explained how vanadium oxide gels were prepared from vanadic acid solutions and exhibited 

lyotropic nematic behavior, forming anisotropic layers with enhanced electrochemical 

properties. The author also described how vanadium alkoxides yielded thermochromic VO₂ thin 

films with reversible metal-insulator transitions. Zirconium alkoxides, when modified with 

acetylacetone and hydrolyzed under specific conditions, produced monodispersed zirconia 

nanoparticles suitable for membrane applications. Furthermore, the study showed how the sol-

gel process allowed the encapsulation of biomolecules and even whole protozoan cells in silica 

matrices without damaging their structure or antigenic properties, thus demonstrating potential 

for biosensing applications. Overall, the sol-gel method was presented as a versatile and gentle 

technique for fabricating functional inorganic and hybrid materials. 

Rogojan et al., (2011) synthesized and characterized gamma-alumina nanoparticles using 

various methods and materials. The nanoparticles were produced through a cost-effective 

process using natural bauxites and were characterized by techniques such as X-ray powder 

diffraction (XRPD), Fourier-transform infrared spectroscopy (FTIR), Brunauer–Emmett–Teller 

(BET) theory, scanning electron microscopy (SEM), and atomic force microscopy (AFM). The 

functionalized γANPs-CTAB were employed as adsorbents for the removal of bisphenol-A 

(BPA) from water. These γANPs-CTAB materials proved to be effective in adsorbing BPA from 

water. 

Pourmadadi et al., (2022) focused on enhancing the effectiveness of drug delivery systems, 

particularly through the use of alumina nanoparticles. This research reviews the different phases 

of alumina, the synthesis methods for producing biomedical-grade alumina tailored to specific 

biomedical engineering applications, and the properties of alumina nanoparticles (NPs). 

Additionally, the study examines existing literature on the use of alumina as a drug carrier and 

presents new strategies to improve the therapeutic efficacy of alumina-based nanocarriers. The 

growing use of alumina for drug delivery in recent years is attributed to its outstanding 

structural and chemical properties, such as thermal stability, mechanical strength, high surface 

area, tunable pore size, and modifiable surface.  
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Marlina Ginting & Bukit, (2015) investigated the electrochemical technique for producing 

alumina (α-Al2O3) from aluminum metal. The α-Al2O3 precursor was calcined at 110 °C for 

six hours and then analyzed using Fourier Transform Infrared (FTIR) spectroscopy, Particle 

Size Analysis (PSA), X-ray Diffraction (XRD), and Scanning Electron Microscopy (SEM). To 

study the transformation of the precursor into α-Al2O3, three samples were sintered at 

temperatures of 400, 800, and 1200 °C and analyzed. A key finding was the conversion of AlOH 

and β-Al(OH)3 into γ-Al2O3 at lower temperatures (400 to 800 °C), followed by the 

transformation of γ-Al2O3 into α-Al2O3 at 1200 °C. The overall results indicated that the 

electrochemical method is a promising alternative for producing nearly pure α-Al2O3 at a 

sintering temperature of 1200 °C. 

2.2.3 Hydrothermal method of synthesis and Characterization   

Mota et al., (2019) showed the successful production of alumina nanofiber after thermal 

treatment of solution blow spine hybrid fiber. The material used to synthesis aluminum nitrate 

nonahydrate and polyvinylpyrrolidone were used as inorganic and organic processors to form 

hybrid fibers and ethanol and distilled water were used as solvent for preparation of solution. 

The X-ray diffraction patterns presented all the characterization of the gamma and alpha phase 

of the alumina. In addition, the scanning election microscopy showed alumina nanofiber 

diameters varying between 200nm and 270nm for different temperature. The thermal treatment 

analysis presented mass loss that occurred during the process calcination.    

Krishnan et al., (2018) successfully prepared alpha alumina structure via hydrothermal 

synthesis supported with sodium dodecyl sulfonate anionic surfactant. Aluminum nitrate 

nonahydrate was used and sodium dodecyl sulfonate was used as an anionic surfactant ammonia 

solution 35% was hydrolyzing agent. A precursor solution was prepared by dissolving alumina 

nitrate nonahydrate in deionized water and stirred at room temperature for an hour and 

surfactant solution were added to the precursor solutions. The characterization of the sample 

calcinated at 1200oc was preformed using roman spectroscopy, X-ray diffraction analysis, 

Fourier transform infrared spectroscopy, thermogravimetric analysis, and scanning electron 

microscopy techniques with this the experimental result showed the pure alpha alumina were 

obtained with different morphology. 
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Kaur et al., (2020) synthesized alumina nanoparticles by thermal dehydration of aluminum 

oxide. Alumina exists in several transitional phase. The experimental method and 

characterization process is conducted very well. For this Aluminum metal powder was mixed 

with dilute hydrochloric acid to produce a clear solution of aluminum chloride. A hydrogen gas 

evolved out with fizzing sound, accompanied by the liberation of a lot of heat and then 

ammonium hydroxide solution was then added slowly to the solution of aluminum chloride and 

white gelatinous precipitation of aluminum hydroxide were obtained. Then the XRD pattern 

showed that the formation of different phase of aluminum under the effect of heat treatment and 

indicated a consistent picture the structural transformation in alumina nanoparticle with heat 

treatment.  

Vignesh Raj et al., (2018) investigated the preparation of a nanocrystalline 

hydroxyapatite/alumina (HAp−Al2O3) composite using a custom-designed stir-type 

hydrothermal reactor. Phase identification and crystallite size analysis were performed using 

X-ray diffraction (XRD) with a CuK α radiation X'pert powder diffractometer from PAN 

Analytical (The Netherlands). The morphology and elemental composition of the synthesized 

samples were examined using high-resolution transmission electron microscopy (HRTEM) 

combined with energy-dispersive X-ray spectroscopy (EDS) from JEOL JEM 2100 (Germany). 

Elemental mapping of the composites was conducted using a field-emission scanning electron 

microscope (FESEM) from Bruker, Germany. The study found that increasing the reaction 

temperature enhances the formation of the nanocrystalline HAp−Al2O3 bio composite material. 

The study Fatimah et al., (2022) detailed a method for calculating and interpreting crystallite 

size from X-Ray Diffraction (XRD) spectra, particularly utilizing the Scherrer method. It 

outlined a step-by-step approach to analyze XRD data, aiming to assist students and new users 

in comprehending XRD results. The research focused on explaining how to read XRD 

characterization results, specifically for calculating crystallite size by 𝐷 =
𝐾λ

𝛽𝐶𝑂𝑆Ɵ
, and compared 

these findings with existing literature. The methodology involved qualitative analysis to 

determine the crystal phase and quantitative analysis to ascertain crystallite size, applying these 

techniques to samples of WO3 particles and barium hexaferrite particles. 
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Narayanan & Rakesh, (2018) produced aluminum oxide nanoparticles using aluminum nitrate 

and lemon extract, which is considered an environmentally friendly and non-toxic material. The 

mixture was then heated with microwaves at 600 W for 5 minutes, resulting in the observation 

of a peak at 271.50nm in the UV spectrum of the heated sample. This spectrum was compared 

with those of other research works to confirm the formation of alumina nanoparticles. 

Following this, the sample was centrifuged at 3500 rpm, leading to the formation of a sediment. 

The nanoparticles were characterized using UV Visible (UV-Vis) Spectroscopy, Dynamic Light 

Scattering, and a Zeta Analyzer, revealing an average size of 460nm. This synthesis method has 

demonstrated faster results than other methods due to the involvement of microwave heating. 

Moreover, the synthesized nanoparticles may possess potential antibacterial and antifungal 

properties, warranting further investigation. 

Vignesh Raj et al., (2018) synthesized a nanocrystalline hydroxyapatite/alumina (HAp−Al2O3) 

composite using a specially designed stir-type hydrothermal reactor. The starting materials for 

the HAp−Al2O3 composite included analytical-grade calcium nitrate tetrahydrate 

(Ca(NO3)2·4H2O), diammonium hydrogen phosphate ((NH4)2HPO4), and aluminum nitrate 

(Al(NO3)3·9H2O). A 25% ammonia solution was incorporated to adjust the reaction’s pH 

Thermogravimetric analysis indicated improved thermomechanical properties, with minimal 

weight loss at elevated temperatures. These findings support the development of biocompatible 

HAp−Al2O3 composite nanorods for biomedical applications. 

Kaur et al., (2020) studied on detailed the synthesis and structural characterization of alumina 

(Al₂O₃) nanoparticles through thermal dehydration of aluminum hydroxide (Al(OH)₃). 

Researchers heat-treated the material in stages from 150°C to 1150°C, observing a sequential 

phase transformation from Al(OH)₃ to AlOOH (boehmite), then to γ-, δ-, θ-, and finally α-

alumina. X-ray diffraction (XRD) confirmed the emergence of these distinct alumina phases at 

various temperatures.The concentration of α-alumina increased with temperature, reaching 

84% at 1150°C, accompanied by a decline in θ- and δ-alumina. The study concluded that heat 

treatment influenced both phase composition and crystallite size, with α-alumina showing the 

largest crystallites. The consistency between XRD and NMR results validated the structural 

evolution and coordination environment of aluminum across different annealing temperatures. 
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2.2.4 Precipitation Method of synthesis and Characterization    

Bhoi et al.,(2020) successfully prepared alumina nanoparticle from alumina nitrate precursor 

and methanol using the precipitation method. Aluminum nitrate, methanol, sodium hydroxide 

pellet and deionized water were used as starting precursor. The XRD pattern of the prepared 

sample all the visible peaks can be indexed as alumina can be related to the standard reference 

data. It was clearly observed that with increase in calcination temperature the crystallite size of 

the sample increase indicating the enhanced crystallinity and lattice strain in the crystalline 

structure largely affects the stability of the nanoparticles. The SEM result reveals that the 

alumina has a flower shape and needlelike structure. The calcination temperature had a greater 

influence on morphology of the formed nanoparticles. Besides macrostrain analysis has been 

performed which shows good chemical stability. 

The study by Bhoi et al., (2020) focused on the synthesis and characterization of alumina 

(Al₂O₃) nanoparticles using a straightforward sol-gel method. Aluminum nitrate used as a 

precursor and ethanol as a solvent, maintaining a pH of 2–3 during synthesis and performing 

calcination at 500°C. They characterized the resulting nanoparticles using X-ray diffraction 

(XRD), scanning electron microscopy (SEM), transmission electron microscopy (TEM), and 

energy dispersive spectroscopy (EDS). The XRD analysis confirmed a phase transition from γ- 

to α-alumina at temperatures above 1000°C, revealing a rhombohedral structure. SEM and 

TEM images showed that the particles developed a sphere-like morphology with increased 

annealing temperature and exhibited an average size of about 28 nm with minimal 

agglomeration. EDS analysis confirmed the presence of only aluminum and oxygen, indicating 

the high purity of the synthesized nanoparticles. 

Mirjavadi et al., (2018) synthesized nanoscale α-Al2O3 powders using a high-throughput 

impinging stream microreactor. The results showed that the powders produced had better 

dispersion and a more uniform particle size distribution compared to those made with the 

traditional parallel flow precipitation method. As a result of this uniform nucleation, 

homogeneous particles were produced. The study also thoroughly examined the effects of 

calcination temperature and time on the morphology, phase composition, and particle size of α-

Al2O3. This research contributed to the development of ultrafine α-Al2O3 powders with a 

uniform size distribution, high crystallinity, and excellent thermal expansion properties. 
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Sadabadi et al., (2013) synthesized high-purity crystalline alpha alumina (α-Al2O3) platelet 

powder using a combustion synthesis method. The process involved utilizing aluminum nitrate 

as the aluminum source and urea as the oxidizer in an aqueous medium. Various analytical 

techniques were employed to characterize the synthesized alpha alumina powder. X-Ray 

diffractometer was used to study the crystalline phase, while Scanning Electron Microscopy 

(SEM) and Energy Dispersive X-ray Spectroscopy (EDAX) were utilized for morphological 

and chemical characterization of the nanoparticles. Further analysis of the crystalline structure 

was conducted using Transmission Electron Microscopy (TEM) and Selected Area Electron 

Diffraction (SAED). Additionally, the size distribution of the powder was investigated using a 

Particle Size Analyzer (PSA), and the thermal behavior of α-Al2O3 was evaluated through 

Thermal Gravimetric and Differential Thermal Analysis (TG/DTA). 

2.2.5 Acid leaching method of synthesis and Characterization 

Bhattacharyya & Behera, (2017) and Bhattacharyya & Behera, (2017) synthesized α-alumina 

powder with particle sizes smaller than 100 nm and a spherical shape from calcined kaolin using 

an acid leaching method. The process involved common transitional phases of alumina, such as 

gamma, delta, kappa, and theta, each with its own technological applications. The resulting 

amorphous white powders, obtained after precipitation, washing, and drying, were 

characterized using XRD, TG-DSC, and FTIR techniques. Furthermore, particle size 

distribution, specific surface area, and microstructural analysis of the powder calcined at 1200 

°C were conducted to assess particle size, shape, and distribution. Pure-phase α-alumina, with 

particle sizes under 100 nm, was achieved at 1200 °C, and the addition of a surfactant during 

processing positively impacted the modification of particle size. 

2.2.6 Application of alumina nanoparticles 

The paper by (Adeniyi et al., 2019) provided a mini-review on the application of alumina 

nanoparticles for water treatment, highlighting their synthesis, availability, and effectiveness. It 

examined the natural occurrence of alumina in Nigeria and discussed various synthesis methods 

such as precipitation, sol-gel, solution combustion, and microwave techniques. The study 

reviewed numerous batch experiments which demonstrated that alumina nanoparticles typically 

exhibited monolayer adsorption behavior following pseudo-second order kinetics.  
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These nanoparticles effectively removed a wide range of water pollutants including heavy 

metals, dyes, and oils, showing high removal efficiencies despite variations in adsorption 

capacities. Overall, the study established alumina nanoparticles as promising adsorbents for 

wastewater treatment. 

The study by (Souza & Braganc, 2017) investigated the extraction of humic acid (HA) from 

subbituminous coal and its application as a dispersant for ceramic powders. The extraction 

process was straightforward and suitable for laboratory-scale production. The HA was 

characterized through elemental analysis, FTIR, thermal analysis (TGA/DTA), zeta potential, 

turbidity, and SEM. Results showed that HA contained carboxylic and phenolic groups and 

exhibited polyelectrolyte behavior. Alkaline conditions enhanced its negative surface charge, 

and SEM analysis revealed an extended molecular structure at pH 11, favoring dispersion. 

Rheological tests on alumina suspensions confirmed that HA significantly reduced viscosity 

and improved fluidity, with optimal performance in alkaline pH (10–11). The absence of metal 

complexes ensured the availability of surface charges for effective dispersion. Overall, the study 

demonstrated that coal-derived HA could be a low-cost, efficient alternative to commercial 

dispersants in ceramic processing. 

The study examined lime-based plasters modified with varying amounts of fine ceramic 

powder, a waste product from thermal insulation block production, to assess its suitability as a 

supplementary cementitious material. Researchers replaced lime with up to 80% ceramic 

powder and found that while overall porosity increased, capillary pore volume decreased, 

leading to improved hygric and thermal properties. Mechanical strength slightly declined with 

higher ceramic content but remained within acceptable limits. The plaster with 20% ceramic 

powder showed the best balance of physical, hygric, thermal, and mechanical properties, 

making it an effective and sustainable option. The study concluded that ceramic powder could 

positively enhance plaster performance while promoting waste material utilization based on 

Čáchová et al., (2016) 

The paper by Giesche,( 2007) provided a comprehensive overview of the preparation methods 

and applications of coated powders in ceramics and related fields. It discussed various 

techniques such as heterogeneous coagulation and nucleation in solution and gas phases, 

emphasizing their significance in achieving well-defined coated particulates.  
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The review highlighted practical examples, demonstrating how specific coating layers could 

influence essential properties such as homogeneous distribution, protection of core materials, 

and the design of controlled microstructures. The author illustrated that coated powders could 

enhance the performance of composite materials, influence optical, magnetic, and electrical 

properties, and mitigate undesirable reactions during processing, thereby establishing their 

critical role in advanced material systems. 

Sigmund & Bell, (2000) had discussed various novel powder-processing methods for advanced 

ceramics, focusing on direct-casting techniques and solid freeform fabrication. It reviewed the 

fundamental principles of green body formation, distinguishing between physical and chemical 

gels based on the nature of gelation. An overview of dense suspensions' properties was 

provided, particularly regarding factors influencing maximum solids loading. Recent studies on 

direct measurements of interparticle forces in ceramic systems were highlighted and linked to 

rheological properties. The text emphasized the challenges faced in achieving high reliability 

in ceramics processing due to the brittleness of materials and the need for precise control over 

fine powders, leading to increased interest in innovative suspension handling and molding 

techniques. 

2.2.7 Optimization Technique  

The study by Wang & Lin, (2007) investigated the optimization of the fused deposition 

modeling (FDM) process in rapid prototyping (RP) by integrating the Taguchi method with 

Gray relational analysis.. They established that deposition orientation in the Z direction (DOZ) 

significantly affected both TS and DA, while layer thickness (LT) was critical for SR. By 

applying Gray relational analysis with entropy-based weighting and verifying results using the 

TOPSIS method, the study identified optimal parameter combinations that improved TS by 

90.48%, DA by 99.36%, and SR by 62.27%. The integrated optimization approach effectively 

enhanced multiple quality attributes of FDM-printed parts, demonstrating its applicability for 

improving RP system performance. 

This study by (Lin, 2012) an integrated approach that combined the Taguchi method, Grey 

Relational Analysis (GRA), and a Neural Network (NN) to optimize a novel Gas Metal Arc 

(GMA) welding process using activating flux. Initially, the Taguchi method was employed to 

identify optimal process parameters and construct a database.  
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GRA was then used to handle multiple performance characteristics—penetration depth, depth-

to-width ratio, and fusion area—by converting them into a single grey relational grade. A neural 

network trained using the Levenberg-Marquardt back-propagation algorithm modeled the 

nonlinear relationship between process parameters and welding performance. Simulation 

results from the trained network identified optimal settings—welding voltage of 20 V, gas flow 

rate of 6 L/min, speed of 450 mm/min, and 100% MoO₃ flux—that improved the grey relational 

grade by 13.91% compared to Taguchi optimization alone. The study demonstrated that the 

proposed hybrid method effectively enhanced weld quality in the GMA process. 

A study by Kuo et al., (2008)     examined how simulation, while valuable for analyzing complex 

systems, lacked optimization capabilities—especially when multiple conflicting performance 

measures were involved. To address this, the authors proposed a method combining the Taguchi 

optimization technique with Grey Relational Analysis (GRA), effectively converting multi-

response problems into a single-response format. They applied this method to a real-world case 

in an integrated circuit packaging company, aiming to improve throughput and cycle time of an 

ink-marking machine. The study showed that their approach performed comparably to other 

advanced methods in the literature, and the results demonstrated that the grey-based Taguchi 

method was both simple and effective for multi-response simulation optimization. 

Based on  Saeheaw, (2022) explored the use of a hybrid optimization technique that combined 

the CRITIC method (an objective weighting system) with Grey Relational Analysis (GRA) and 

the Taguchi method to optimize multiple quality outcomes in the Nd:YAG laser welding 

process. The researchers used a Taguchi L36 orthogonal array to experiment with six process 

parameters—beam diameter, laser power, flow rate, welding speed, laser offset, and pulse 

shape—aiming to maximize weld strength and minimize weld width. The CRITIC method was 

applied to assign objective weights to each response, and GRA was then used to convert the 

multi-objective optimization problem into a single performance index. Results showed that 

laser power and welding speed were the most influential parameters.  

According to (Process, n.d.(2014 ) the optimization of welding parameters to enhance the 

mechanical properties and minimize defects in SA 516 Grade 70 steel welded by SMAW 

investigated. The study aimed to improve tensile strength, impact energy, hardness, and angular 

distortion using a hybrid method combining  
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Taguchi design, Grey Relational Analysis (GRA), and Principal Component Analysis (PCA). 

Experiments were structured using an L9 Taguchi orthogonal array, testing different levels of 

groove angle, preheat temperature, electrode diameter, and root gap. The results showed that 

preheat temperature and electrode diameter had the most significant effects on weld quality. 

The integrated GRA-PCA method allowed for simultaneous multi-response optimization, 

yielding improved mechanical properties and reduced distortion. Confirmation experiments 

validated the model, demonstrating substantial gains in weld strength and toughness, as well as 

a reduction in defects. 

The paper focused on optimizing machining parameters in the turning process using Grey 

Relational Analysis (GRA) to enhance multiple performance outcomes simultaneously—

namely material removal rate (MRR), tool life, and surface roughness (SR). Experiments were 

conducted on martensitic stainless steel (AISI 420) using a coated carbide tool (KC5010) under 

varying cutting speeds and feed rates, while the depth of cut was kept constant. A three-level 

two-factor factorial design with center points guided the experimental setup. GRA was 

employed to convert the multi-response problem into a single-objective optimization task 

through normalization, calculation of grey relational coefficients, and grey relational grades 

(GRGs). Results showed that the optimal machining parameters were a cutting speed of 100 

m/min, feed rate of 0.16 mm/rev, and depth of cut of 0.2 mm. Among all parameters, cutting 

speed had the most significant influence on machining performance. The study demonstrated 

that GRA effectively identified the best combination of turning parameters for improved 

machining quality as per the study by (Mejid et al., 2023) 

The paper presented by (Panda et al., 2016) a study on optimizing hard turning parameters 

during the machining of hardened AISI 52100 steel using a mixed ceramic insert under dry 

conditions. The authors employed Grey Relational Analysis (GRA) combined with the Taguchi 

method to simultaneously minimize flank wear and surface roughness—two critical quality 

metrics in hard machining. Experiments were conducted based on a Taguchi L16 orthogonal 

array, considering three key factors: cutting speed, feed rate, and depth of cut. A second-order 

regression model was developed and found to be more accurate than the first-order model. The 

analysis revealed that feed rate had the most significant impact on performance, followed by 

cutting speed and depth of cut. The optimal combination of process parameters was identified 
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as 0.1 mm depth of cut, 0.04 mm/rev feed rate, and 110 m/min cutting speed. This combination 

yielded significant improvements in machining performance, and the model predictions closely 

matched the experimental results. The study demonstrated that the proposed GRA-Taguchi 

approach was effective for multi-response optimization in hard turning operations. 

According to the paper by (Yaqoob et al., 2024) investigated the optimization of high-speed 

orthogonal turning parameters for heat-treated AISI 4340 alloy steel using multi-layer coated 

carbide tools under dry conditions. A Taguchi L18 experimental design was employed to 

analyze the effects of tool type, cutting speed, feed rate, and depth of cut on surface roughness 

and tool life. Taguchi signal-to-noise (S/N) ratios and Grey Relational Analysis (GRA) were 

applied to identify optimal conditions. The results showed that the CVD-coated tool provided 

the highest tool life (14.75 minutes), while the PVD-coated tool resulted in the lowest surface 

roughness (0.276 µm). GRA revealed that the optimal machining setup was a CVD tool with a 

cutting speed of 300 m/min, feed rate of 0.05 mm/rev, and depth of cut of 0.1 mm. Among the 

input variables, feed rate had the most significant effect on both responses, followed by tool 

type. Confirmation tests validated the predicted results, showing a 14.57% improvement in 

Grey Relational Grade, demonstrating the effectiveness of GRA in multi-response optimization 

of hard turning processes. 
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2.3Research gap  

The field of engineering focuses broadly on synthesis and characterization of nanoparticles in 

order to achieve optimum property possible. While a lot of studies have investigated the impact 

of process parameters on synthesis of alumina ceramic. A significant gab exists in synthesize 

process parameter needed to be considered. Most studies focus on calcination temperature or 

the method of synthesis to compare the result of the nanoparticle obtained from the two methods 

as well as using different precursor materials. This limited the ability to understand in depth the 

complex interactions and optimization of the process holistically. In addition, most of the 

existing studies primarily focused on optimizing a single outcome and neglecting the potential 

for multi-objective optimization to achieve a balance between different desirable outcomes. 

Therefore, this literature review highlighted a significant research gap regarding the 

optimization in synthesis and characterization of alumina. Specifically, there was a need for 

research that investigate the a multiple process parameters and their combined impact on 

morphology and thermal stability of each sample, explores a wider range of parameter value to 

identify optimal conditions, conduct statistical analysis to draw reliable conclusions from 

experimental data, addresses multi-objective optimization to achieve a balance between 

different desirable outcomes, develop a comprehensive model that represents the complex 

interaction between process parameters and use optimization techniques.  

So, addressing the research gap highlighted had the potential to significantly improved the 

efficiency and effectiveness of synthesis of alumina nanoparticles. This could lead to have a 

better understanding on the combined effect of the process parameter on the properties of 

alumina ceramic.     
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CHAPTER THREE  

MATERIALS AND METHODS  

3.1Materials 

This research examined that how various process factors interact during the synthesis of 

alumina nanoparticles via the sol-gel method, addressing a gap in current understanding. The 

process begins by dissolving precursors in solvents (such as water, alcohol, organic liquids, or 

combinations) to create a uniform initial solution. 

The materials used to synthesize alumina ceramic nanoparticles are: the precursor materials 

(Aluminum nitrate (Al(NO3)3.9H2O), Aluminum chloride (AlCl3), and Aluminum 

sulfate(Al2(SO4)3), Solvent (water) H2O, and pH regulator (Sodium hydroxide)  NaOH based 

on (Bokov et al., 2021). The properties of these materials are discussed in the Table 3.1 below.  

 Table 3.1 Materials and their properties (Callister & Wiley, n.d.2007) 

 

Properties  

Materials 

Aluminum 

Nitrate 

(Al(NO3)3.9H2O) 

Aluminum sulfate  

(Al2(SO4)3) 

Aluminum 

Chloride  

(AlCl3) 

Sodium 

hydroxide  

NaOH   

Molar mass 375.13g/mol 342.15g/mol 133.341g/mol 39.997g/mol 

Appearance  White crystal  White crystalline 

solid  

Colorless 

Crystal    

White crystal   

Density  1.72g/cm3 2.672g/cm3 2.48g/cm3 1.515 g/mL 

Melting 

point  

73oC 770oC 180oC 318 oC 

Solubility 

in water  

Soluble in water   Soluble in water 

31.2g/100ml(0oC),  

36.4g/100ml(20oC), 

/  

Soluble in water 

439g/L (0oC),  

458g/L (20oC), 

Soluble in water 

418g/L (0oC 
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3.2 Methods 

The methodology of this study was developed based on the review of previous studies which 

has been done so far. This included understanding the specific equipment and instruments used, 

the experimental producers followed, and the data analysis method employed. This clarity 

allowed to develop a robust and reliable methodology for the synthesis, characterization, and 

process parameter optimization by learning from their success and challenges.      

A comprehensive research methodology was employed as shown in the Figure 3.1 below by 

taking in to account different aspects: Systematical investigation on the influence of wide range 

of process parameters beyond the commonly studied one by adopting a multi objective 

optimization framework to simultaneously optimize for multiple desirable properties was 

conducted. Then, characterization was done to thoroughly analyze the synthesized alumina 

nanoparticles and statically analyze the experimental data to identify significant relationship 

between process parameters and the material properties. By integrating these methodologies, 

this research provided a comprehensive understanding of the complex interaction of process 

parameter during alumina nanoparticle synthesis leading efficient synthesis strategy for 

producing high quality alumina ceramic with optimum property.     

 

Figure 3.1: Schematic representation of the methodology 

 

 

Select the synthesis 
method

Model the design 
of experiment

Properly identify 
the process 
parameter 

Formulate the 
experimental 

procedure  

Data analysis and 
optimization 

Interpretation the 
result 
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3.1.1 Method of synthesis  

The sol-gel technique involves converting a 'sol'—a suspension of particles derived from 

metallic alkoxides or organometallic precursors—into a 'gel' through low-temperature 

polymerization. Subsequent steps include drying to remove the solvent from this wet gel, 

followed by a specific heat treatment. Advantages of this method include its adaptability, 

potential for high material purity, capability for creating specialized materials, and reduced 

energy consumption due to lower processing temperatures. It was anticipated that the resulting 

alumina powders possessed nanometric dimensions as.(Rogojan et al., 2011) studied. 

 

Figure 3.2: Schematic representation of Solgel method (Bokov et al., 2021) 

As shown in the Figure 3.2 the sol-gel process is a wet chemical approach for synthesizing 

nanomaterials. It involves creating a stable colloidal solution, known as a "sol," which 

transforms into a gel-like structure. This structure ultimately solidifies through hydrolysis and 

condensation, enabling precise control over the chemical composition and size of the resulting 

nanoparticles. This technique is especially effective for producing high-purity and uniform 

metal oxide-based nanomaterials. The fundamental sol-gel process consists of several key steps 

as shown in figure 3.2 above: (1) the hydrolysis of the precursor, initiating the chemical reaction 

that leads to nanoparticle formation, (2) the nucleation and growth of these particles through 

condensation, (3) the introduction of an appropriate substance that causes gelling, and (4) the 

final stage where the material is dried and calcined to produce the completed sol-gel. (de 

Oliveira et al., 2015). 

Precursor + 

solvents 
Sol 

formation 

Connected 
porous structure 

(gel)

Final 
product 

Hydrolysis  Condensation Drying and  

Calcination  
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According to Bokov et al., (2021), the sol-gel method offered numerous advantages: it's simple, 

yields high-purity products efficiently, allows precise control over chemical composition for 

homogeneity, and enables the production of materials with modified physical traits like low 

thermal expansion and high optical clarity. Furthermore, it provides fine control over material 

structure by adjusting early-stage network formation variables* and combines low initial 

investment with high-quality output. The process itself occurs in a liquid state at relatively low 

temperatures (typically under 100°C) to form a solid product. By managing the parameters 

influencing the key hydrolysis and condensation reactions, materials with specific 

microstructures and surface chemistries can be created. 

3.2.2Process parameter identification:  

In order to achieve a comprehensive understanding of the synthesis process and optimize for 

desired properties, a wide range of process parameter was considered. The following parameters 

are selected as basic process parameter in order to optimize the properties of alumina 

nanoparticle in reference of the literature reviews. 

3.2.2.1 Precursor type:  

Precursor is the starting materials for the sol-gel process. Precursors should be soluble in the 

reaction media and they should be reactive enough to participate in the gel forming process. 

(Liu et al., 2023), (Spear, n.d.) (Mahdi SIAHPOOSH et al., 2016) have studied that the choice 

of precursor material in the sol-gel synthesis of alumina significantly impacts the final 

properties of the alumina product, including its particle size, morphology, phase composition, 

and overall reactivity, due to differences in the hydrolysis and condensation rates depending on 

the chemical nature of the precursor molecule, such as its ligands and solubility in the solvent. 

The precursor material used to synthesize alumina nanoparticles significantly impacts their 

properties, including particle size, morphology, surface area, and crystal structure. Different 

aluminum precursors like aluminum chloride, aluminum nitrate, aluminum hydroxide, 

aluminum sulfate or aluminum alkoxides will result in different alumina phases. Romero Toledo 

et al.,(2018)determined that a small amount of impurity in precursor salt can modify the 

physical properties of alumina compared with conventional γ-alumina.  
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In this case three precursor material of Aluminum salts that are easily soluble in water are 

selected. i.e. the precursor materials aluminum nitrate, aluminum chloride, and aluminum 

sulfate are selected based on (Bokov et al., 2021). 

3.2.2.2 Calcination temperature:  

Calcination is a heat treatment process that removes organic components and stabilizes the 

nanoparticles, influencing their thermal stability and crystallinity. As (Bhoi et al., 2020) 

explained the calcination temperature has a notable effect on the stability and crystallinity of 

the nanoparticle. 

Bin Mokaizh et al., (2021),Nampi et al., (2011), and(Su et al., (2023) studied that in the sol-gel 

synthesis of alumina ceramics, increasing the calcination temperature leads to a higher degree 

of crystallinity, larger crystallite size, and a phase transition from the less stable γ-alumina to 

the more stable α-alumina phase, which significantly impacts the final properties of the ceramic, 

including its density, hardness, and thermal stability; essentially, higher calcination 

temperatures result in a more fully developed and crystalline alumina structure. Based (Attil et 

al., 2024) on the calcination temperature recommended from 200o c to 1200o  Three calcination 

temperature are, 800, OC, 1000 OC, and 1200OC which are selected based on Rogojan et al., 

(2011). As Series, (2024)  in the their study investigate that temperature has a significant effect 

on microscopic property of the materials. Nikiforov et al., (2023) has studied that the annealing 

temperature on the final properties of the material.   

3.2.2.3Calcination time:  

Bin Mokaizh et al., (2021) has investigated that increasing the calcination time generally leads 

to a higher degree of crystallinity, larger crystallite size, and a more complete transformation of 

the amorphous alumina gel into the desired crystalline phase (typically α-alumina), resulting in 

improved ceramic properties like density and strength. So based on Vural & Sari, (2019) the 

three levels of calcination time selected are 3 hour, 4  hours, and 6 hours. The systematical 

investigation the influence of these parameters of this research developed a comprehensive 

understanding of their individual and combined effect on the morphology, thermal stability, and 

overall properties of the synthesized alumina nanoparticles.     
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3.2.3Model the design of experiment (DoE):  

Taguchi design of experiment for alumina nanoparticle synthesis. This method provided a 

robust framework for designing experiments and optimizing processes by systematically 

investigated the influence of multiple factor or process parameter on a desired response such as 

particle size, particle shape, and mass loss. 

Identify control factor: Based on the previously identified process parameters, we can select 

the most influential factors for this study. Factor A: precursor material with three level i.e. 

Aluminum nitrate(A1), Aluminum sulfate (A2), and aluminum chloride (A3). Factor B: 

Calcination temperature with three level. B1, B2, and B3. Factor C: Calcination time with three 

level.C1, C2, and C3 

The orthogonal Array: The suitable orthogonal array that accommodates the number of factors 

and levels is selected taking in to account the numbers of factors and their levels. In this case 

three factors with three level each. So, for three factors with three level each, the L9 orthogonal 

array is suitable for its time and cost effective, robustness, and ease of explanation of the result. 

(Dar et al., 2018),(Ahmad Dar & Anuradha, 2018) (Maazinejad et al., 2020)  investigated that 

the L9 orthogonal array design of experiment, often used in the Taguchi method, offers several 

advantages including: significantly reduced number of required experiments while still 

effectively evaluating multiple factors, allowing for efficient identification of the most 

impactful variables on a response, and providing a balanced approach to analyzing the effects 

of different factor levels with minimal experimental runs; making it cost-effective and time-

saving compared to full factorial designs when dealing with multiple parameters at different 

levels. 

Assign factor levels to array: Assign the levels of each factor to the corresponding columns 

of the orthogonal array. This ensures that all factor combinations help to be tested in a balanced 

efficient manner. Conduct experiments: The experiments performed according to the assigned 

factor combinations in the orthogonal array.  Analyze data: Signal-to-Noise Ratio(S/N); the 

S/N ratio was calculated for each experiment based the desired response. The main response 

selected to optimize are, particle size, thermal stability, and particle shape. Analysis of Variance 

(ANOVA): ANOVA was conducted to determine the significance of each factor and their 

interaction on the response. Optimal Parameter Settings:  
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The optimal levels of each factor that maximize the S/N ratio and achieve the desired properties 

was identified. By implementing a Taguchi design of experiment this study investigated the 

influence of multiple process parameters on the properties of synthesized alumina nanoparticle 

which led to a robust and optimized synthesis process. 

3.1.4 Formulate the experimental procedure  

This experimental procedure for alumina nanoparticle synthesis and characterization outlines 

the step involved in synthesizing alumina nanoparticles using a Taguchi designed experiment 

and characterizing their properties.  

3.1.4.1 Materials  

▪ Aluminum precursors  

▪ Deionized water  

▪ Acids and/or bases for pH 

adjustment (NaOH) 

 

 

 

3.1.4.2 Equipment 

▪ Analytical precision balance  

▪ Beaker, pH mater, Magnetic stirrer  

▪ Forced convection drying oven  

▪ Calcination furnace  

▪ X-ray diffractometer (XRD) 

▪ Thermogravimetric analyzer (TGA) 

3.1.4.2 Experimental design  

Experimental design is a field of knowledge and methods, developed through research, that 

equips investigators to run experiments resourcefully, interpret data accurately, and ensure their 

conclusions align with the study's primary aims.  

Based on Krishnaiah & Shahabudeen, n.d.) utilized the L9 orthogonal array to define the 

experimental runs based on the selected factors and levels as it is clearly stated in the modeling 

the design of experiment above. Each experiment will involve a specific combination of 

precursor type (A), calcination temperature(B), and calcination time(C) as shown in Table 3.2 

below.  
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Design Summary 

Taguchi 

Array 

L9(3^3) 

Factors: 3 

Runs:    9 

 

 

 

 

 

 

Table 3.2 Taguchi L9 design of experiment 

 

3.1.4.3 Sol-Gel Synthesis procedure: 

Step 1: precursor and solvent preparation; in this step the appropriate amount of precursor 

determined based on the recommended concentration of each experiment as shown in Figure 

3.3 below and dissolved the precursor in deionized water to prepare the homogeneous solution. 

Young,(2002) recommended that the right proportion of solute (aluminum precursor like 

aluminum nitrate) and solvent (typically ethanol or water) in the sol-gel synthesis of alumina 

has a significant impact. The desired properties of final alumina product should be considered, 

such as particle size, porosity, and morphology.  

The higher water content leads to faster hydrolysis and smaller particles, while a lower water 

content results in larger particles and slower gelation. The concentration was selected based on 

(Krishnan et al., 2018) the molarity as: 𝑀𝑜𝑙𝑎𝑟𝑖𝑡𝑦 (𝑀) = 0.125𝑚𝑜𝑙/𝑙  and the mass of 

precursor material decided to be 15g the amount of solvent required calculated. 

𝑀 =
𝑚𝑜𝑙𝑒 𝑜𝑓 𝑠𝑜𝑙𝑢𝑡𝑒  

𝑙𝑖𝑡𝑡𝑒𝑟 𝑜𝑓 𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛 (𝑣) 
     Eq. (3.1) 

𝑚𝑜𝑙𝑒 𝑜𝑓 𝑠𝑜𝑙𝑢𝑡𝑒 =
𝑚𝑎𝑠𝑠 𝑜𝑓 𝑠𝑜𝑙𝑢𝑡𝑒   

𝑚𝑜𝑙𝑎𝑟 𝑚𝑎𝑠𝑠  
= 

15𝑔  

375.134𝑔/𝑚𝑜𝑙  
= 0.0399𝑚𝑜𝑙 
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Now, the amount of distilled water required calculated as; 

𝐿𝑖𝑡𝑡𝑒𝑟 𝑜𝑓 𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛 (𝑣) =
𝑚𝑜𝑙𝑒 𝑜𝑓 𝑠𝑜𝑙𝑢𝑡𝑒  

𝑀𝑜𝑙𝑎𝑟𝑖𝑡𝑦  
=

0.0399  

0.125  
 =0.31988L=320mL 

Step 2: Sol and gel formation; After the concentration was determined, 320 mL of distilled 

water added to a bicker and then 15g of the precursor material added while stirring. In this 

step the precursor solution was stirred at a speed 600rpm and temperature of 80oC for 2hours 

and then adjusted the pH of the solution to 3-4 by adding NaoH slowly and then measured using 

pH meter. After obtained the required level of pH, the solution got heat to the designated 

reaction temperature while stirring continuously then maintained the reaction temperature and 

stirring for the specified reaction time of 2hours.  

As  (Milani et al., 2020)  studied pH significantly affects the particle size, morphology, and 

phase composition of the final alumina product, with lower pH values generally leading to 

smaller particles and a greater tendency towards the formation of the γ-alumina phase, while 

higher pH levels promote larger particles and the formation of the boehmite phase. pH level of 

3-4 produced a particle size of 20nm to 40nm.A homogeneous solution was formed due to 

aluminum salts (aluminum nitrate nonahydrate, aluminum chloride, or aluminum sulphate) was 

fully dissolved in water and dissociated in to aluminum ions (Al+3) and nitrate, sulfate, or 

chloride ions. Aluminum nitrate nonahydrate was used as precursor material for Sample one 

(S1), Sample two (S2), and Sample three (S3). Aluminum sulfate was used as a precursor material 

for Sample four (S4), Sample five (S5), and Sample six (S6). For the remaining three samples 

Aluminum chloride was used under the same Stirring parameter, the same concentration, and 

pH level of 4 as shown in Table 3.3. below. The hydrolysis equation of the three precursor 

materials is shown in the equation below.  

Hydrolysis equation of aluminum nitrate nonahydrate   

Al (NO3)3.9H2O (s) + H2O (l) →Al3+ (aq) + 3NO3
-  (aq) + 9H2O (l)  Eq.(3.2) 

Hydrolysis equation of aluminum sulfate 

Al2 (SO4)3  (s) + H2O (l) →2Al3+ (aq) + 3SO42- (aq)                             Eq. (3.3) 

Hydrolysis equation of aluminum chloride 

AlCl3  (s) + H2O (l) → Al 3+  (aq) +3Cl-  (aq)                                          Eq.(3.4) 
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Step 3: Washing and drying; In this step the precipitated gel was washed with the deionized 

water to remove impurities. By centrifuging again, the sample to collect the solid if any remain 

and then dry all the collected solids together in an oven or furnace at temperature of 1000o C 

for 24hours. As Bokov et al., (2021) and  Dunn & Lan, (2020) studied washing and drying are 

crucial steps as they remove excess solvent and byproducts from the gel, allowing for the 

formation of a stable, well-defined structure with desired properties in the final product, 

significantly impacting the material's porosity, density, and mechanical strength; the drying 

process, especially, needs careful control to minimize maintain the desired property. 

 As per Rogojan et al., (2011) the drying temperature and time was specified to be 100oC and 

24hours respectively. When precursor solution started drying, the water started evaporating. It 

finally provided a solid form of the precursor material. After solid aluminum nitrate 

nonahydrate, aluminum sulfate, and aluminum chloride obtained, thermal decomposition 

happened by the applied temperature. First to lose the water of hydration and then breaking 

down the salts. A simplified reaction for the decomposition reaction is; 

Al(NO3)3 → Al2O3(s) + 6NO2(𝑔) + 1.5𝑂2(𝑔)                  Eq. (3.5) 

𝐴𝑙2(𝑆𝑂4)3. (𝑠) → 𝐴𝑙2𝑂3 (𝑠) + 3𝑆𝑂3(𝑔)                                    Eq. (3.6) 

2𝐴𝑙𝐶𝑙3. 𝐻2𝑂 (𝑠) → 𝐴𝑙2𝑂3 (𝑆) + 6𝐻𝐶𝑙(𝑔) + 9𝐻2𝑂 (𝑙)  Eq. (3.7) 

Step 4: Calcination: The dried powder then calcined in a furnace at the designated temperature 

for the specified time based on each sample (800oC, 1000oC,1200oC for 3hours,4hours, and 

6hours) as it summarized in table 3.3 below and figure 3.3.  

Then, the sample allowed to cool and maturate at room temperature before further analysis. 

This high temperature helped to completely decompose any remaining precursor material and 

promoted crystallization of alumina then lead to stable and defined aluminum structure. 

Shahraki et al., (2025),Yao et al., (2020), and Aldbea et al., (2025) have studied that calcination 

significantly affects the properties of alumina sol-gel by influencing its crystallinity, particle 

size, surface area, and phase transformation, with increasing calcination temperature generally 

leading to a more crystalline structure, larger particle size, reduced surface area, and a transition 

from the metastable gamma (γ) alumina phase to the stable alpha (α) alumina phase, impacting 

its suitability for different applications depending on the desired properties.  



34 
 

Table 3.3 Process parameters and their value                                                                        

Process parameters kept 

constant 

during synthesis  

Samples  Precursor materials  Calcination  

Temperature 

 (o C) 

Calcination 

time (hrs.) 

Concentration  0.125M Sample 1 Aluminum nitrate 800 3 

Solvent  Distilled  

Water  

Sample 2 Aluminum nitrate 1000 4 

Stirring temperature  80oC Sample 3 Aluminum nitrate 1200 6 

Stirring time  2hrs. Sample 4 Aluminum sulfate  800 4 

Stirring speed  600rpm  Sample 5 Aluminum sulfate 1000 6 

pH level  4 Sample 6 Aluminum sulfate 1200 3 

(Base used) pH 

adjuster  

NaoH Sample 7 Aluminum chloride  800 6 

Drying temperature  100oC Sample 8 Aluminum chloride 1000 3 

Drying time  24hrs  Sample 9 Aluminum chloride 1200 4 

 

 

Figure 3.3 Sol-gel process synthesis method sequence  

Precursor and 
solvent

(homogeneous 
solution)  

sol and gel 
formation

Drying follwed 
by calcination

powder

product  
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3.1.4.4 Characterization of each sample:  

Structural analysis: X-ray diffraction (XRD) methods stand out for their ability to determine 

a material's crystal structure. Unlike techniques focusing on elemental composition, XRD 

identifies chemical compounds through their unique crystalline arrangement. This enables the 

differentiation of various compounds or phases, even those composed of the same elements. In 

this investigation, XRD was specifically used to analyze the crystalline size and phase of the 

nanoparticle samples. The measurement conditions used for the XRD characterization of all 

sample was: 

X-ray tube:  

▪ target= Cu 

▪ voltage=40.0(KV) 

▪ Current= 30.0(mA) 

Slits: 

▪ Divergent slit=1.00000(deg) 

▪ Scatter slit=1.00000(deg) 

▪ Receiving slit=0.30000(mm) 

 

Scanning: 

▪ Device axis=Theta -2Theta  

▪ Scanning range=10.000-90.000 

▪ Scanning mood=continuous 

scan  

▪ Scan speed=4.0000(deg/min) 

▪ Sampling pitch=0.0200(deg)   

▪ Present time= 0.30(sec)

Morphological analysis: (Leng & Wiley, n.d.) (2008) described the morphology of the 

synthesized nanoparticle from each experimental combination will be analyzed using SEM to 

determine particle size, shape, and distribution. The scanning electron microscope (SEM)is the 

most widely used type of electron microscope.  

It examines microscopic structure by scanning the surface of materials, similar to scanning 

confocal microscopes but with much higher resolution. Thermal stability analysis: This 

analysis was conducted to determine the thermal stability of the nanoparticles using TGA to 

assess their weight loss behavior at elevated temperatures for each sample. Thermal analysis 

(TA) is a group of analytical techniques that measure properties or property changes of materials 

as a function of temperature. Changes in materials properties with temperature are considered 

as thermal events. Possible thermal events of a solid was reviewed by increasing its temperature 

from absolute zero (zero Kelvin). 
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3.1.5 Data analysis and optimization: 

Signal -to-Noise ratio (S/N): The S/N ratio was calculated for each experiment based on the 

desired response using Minitab software of Taguchi coupled coupled with Gray relational 

Analysis (GRA). Analysis of Variance (ANOVA): ANOVA was conducted to determine the 

significance of each factor and their interaction with their response. Optimal parameter settings: 

Identify the optimal level of each factor that maximize the S/N ratio and achieve the desired 

properties.  

3.1.6 Interpreting the result: 

After conducting the experiments and analyzing the data, the interpretation of the result was 

interpreted for better understanding the complex interplay of the process parameter and their 

impact on the properties of the synthesized alumina nanoparticles. The following breakdowns 

are the basic way to interpret the result. 

3.1.6.1 Characterization data: 

By analyzing the XRD data to determine the crystalline size and phase of the nanoparticles. 

Analyzing the SEM image to understand the particle size, shape and distributions. Analyzing 

the TGA data to assess the thermal stability of the nanoparticles basically mass loss of each 

sample.  

3.1.6.2 Analysis of variance (ANOVA) 

Significant factor: From ANOVA the factor that significantly influenced the desired response 

obtained and this highlighted the most important parameter to control for achieving the desired 

properties. Optimal level: This analysis provided a starting point for optimizing the synthesis 

process by properly determining the optimal levels of each factor that maximize the S/N ratio 

and achieve the desired properties. 

3.1.6.3 Signal-to-Noise ratio (S/N) 

A higher S/N ratio indicates that more robust process, but less susceptible to variations and the 

vice versa. Optimization: The optimal level of factors is those that maximize the S/N ratio 

indicating the most robust and efficient process settings.   
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CHAPTER FOUR 

RESULTS AND DISCUSSIONS 

4.1 Characterization results  

The synthesized alumina nanoparticle was characterized using X-ray diffractometer (XRD), 

Thermogravimetric analyzer (TGA), and Scanning electron microscopy (SEM). The 

characterization result provided a crucial bridge between material synthesis/processing and 

understanding its properties and performance. These results obtained using the characterization 

and its optimization revealed key aspects of material’s structure, composition, phase, the 

crystallite size, its thermal stability and other characteristics. Discussing these characterization 

findings is essential because it allowed us to validate the synthesis process, explain observed 

behaviors, ultimately their recommended application area.   

     

Figure 4.1 The synthesized samples  

4.1.1 X-ray diffractometer (XRD) Results and analysis  

X-ray diffraction (XRD), a powerful tool for analyzing crystalline structures, was used in this 

research to examine the synthesized alumina nanoparticles as shown in figure 4.1 above. This 

analysis provided crucial information about their phase composition, identified by comparing 

the XRD patterns to standard references, and their average crystalline size, estimated using the 

Scherrer equation based on peak broadening. Controlling these structural features (phase and 

size) is vital for optimizing alumina properties for specific uses.  
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Therefore, the XRD results were used to assess how effectively the synthesis method-controlled 

crystallite size and to correlate these structural details with the synthesis conditions. Comparing 

results across samples allowed for an evaluation of how different processing parameters 

influenced the final crystalline properties, demonstrating the level of control achieved. The 

findings or the XRD results presented and discussed below which provided a crucial 

information on a detailed structural characterization of the synthesized alumina nanoparticles 

and their relationship to the synthesis parameters. This study focused and analyzed the phase 

and the crystallite size of the synthesized nanoparticles using XRD.   

The XRD result gave an information about the phase of the synthesized nanoparticle and its 

crystalline size as per the desired property needed to investigate. Based on (Kaur et al., 2020) 

in reference to Joint Committee on Powder Diffraction Standards (JCPDS) stated the angles 

(2Ɵ) at which different peaks are formed. XRD patterns which exhibit broad peaks centered at 

36.9° (δ), 37.0o, 32.6°, 37.2°,45.7°,45.4°, 66.3°, 37.4°, 39.6°, 45.8°, 60.7°,61.0°   and 66.7° are 

indexed to both γ and δ alumina phases. Some peaks exhibited a mixture of two phases at 31.9° 

(γ/δ), 45.8° (γ/δ), and 66.9° (γ/δ), 39.7° (γ/δ), 45.7° (γ/δ), 59.7° (α/ θ), 61.1° (α/ θ), 60.7° (γ) 

and 67.0° (γ/δ).  Small peaks at 32.8°, 36.7°, 46.6°, 50.7°, 60.1° and 67.2° showed as the result 

of δ and θ phase of alumina. XRD peaks at 25.6°, 35.1°, 37.8°, 41.6°, 43.3°, 52.5°, 57.5°, 66.5° 

and 68.2° are forms due to the formation of α phase with small peaks appeared at 32.6°, 36.7°, 

38.9°, 54.3°, 64.0° and 67.3° corresponding to θ phase. 

Formation of different phase  

As (Kaunisto et al., 2023) studied, the alumina transformation highly depends on different 

process parameters like precursor materials and the heating rate. γ-Alumina develops at 

relatively low temperatures, typically between 300 and 500 °C, and remains stable below 700–

800 °C. As the temperature increases, it transitions into the δ and θ phases at approximately 

800–900 °C and 900–1100 °C, respectively, before finally converting into the stable α phase at 

around 1150 °C. 
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4.1.1.1 XRD result and analysis for sample 1  

In figure 4.2 the XRD pattern of sample 1 shows that it’s crystalline structure and the main three 

peaks appeared at 67.5o, 66.8 o, and 31.5o which indicated that the presence of both Ɵ and δ and 

the crystallite sizes are, 11.2nm, 12.5nm, and 38.2nm respectively which is calculated using 

Scherrer equation. With this the average crystallite size is 20.6nm as shown in Table 4.1. All 

the nine samples were synthesized based on the design of experiment and sample 1 was 

synthesized using Aluminum nitrate nonahydrate as a precursor material and calcinate at 

temperature of 800oC for about 3hours. Kept other (i.e. Concentration, solvent, stirring 

temperature, stirring time, stirring speed, pH level, pH level, drying temperature, and drying 

time) process parameters constant.  

Despite the fact that the X-ray diffraction (XRD) provides a wealth of information about a 

material’s structure and composition, including its crystal structure, phase, and properties like 

grain size or crystallite size and strain, this study only used the XRD result to analyze the 

crystallite size of the nanoparticle synthesized and its phase. The XRD provided an information 

about the phase of alumina nanoparticle under the first run of the experiment as Ɵ and δ 

basically due to these phases developed in the temperature range of 800oC-900oC. In this result 

impurities are observed that are formed during the process. These impurities expected to be 

formed due to the inefficacy of the synthesis process during the initial stage of the process at 

soliton formation. This is due to the purity of the distilled water itself, as result of its interaction 

with the environment. The other stage where impurity can be formed is, at the drying and 

calcination stage. During this stage of the process the sample could have been interacted with 

an element available in the oven (at the stage of drying) and furnace (at the stage of calcination) 

that are evaporated from the other sample. Some of them can also be inevitable byproduct of 

the process. The precursor materials also contributed for the impurity to exist, since it can be 

difficult to completely remove the nitrates during calcination and these ions can also decompose 

during calcination and leading to other contaminants. The processing equipment and 

environment also had an effect.  
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The basic strategies to minimize the impurities 

 The recommended strategies which are helpful to minimize the impurity and enhance the 

quality of the product are:  high purity precursor materials, control the atmosphere, select the 

reaction vessel and crucible made inert materials (like quartz, platinum). Additionally, optimize 

calcination, and properly wash after gelation. By carefully considering these potential sources 

of impurities, the purity alumina synthesized by sol-gel method can be significantly improved.     

 Kaunisto et al., (2023) and Northwest et al., n.d.( 2021)  studied that theta alumina (θ-Al₂O₃) 

is a metastable form of alumina with various applications, particularly in catalysis and as a 

catalyst support. Its high surface area and specific physical and chemical properties make it 

suitable for adsorbing and catalytic processes. Additionally, it can be used as a substrate for 

metal catalysts in hydrogenation reactions, biomedical application, abrasive, high temperature 

application. Delta alumina, a metastable transition phase of aluminum oxide (Al₂O₃), finds 

applications in various fields including catalysis, adsorption, and as a catalyst support due to its 

unique properties like high surface area and specific surface energy. It's also used in the 

preparation of materials for biomedical applications, as a component in high-energy-density 

sodium-sulfur batteries, water purification, medical delivery, and medical device. Besides, the 

crystallite size (D) of the synthesized powder calculated using Scherrer equation as shown in 

equation 4.1 below. 

 

𝐷 =
𝐾λ

𝛽𝐶𝑂𝑆Ɵ
               Eq. (4.1) (Fatimah et al., 2022) 

Where,  

• D is the crystallite size,  

• K is the shape factor (typically 0.89), 

• λ is the X-ray wavelength,  

• 𝛽 is the Full width half maximum (FWHM) of the peak, and 

• Ɵ is the Bragg angle. 
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Table 4.1 XRD results and crystallite size analysis of sample 1 

S.N 2Ɵ λ(nm) FWHM 

(𝛽) (rad) 

Phase   

𝐷 =
𝐾λ

𝛽𝐶𝑂𝑆Ɵ
 

(nm) 

Average  

Crystallite size   

(nm) 

1 67.5 0.138683 0.0133 Ɵ 11.2  

20.6 2 66.8 0.1400 0.0119 δ 12.5 

3 31.5 0.30328 0.0073 Ɵ 38.2 

 

Figure 4.2 XRD graph for sample 1 
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4.1.1.2 XRD result and analysis for sample 2  

As per figure 4.3 the XRD pattern of sample 2 shows that it’s crystalline structure and the main 

three peaks appeared at 67o, 45.9 o, and 37.6o which indicated that the presence a mixture of γ/δ 

and formation of α and the crystallite sizes are, 5nm, 5.65nm, and 8.9nm respectively which is 

calculated using Scherrer equation. With this the average crystallite size is 6.5nm as shown in 

table 5 Sample 2 was synthesized using Aluminum nitrate nonahydrate as a precursor material 

and calcinate at temperature of 1000oC for about 4hours. Kept other parameters (i.e. 

Concentration, solvent, stirring temperature, stirring time, stirring speed, pH level, pH level, 

drying temperature, and drying time) process parameters constant. In this XRD pattern, the 

phase obtained as a consequence of calcinating the powder at 1000oC for about 4hours are the 

mixture of γ/δ and the early formation of α alumina.  

A mixture of gamma (γ) and delta (δ) alumina, particularly from the transition alumina phases, 

is applied for their unique properties like high surface area, catalytic efficiency, and ability to 

support catalysts. These phases are especially important in catalysis, adsorption, and as 

precursors for ceramics as per the study done by (El-Sawaf et al., 2024). The basic application 

area for alpha alumina; abrasive, cutting tools and different machine parts, and refractory 

materials  
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Table 4.2 XRD results and crystallite size analysis of sample 2 

S.N 2Ɵ (deg) λ(nm) FWHM 

𝛽 (rad) 

Phase   

𝐷 =
𝐾λ

𝛽𝐶𝑂𝑆Ɵ
 

(nm) 

Average  

Particle  

Size (nm)  

1 67.0 0.139522 0.02975 γ/δ 5  

6.5 2 45.9 0.1974 0.0343 γ/δ 5.65 

3 37.6 0.239 0.0252 α 8.9 

 

 

Figure 4.3 XRD graph of sample 2 
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4.1.1.3 XRD result and analysis for sample 3 

In  Figure 4.4 the XRD pattern of sample 3 confirms its crystalline nature and the prominent 

peaks observed at 43.5, 35.2°, and 57.6° showed the presence   α phase taking the reference of 

the study done by (Kaur et al., 2020). The corresponding crystallite sizes, determined using the 

Scherrer equation, are 5 nm, 6 nm, and 6.4nm. The average crystallite size is approximately 5.8 

nm, as listed in the table. Sample 3 was synthesized using aluminum nitrate nonahydrate and 

was calcinated at 1200°C for 4 hours.  

All other process parameters, including concentration, solvent, stirring conditions, pH, drying 

temperature, and drying duration, were kept constant. As observed from the table 6 below, the 

crystallite size of the nanoparticle appeared to be uniform approximately and this is one of the 

privileges using the sol-gel method of synthesis. However, in this result impurities observed 

that are formed during the process. These impurities expected to be formed due to the inefficacy 

of the synthesis process during the initial stage of the process at solution formation.  

As Kumar et al., (2014) and Mgal & Growth, (2017) studied that Corundum, a mineral 

composed of crystalline aluminum oxide (α -Al₂O₃), is extremely hard second only to diamond 

on the Mohs scale at level 9. It’s the most stable phase of alumina and combination of toughness 

and thermal resilience makes it valuable in abrasives and other industrial settings. The basic 

application where alpha alumina is abrasive, cutting tools, bearing and other machine parts, 

refractory materials, and space application, hardening concert floors.   

 

Table 4.3 XRD results and crystallite size analysis of sample 3 

S.N 2Ɵ λ(nm) FWHM (𝛽)  

(rad) 

Phase   

𝐷 =
𝐾λ

𝛽𝐶𝑂𝑆Ɵ
 

 (nm) 

Average  

Crystallite  

Size (nm) 

1 43.5 0.208 0.0396 α 5    

         5.8 2 35.2 0.254 0.039 α 6 

3 57.6 0.1589 0.0442 α 6.4 
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Figure 4.4 XRD graph of sample 3 

 

4.1.1.4 XRD result and analysis for sample 4 

The XRD pattern shown for sample 4 illustrates in the Figure 4.5 below as it is crystalline 

structure, with major diffraction peaks located at 67.4°, 66.6°, and 65.3°as shown in Table 4.4, 

indicating a mixture of γ/δ phases and early formation of Ɵ. Crystallite sizes calculated using 

the Scherrer formula are 5 nm, 5.65 nm, and 8.9 nm, with an average of 6.5 nm as recorded in 

the table. This sample was prepared using aluminum sulfate and subjected to calcination at 

800°C for four 4 hours. All other synthesis parameters such as pH, concentration, solvent type, 

stirring details, and drying conditions remained unchanged.  
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A mixture of gamma (γ) and delta (δ) alumina, particularly from the transition alumina phases, 

is applied for their unique properties like high surface area, catalytic efficiency, and ability to 

support catalysts. These phases are especially important in catalysis, adsorption, and as 

precursors for ceramics. (Northwest et al., n.d.) and (El-Sawaf et al., 2024) theta alumina (θ-

Al₂O₃) is a metastable form of alumina with many applications, particularly in catalysis and as 

a support for catalysts. Its high surface area and specific physical and chemical features make 

it effective for both adsorption and catalytic processes. It is also used as a substrate in metal-

catalyzed hydrogenation reactions. 

Table 4.4 XRD results and crystallite size analysis of sample 4 

S.N. 2Ɵ λ(nm) FWHM(𝛽) Phase   

𝐷 =
𝐾λ

𝛽𝐶𝑂𝑆Ɵ
 (nm) 

Average Crystallite   

Size (nm) 

1 67.4 0.1388 0.0154 Ɵ 9.6  

8 2 66.6 0.1403 0.0203 γ/δ 7.4 

3 65.3 0.1428 0.1428 Ɵ 7.2 

 

 

Figure 4.5 XRD graph of sample 4 
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4.1.1.5 XRD result and analysis for sample 5 

According to the Figure 4.6 below, the XRD pattern of sample 5 displays a crystalline structure 

with three main peaks at 57.6°, 25.7°, and 67.4°. These peaks point to both phase Ɵ and α 

mixture and the formation of α phase. Using the Scherrer equation, the crystallite sizes are 

found to be 4.8 nm, 5.2 nm, and 10.6 nm, averaging around 6.6 nm, as detailed in table 8 below. 

Aluminum sulfate was used as the precursor, and the sample was calcinated at 1000°C for 6 

hours. All other process conditions, such as concentration, solvent, pH, and drying/stirring 

parameters, were kept constant.  

Howecer, an alpha phase also appeared in this sample and this could be due to the calcination 

time of 6 hours. Because, alpha alumina is expected when the Ɵ phase get transformed up on 

calcination by the temperature above 1150oC. Despite the fact that the crystallite size was 

expected to be approximately uniform, it showed that the alpha phase is half of the theta phase.  

As per the study done by the Northwest et al., n.d.(2021) and El-Sawaf et al., (2024) theta 

alumina (θ-Al₂O₃) is a metastable variant of alumina with numerous applications, particularly 

in the areas of catalysis and catalyst support.  

Its elevated surface area and distinctive physical and chemical traits make it well-suited for 

adsorption and catalytic processes. Additionally, it can be used as a substrate for metal catalysts 

in hydrogenation reactions.   

Kumar et al., (2014) and Mgal & Growth, (2017) studied that the crystalline aluminum oxide 

(α-Al₂O₃), is extremely hard, with a Mohs hardness rating of 9, placing it just below diamond. 

Being the most stable form of alumina, its toughness and ability to withstand high temperatures 

make it valuable in abrasive materials and numerous industrial applications. Common uses for 

alpha alumina include abrasives, cutting tools, bearings, machine parts, refractory materials, 

space applications, and in strengthening concrete floors. 
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Table 4.5 XRD results and crystallite size analysis of sample 5 

S.N 2Ɵ λ(nm) FWHM 

(𝛽) (nm) 

Phase   

𝐷 =
𝐾λ

𝛽𝐶𝑂𝑆Ɵ
 

(nm) 

Average  

Crystallite  

Size   (nm) 

1 57.6 0.1395 0.0295 α 4.8  

6.9                    2 25.7 0.1964 0.0343 α 5.2 

3 67.4 0.249 0.0252 Ɵ 10.6 

 

 

Figure 4.6 XRD graph of sample 5 
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4.1.1.6 XRD result and analysis for sample 6 

The XRD results in Figure 4.7 below show for sample 6 indicate a crystalline phase, with 

significant peaks appearing at 43.5°, 35.2°, and 57.6°, formation of α phases. The crystallite 

sizes calculated through the Scherrer equation are 6.7 nm, 5.3 nm, and 3.6 nm, averaging to 5.2 

nm as presented in the table. This sample was prepared using aluminum sulfate and underwent 

calcination at 1200°C for a period of 3 hours.  

Corundum, a mineral made up of crystalline aluminum oxide (α-Al₂O₃), is incredibly hard, 

ranking second only to diamond on the Mohs hardness scale with a rating of 9. Typical uses of 

alpha alumina include abrasives, cutting tools, bearings, machine components, refractory 

materials, and space-related applications, as well as in hardening concrete floors based on the 

study of Kumar et al., (2014) and Mgal & Growth, (2017). 

 

Table 4.6 XRD results and crystallite size analysis of sample 6 

S.N 2Ɵ λ(nm) FWHM 

(𝛽) 

(rad) 

Phase   

𝐷 =
𝐾λ

𝛽𝐶𝑂𝑆Ɵ
 

 

Average  

Crystallite size  

Size (nm) 

1 43.5 0.290 0.040 α 6.7  

      5.2 2 35.2 0.255 0.044 α 5.3 

3 57.6 0.16 0.048 α 3.6 
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Figure 4.7 XRD graph of sample 6 

 

4.1.1.7 XRD result and analysis for sample 7 

As depicted in the Figure 4.8 XRD pattern for sample 7 revealed a crystalline form with 

dominant peaks at 29.4°, 45.9°, and 37.6°. These suggest the presence of γ/δ phases and α phase 

development. Crystallite sizes, determined by the Scherrer equation, are 21nm, 11.2nm, and 

47.7 nm, giving an average of 26.5nm, as shown in the corresponding table. The sample was 

synthesized using aluminum chloride and calcinated at 800°C for four 6hours. The rest of the 

synthesis parameters were kept consistent, including pH, concentration, stirring conditions, and 

drying parameters.  
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As per Kaunisto et al. (2023), the transformation of alumina is highly affected by the process 

setup, particularly the choice of starting materials and how quickly the temperature rises. The γ 

phase of alumina forms between 300 and 500 °C, remaining intact under 700–800 °C. At higher 

temperatures, it transitions into δ and θ phases around 800–900 °C and 900–1100 °C, 

respectively, with final conversion into α-alumina happening close to 1150 °C.  so, in this study 

the phase of the alumina nanoparticle existed in sample 7 is theta (Ɵ) which was calcinate at 

temperature of 800oC despite it was expected to be δ phase. This could be due to the effect of 

other process parameter like the precursor material which is significant factor as it’s showed in 

the optimization section. Besides, 

Theta alumina (θ-Al₂O₃) is a metastable form of alumina with a variety of uses, especially in 

catalysis and as a catalyst support. Its high surface area and distinct physical and chemical 

properties make it ideal for adsorption and catalytic processes. It is also employed as a support 

for metal catalysts in hydrogenation reactions, biomedical (as corrosion resistance and 

biocompatibility),high temperature application, abrasive refractory ,materials based on the 

study of both (Northwest et al., n.d.) and (El-Sawaf et al., 2024). 

Table 4.7 XRD results and crystallite size analysis of sample 7 

S.N 2Ɵ λ(nm) FWHM 

(𝛽) (nm) 

Phase   

𝐷 =
𝐾λ

𝛽𝐶𝑂𝑆Ɵ
 

(nm) 

Average  

Crystallite   

Size (nm) 

1 29.4 0.3028 0.0133 Ɵ 21       26.5 

2 67.6 0.1387 0.0119 Ɵ 11.2 

3 20.2 0.382 0.0073 Ɵ 47.5 
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Figure 4.8 XRD graph of sample 7 

4.1.1.8 XRD result and analysis for sample 8 

Figure 4.9 shows that the XRD pattern for sample 8 demonstrated its crystalline character 

marked by key peaks at 67°, 45.9°, and 37.6°, which denote the coexistence of γ/δ and the 

appearance of α phase. Based on the Scherrer equation, the respective crystallite sizes are 9.6 

nm, 6.2 nm, and 10 nm, with an overall average of 8.6nm, as illustrated in the Table 4.8. This 

sample was derived from aluminum chloride and underwent a calcination process at 1000°C 

for around 3 hours. All other parameters, including concentration, pH, solvent, and 

drying/stirring conditions, were held constant.  

The phase observed in the XRD result of sample 8 are, a mixture of δ /Ɵ, Ɵ, and formation of 

α-phase at a calcination temperature of 1000oC. At this particular temperature Ɵ-phase is 

expected and the mixture of δ /Ɵ is also expected due to some of the delta phase can be left 

untransformed to theta due to the efficiency of the furnace, the precursor material and so on.  
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As Northwest et al., n.d.)and El-Sawaf et al., (2024) studied that the theta alumina (θ-Al₂O₃) is 

a metastable form of alumina with various applications, particularly in catalysis and as a 

catalyst support. Its high surface area and specific physical and chemical properties make it 

suitable for adsorbing and catalytic processes. Additionally, it can be used as a substrate for 

metal catalysts in hydrogenation reactions.  

Delta alumina, a metastable transition phase of aluminum oxide (Al₂O₃), finds applications in 

various fields including catalysis, adsorption, and as a catalyst support due to its unique 

properties like high surface area and specific surface energy. It's also used in the preparation of 

materials for biomedical applications and as a component in high-energy-density sodium-sulfur 

batteries. A mixture of theta and delta alumina is commonly used as a catalyst or catalyst 

support due to their high surface area and specific properties based on the study done by  

Kaunisto et al., (2023) and Northwest et al., n.d.) . 

As per the research by Kumar et al., (2014) and Mgal & Growth, (2017). crystalline aluminum 

oxide (α-Al₂O₃) and is known for its exceptional hardness, second only to diamond on the Mohs 

scale with a rating of 9. As the most stable phase of alumina, its strength and thermal durability 

make it ideal for abrasive products and a variety of industrial uses. Alpha alumina is typically 

used in abrasives, cutting tools, bearings, machinery components, refractory materials, space-

related technologies, and for hardening concrete floors. 

Table 4.8 XRD results and crystallite size analysis of sample 8 

S.N 2Ɵ λ(nm) FWHM 

(𝛽) 

Phase   

𝐷 =
𝐾λ

𝛽𝐶𝑂𝑆Ɵ
 

(nm) 

Average  

Crystallite   

Size (nm) 

1 67.2 0.1389 0.0154 δ /Ɵ 9.6 8.6 

2 70.8 0.124 0.00243 α 6.2 

3 20.6 0.246 0.022 Ɵ 10 
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Figure 4.9 XRD graph of sample 8 

4.1.1.9 XRD result and analysis for sample 9 

In the Figure 4.10 the XRD pattern of sample 9 indicated a crystalline structure with three 

significant peaks at 43.4°, 35.2°, and 57.6°, suggesting a mix of γ/δ phases and the emergence 

of α phase. Scherrer equation calculations show crystallite sizes of 8.8nm, 6.7nm, and 4nm, 

with an average size of 6.5nm listed in the table. Aluminum chloride was used as the precursor, 

and calcination was carried out at 1200°C for 4 hours. All other processing factors like pH level, 

solvent, stirring, concentration, and drying settings remained unchanged.  

As the per  the study done by Kumar et al., (2014) and Mgal & Growth, (2017) Corundum is a 

crystal structure of aluminum oxide (Al₂O₃). It’s the most stable form of alumina and ranks just 

below diamond on the Mohs hardness scale with a score of 9. Thanks to its exceptional hardness 

and heat resistance, it's widely used in industrial and abrasive tools. The application area is 

abrasive, cutting tool, bearing and other machined parts, refractory materials, optics and space 

application, optical components, artificial bones and hardening concert floors.   
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Table 4.9 XRD results and crystallite size analysis of sample 9 

S.N 2Ɵ λ(nm) FWHM (𝛽) 

(rad) 

Phase   

𝐷 =
𝐾λ

𝛽𝐶𝑂𝑆Ɵ
 

(nm) 

Average  

Crystallite   

Size (nm)  

1 43.4 0.288 0.040 α 8.8         6.5 

2 35.2 0.266 0.044 α 6.7 

3 57.6 0.188 0.048 α 4 
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Figure 4.10 XRD graph of sample 9 
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4.1.2 Thermogravimetric result and analysis  

The sol-gel synthesis method often results in alumina nanoparticles with residual organic 

components and adsorbed water. To determine the purity and thermal stability characterization 

was conducted. Thermogravimetric analysis (TGA) was performed to assess the thermal 

stability of the synthesized alumina nanoparticles. However, the focus of the study is to analyze 

the weight loss of each sample and optimized at which parameter combination would give the 

minimum weight loss. This thermal analysis required due to the fact that alumina is a ceramic 

material that has a very good at its thermal stability. The result of this TGA analysis presented 

and discussed below which provided insights into the thermal behavior of the synthesized 

nanoparticles.  

 

Figure 4.11 classification of thermogravimetric curve Leng and Wiley (n.d., 2008) 

Interpretation of thermogravimetric curve curves  

According to Leng and Wiley (n.d., 2008), the curves can be categorized into seven types, as 

illustrated in Figure 4.11 above. Type (i) shows a nearly flat line, suggesting no decomposition 

or loss of volatile substances across the temperature range. Type (ii) displays a sharp initial 

mass loss, often due to drying or desorption processes. Type (iii) features a single-stage 

decomposition, which is common and helps identify the material's thermal stability limit. Type 

(iv) represents a multi-stage decomposition with stable intermediate compounds. Type (v) also 

involves multi-stage decomposition but without stable intermediates and may result from higher 

heating rates compared to type (iv). Type (vi) indicates a chemical reaction involving mass gain. 

Lastly, type (vii), which is uncommon, shows an initial mass gain followed by a mass loss at 

higher temperatures. 
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4.1.2.1 Thermogravimetric analysis (TGA) of sample 1 

Interpretation of thermogravimetric analysis (TGA) graph is vital for understanding the thermal 

stability and behavior of material as it heated. A TGA measures the change in mass of a sample 

as a function of temperature under controlled atmosphere.  

Understanding the TGA graph components: X-axis represents the temperature as it is more 

informative for understanding materials properties. Y- axis represents the mass of the sample 

which indicated that the actual mass being lost. TGA curve is the primary curve on the on the 

graph and displayed the mass loss (or gain) as the temperature changes.  It generally slopped 

downwards because materials usually lose mass as they decompose or release volatile 

components.  

Steps for interpreting a TGA graph.  

Identification number of decomposition stage: The distinct steps or drops in the TGA curve 

shown in Figure 4.12 typically represents the loss of a specific component of particular 

decomposition process. As shown in the graph below, the it showed a sharp initial mass loss 

after a short constant beginning due to drying and/or desorption process. The TGA graph of 

sample 1 most likely related to the single step decomposition process. It began with horizontal 

and drop down then flattened again.     

Determination of temperature range of each stage: For each stage the onset temperature (the 

temperature at which the mass loss begins) and the offset temperature (the temperature at which 

the mass loss ends) was identified. From the temperature range of 0-50oC (zero slop) the graph 

was constant then from 50oC- 465oC it dropped down (negative slop), finally it flattened again 

(zero slop) starting from 465oC -800oC and becoming stable with certain fluctuation.  

Calculation of the percentage mass loss: The total percentage of mass loss was calculated   

using the mass/weight loss and the initial sample mass used. This provided useful information 

how much of the sample by weight or mass lost in that particular decomposition step. The 

percentage of mass loss can be calculated in every stages though as per the interest of this study 

only the total mass lose percentage was calculated. The total mass loses found to be 5.70% at 

which the temperature was limited up to 800oC. The smaller the mass lose shows the ability the 

ceramic material to resist the particular temperature due to their good response to heat.  
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Above 800oC oxidation decomposition expected to happened where the metal oxide started to 

decompose. 

% 𝑚𝑎𝑠𝑠 𝑙𝑜𝑠𝑠 =
𝑎𝑐𝑡𝑢𝑎𝑙 𝑚𝑎𝑠𝑠 𝑙𝑜𝑠𝑠

𝑖𝑛𝑖𝑡𝑖𝑎𝑙 𝑚𝑎𝑠𝑠 
      Eq.4.2  

% 𝑚𝑎𝑠𝑠 𝑙𝑜𝑠𝑒 =
0.92

16.2
= 5.70% 

Possible decomposition events and temperature ranges identification: As per the study done 

by Yang et al., (2021) and Bawa et al., (2017) aluminum salt precursors undergoes  

decomposition  at different temperature up to 1200oC. The possible decomposition events and 

their temperature range are mentioned. Below 200oC water loss happened. Different hydrates 

lost water at distinct temperatures. At the temperature range of 200oC-600oC organic 

decomposition happened. Residual solvents that were used in synthesis process. Above 400oC 

inorganic decomposition happened like sulfate, chlorite, and nitrate decomposition. At the 

temperature above 800oC oxidation decomposition happened and some metal oxides 

decomposed at a very high temperature.  
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Figure 4.12 TGA graph for sample 1 
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4.1.2.2 Thermogravimetric analysis (TGA) for Sample 2 

Identifying decomposition stages: The individual drops or steps in the TGA curve shown in 

Figure 4.13 below signified the loss of a particular component during a specific decomposition 

phase. Aa shown in Figure 4.13, the graph indicated that exhibited the first stage decomposition. 

First it has got a short constant move up to a temperature of 37oC and then experienced a very 

rapid mass loss as it showed in the graph with negative slope up to a temperature of 482oC. 

Later, from temperature 482oC-679oC started to get flatten with some fluctuation. Finally, after 

the temperature 679oC the graph became smoothly horizontal and showed very stable.  

Identification of temperature ranges for each stage: For each phase, the onset temperature 

(where mass loss starts) and the offset temperature (where mass loss ends) were determined. 

These are the temperatures at which the curve begins to deviate from a plateau and then flattens 

again. The temperature range for each stage has been discussed above. The first stage with zero 

slope stayed up to only temperature level of 37oC. The second stage characterized by its 

negative slope and possessed in the temperature range of 37oC-482oC. And, the final stage has 

got a temperature range of 482oC-800oC 

Calculation of the mass lose at each stage: The percentage of weight reduction at each 

decomposition step was found by dividing the mass lost by the initial sample mass, indicating 

the proportion lost during that specific stage. The mass loss percentage can be determined at 

each stage; however, for the purpose of this study, only the total mass loss percentage was 

considered. The total mass loss was calculated to be 5.70% when the temperature reached a 

maximum of 800°C. A smaller mass loss indicates the ceramic material’s capacity to withstand 

the given temperature due to its strong heat resistance. Beyond 800°C, oxidation decomposition 

is anticipated, where metal oxides begin to break down. 

% 𝑚𝑎𝑠𝑠 𝑙𝑜𝑠𝑠 =
𝑎𝑐𝑡𝑢𝑎𝑙 𝑚𝑎𝑠𝑠 𝑙𝑜𝑠𝑠

𝑖𝑛𝑖𝑡𝑖𝑎𝑙 𝑚𝑎𝑠𝑠 
    Eq.4.2 

% 𝑚𝑎𝑠𝑠 𝑙𝑜𝑠𝑒 =
0.86

14.33
= 6% 

Identification of decomposition event: The study by Yang et al. (2021) and Bawa et al. (2017) 

identifies various decomposition events of aluminum salt precursors at temperatures up to 
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1200°C. These events are categorized within specific temperature ranges. Below 200°C, water 

loss occurs. Between 200°C and 600°C, organic decomposition takes place, including the 

removal of residual solvents used during synthesis. Above 400°C, inorganic decomposition 

such as sulfate, chloride, and nitrate breakdown occurs. Finally, at temperatures above 800°C, 

oxidation decomposition happens, causing certain metal oxides to decompose at very high 

temperatures. 
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Figure 4.13 TGA graph for sample 2 

4.1.2.3 Thermogravimetric analysis (TGA) for Sample 3 

Identification of decomposition phases: The clear drops or stages on the TGA curve typically 

indicate the removal of a specific component during a distinct decomposition process. The TGA 

graph shown in Figure 4.14 provided an information that the material experienced the single 

stage decomposition process. First, it started with a zero slope and then rapidly dropped the 

mass for a wide range of temperature. Finally, it started to be flattened for the rest of the 

temperature.  

 Determining the temperature range for each phase: For each stage, the temperature at 

which mass loss begins (onset) and ends (offset) was identified. These points correspond to 

when the curve deviates from a flat region and returns to it.  
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The first phase with zero slope happened up to a temperature of 36oC and then started to drop 

(negative slope) from 36oC -518oC. Finally, the temperature range at which the graph came to 

stability is beyond 518oC up to 800oC.  

Calculation of the mass lose at each stage: To determine how much material was lost by 

weight during each decomposition phase, the total percentage mass loss was calculated using 

the measured weight reduction and the starting sample mass. Although mass loss can be 

calculated at each stage, this study focused only on the total percentage of mass loss. The total 

mass loss was found to be 5.70% when the temperature was capped at 800°C. A lower mass 

loss suggests the ceramic material's ability to resist high temperatures due to its excellent 

thermal stability. Above 800°C, oxidation decomposition is expected, leading to the breakdown 

of metal oxides. 

% 𝑚𝑎𝑠𝑠 𝑙𝑜𝑠𝑠 =
𝑎𝑐𝑡𝑢𝑎𝑙 𝑚𝑎𝑠𝑠 𝑙𝑜𝑠𝑠

𝑖𝑛𝑖𝑡𝑖𝑎𝑙 𝑚𝑎𝑠𝑠 
     Eq.4.2 

% 𝑚𝑎𝑠𝑠 𝑙𝑜𝑠𝑒 =
0.84

15.60
= 5.40% 

 

According to research by Yang et al. (2021) and Bawa et al. (2017), aluminum salt precursors 

undergo decomposition at various temperatures, with a range extending up to 1200°C. The 

decomposition events are associated with specific temperature ranges. Below 200°C, water is 

lost from both loosely bound surface water and chemically bound water within hydrates. 

Different hydrates lose water at distinct temperatures. Between 200°C and 600°C, organic 

materials decompose, including the evaporation of residual solvents from the synthesis process. 

Above 400°C, inorganic components such as sulfates, chlorides, and nitrates decompose. At 

temperatures exceeding 800°C, oxidation decomposition occurs, and certain metal oxides break 

down at very high temperatures. 
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Figure 4.14 TGA graph for sample 3 

4.1.2.4Thermogravimetric analysis (TGA) for Sample 4 

Identification of decomposition stages: The various steps or declines observed in the TGA 

curve generally correspond to the loss of a particular component during each decomposition 

step. As shown in the TGA graph of Figure 4.15, it resembled most likely to multi stage 

decomposition stage based on the reference of Figure 4.15 above. In its first phase, it was 

horizontal and then rapidly drop down with negative slope. Later, it dropped suddenly vertically 

down then flattened for some range of temperature. Finally, it then started to gain a mass till it 

became flattened.  
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Temperature range identification for each stage: The temperature at which mass loss begins 

(onset) and ends (offset) was specified for each stage. These are the temperatures at which the 

curve moves away from a plateau and later returns to it. The temperature ranges the multi stage 

decomposition happened is, the first flattened stage happened up to 45oC then started to drop 

rapidly from 45oC-480oC. For the range between 480oC-679oC, it became horizontal again with 

some instability. At 680oC, the graph dropped down vertically then from 720oC it started 

gaining mass till it became to flatten around 770oC. 

Calculation of the mass lose at each stage: The percentage mass loss for each stage can be 

calculated from the weight lost relative to the initial sample mass, showing the fraction 

decomposed in that step. While the mass loss percentage can be evaluated at each stage, this 

study only calculated the total mass loss. The total mass loss was determined to be 5.70% at a 

temperature limit of 800°C. A lower mass loss indicates the ceramic material’s ability to resist 

temperature changes, reflecting its good heat resistance. Exceeding 800°C, oxidation 

decomposition is likely to occur, where metal oxides begin to decompose. 

 

% 𝑚𝑎𝑠𝑠 𝑙𝑜𝑠𝑠 =
𝑎𝑐𝑡𝑢𝑎𝑙 𝑚𝑎𝑠𝑠 𝑙𝑜𝑠𝑠

𝑖𝑛𝑖𝑡𝑖𝑎𝑙 𝑚𝑎𝑠𝑠 
    Eq.4.2  

% 𝑚𝑎𝑠𝑠 𝑙𝑜𝑠𝑒 =
0.836

17.72
= 4.90% 

As outlined in studies by Yang et al. (2021) and Bawa et al. (2017), aluminum salt precursors 

experience decomposition at various temperature points, reaching up to 1200°C. The 

decomposition events occur within specific temperature ranges. Below 200°C, water loss takes 

place, including both loosely bound water on the surface and the hydration water chemically 

integrated within the crystal structure. Different hydrates release water at different 

temperatures. From 200°C to 600°C, organic decomposition happens, involving the release of 

solvents from the synthesis process. Inorganic decomposition, including the breakdown of 

sulfates, chlorides, and nitrates, occurs above 400°C. Finally, above 800°C, oxidation leads to 

the decomposition of certain metal oxides at extremely high temperatures. 



64 
 

0 200 400 600 800

−1.0

−0.8

−0.6

−0.4

−0.2

0.0
w

e
ig

h
t 

lo
s
s
 (

m
g
) 

T(oC)

Weight loss=0.836mg

Sample weight=17.72mg

Weight loss percentage=4.90%

TGA

−1.0

−0.8

−0.6

−0.4

−0.2

0.0

 

Figure 4.15 TGA graph for sample 4 

4.1.2.5 Thermogravimetric analysis (TGA) for Sample 5 

Identification of stages of decomposition: The noticeable drops or steps in the TGA curve 

usually represent the loss of a specific component in a particular decomposition event. The TGA 

graph displayed that a very sharp initial mass loses with some instability, often due to drying 

and/or decomposition process and then tried to be flattened by gaining some mass for some 

temperature ranges.   

Identifying the temperature range for each stage: The onset temperature (the point where 

mass loss begins) and the offset temperature (the point where mass loss ends) were recognized 

for each stage.  
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These temperatures mark the points where the curve shifts away from and then returns to a 

plateau. The material experienced an initial rapid mass loss as shown in the TGA graph below 

up to the temperature of 249oC. Then later, the graph stared to be horizontal with some 

fluctuation till it became horizontal. During this temperature interval of 250oC-800, it gained a 

mass then got stable before the temperature reached 800oC. The mass gained after a certain loss 

is due to the impurities and reaction happened in different stage of the process.  

Calculation of the mass lose ate each stage. We determined the proportion of mass lost at 

every decomposition stage by calculating the percentage change based on the initial sample 

weight and the measured weight decrease. In this study, only the total mass loss percentage was 

calculated, though it can be determined at each stage. The total mass loss was recorded as 5.70% 

when the temperature reached 800°C. A smaller mass loss indicates that the ceramic material 

has a high resistance to heat. When the temperature exceeds 800°C, oxidation decomposition is 

expected, causing the metal oxides to break down. 

% 𝑚𝑎𝑠𝑠 𝑙𝑜𝑠𝑠 =
𝑎𝑐𝑡𝑢𝑎𝑙 𝑚𝑎𝑠𝑠 𝑙𝑜𝑠𝑠

𝑖𝑛𝑖𝑡𝑖𝑎𝑙 𝑚𝑎𝑠𝑠 
        Eq.4.2 

% 𝑚𝑎𝑠𝑠 𝑙𝑜𝑠𝑒 =
0.43

7.2
= 5.97% 

The research by Yang et al. (2021) and Bawa et al. (2017) reveals that aluminum salt precursors 

decompose at varying temperatures, with the process extending to temperatures as high as 

1200°C. These decomposition events occur within different temperature ranges. Below 200°C, 

water is lost, which includes both loosely bound surface water and chemically bound water in 

the form of hydrates. Various hydrates lose water at different temperatures. Between 200°C and 

600°C, organic decomposition occurs, releasing residual solvents from the synthesis. At 

temperatures above 400°C, inorganic decomposition happens, such as the breakdown of 

sulfates, chlorides, and nitrates. Lastly, oxidation decomposition happens above 800°C, leading 

to the decomposition of some metal oxides at very high temperatures. 
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Figure 4.16 TAG graph for sample 5 

4.1.2.6 Thermogravimetric analysis (TGA) for Sample 6 

Decomposition stage identification: The distinct reductions or changes in the TGA curve in 

Figure 4.17 typically correspond to the loss of specific components during each stage of the 

decomposition process. The TGA graph in Figure 4.17 indicated that the material underwent a 

single-step decomposition. Initially, the mass remained stable with no change, followed by a 

sharp decline across a broad temperature range. Eventually, the curve leveled off, showing little 

to no further mass loss. 

Defining the temperature range for each stage: The temperature at which mass loss begins 

(onset) and concludes (offset) was identified for every stage. These temperatures represent the 

points where the curve departs from and later returns to a plateau.  
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These points represented when the curve moved away from a flat region and later returns to it, 

as it’s a first stage decomposition process. The first phase with no slope lasted until 54°C, after 

which the mass began to decrease (negative slope) from 54°C to 500°C. Finally, the graph 

stabilized at temperatures beyond 500°C, reaching up to 800°C. 

Calculation of the mass lose at each stage: Understanding the sample fraction lost per 

decomposition step involved calculating the percentage mass loss, which relied on the weight 

change data and the original sample mass. The percentage of mass loss can be calculated at 

each stage; however, this study only focused on the overall mass loss. The total mass loss was 

found to be 5.70% at a temperature limit of 800°C. A smaller mass loss indicates the ceramic 

material’s ability to endure high temperatures, thanks to its strong thermal properties. Beyond 

800°C, oxidation decomposition is expected, where metal oxides decompose. 

% 𝑚𝑎𝑠𝑠 𝑙𝑜𝑠𝑠 =
𝑎𝑐𝑡𝑢𝑎𝑙 𝑚𝑎𝑠𝑠 𝑙𝑜𝑠𝑠

𝑖𝑛𝑖𝑡𝑖𝑎𝑙 𝑚𝑎𝑠𝑠 
     Eq.4.2 

% 𝑚𝑎𝑠𝑠 𝑙𝑜𝑠𝑒 =
0.91

18.2
= 5.0% 

According to Yang et al. (2021) and Bawa et al. (2017), aluminum salt precursors undergo 

decomposition at various temperatures up to 1200°C. The decomposition events are categorized 

based on specific temperature ranges. Water loss occurs below 200°C, involving both loosely 

bound water on the surface and chemically bound water within hydrates. Different hydrates 

release water at specific temperatures. Between 200°C and 600°C, organic decomposition 

occurs, including the loss of solvents used in the synthesis. Above 400°C, inorganic 

decomposition takes place, such as the breakdown of sulfates, chlorites, and nitrates. At 

temperatures over 800°C, oxidation decomposition occurs, resulting in the breakdown of 

certain metal oxides at high temperatures. 
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Figure 4.17 TGA graph for sample 6 

4.1.2.7 Thermogravimetric analysis (TGA) for Sample 7 

Identification the TGA graph components: The X-axis shows temperature, offering valuable 

insights into material properties. The Y-axis represents the sample’s mass, indicating how much 

mass is being lost. The TGA curve, the main curve on the graph, illustrates how the mass 

changes with temperature. It usually slopes downward because materials typically lose mass 

when they decompose or release volatile components. 

Recognizing the decomposition phases: The distinct steps or declines in the TGA curve shown 

in Figure 4.18 often indicate the loss of individual components during different stages of 

decomposition.  
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The TGA graph showed a rapid initial mass loss with some fluctuations, likely caused by drying 

and/or decomposition, followed by a period where the mass began to stabilize and even increase 

over certain temperature ranges. 

The temperature intervals for each stage: For each phase, the temperature at which the mass 

loss starts (onset) and ends (offset) was noted. These temperatures indicate where the curve 

deviates from a plateau and eventually flattens again. As the TGA graph indicated that the graph 

rapidly dropped down and then started to be stable with all its all instability. The material rapidly 

lost its mass up to 300oC and then from the temperature range of 300oC-800oC the material 

struggled to be stable and during this moment its graph showed that it gained a mass.  

Calculation of mass lose at each stage: For every distinct decomposition step, the mass loss 

was expressed as a percentage, computed by comparing the weight reduction to the starting 

mass of the sample. Although the mass loss percentage can be determined at each stage, this 

study only calculated the total percentage of mass loss. The total mass loss was 5.70% when 

the temperature was limited to 800°C. A lower mass loss indicates the ceramic material’s ability 

to withstand heat due to its excellent heat tolerance. Above 800°C, oxidation decomposition is 

anticipated, leading to the decomposition of metal oxides. 

% 𝑚𝑎𝑠𝑠 𝑙𝑜𝑠𝑠 =
𝑎𝑐𝑡𝑢𝑎𝑙 𝑚𝑎𝑠𝑠 𝑙𝑜𝑠𝑠

𝑖𝑛𝑖𝑡𝑖𝑎𝑙 𝑚𝑎𝑠𝑠 
    Eq.4.2 

% 𝑚𝑎𝑠𝑠 𝑙𝑜𝑠𝑒 =
0.43

7.2
= 6.53% 

 

In their studies, Yang et al. (2021) and Bawa et al. (2017) found that aluminum salt precursors 

decompose at different temperatures, with a range extending up to 1200°C. The decomposition 

events occur within various temperature ranges. Below 200°C, water loss takes place, including 

both loosely bound water on the surface and chemically bound hydration water in hydrates. 

Various hydrates lose water at distinct temperatures. Between 200°C and 600°C, organic 

materials decompose, including the evaporation of residual solvents. Inorganic decomposition, 

such as the breakdown of sulfates, chlorites, and nitrates, occurs above 400°C. At temperatures 

over 800°C, oxidation leads to the decomposition of some metal oxides. 
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Figure 4.18 TGA graph for sample 7 

4.1.2.8 Thermogravimetric analysis (TGA) for Sample 8 

Decomposition stage identification: The clear steps or drops in the TGA curve of Figure 4.19 

typically reflect the loss of a specific substance during a particular decomposition phase. The 

TGA graph revealed a steep initial mass reduction, accompanied by some instability, which is 

typically attributed to drying and/or decomposition, before the curve flattened out as the 

material gained mass in certain temperature intervals based on the reference taken in Figure 

4.19 above. 
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Temperature range determination for each stage: The onset temperature (where mass loss 

initiates) and the offset temperature (where mass loss concludes) were determined for each 

stage. These temperatures represent when the curve moves away from and then returns to a 

plateau. The TGA graph showed a steep initial drop, followed by an attempt at stability, though 

with some fluctuations. The material experienced a rapid mass loss up to 400°C, and between 

400°C and 800°C, it struggled to stabilize, during which the graph indicated a mass gain. 

Calculation of the weight loss at each stage: the calculation for percentage mass loss per stage 

utilized the measured mass decrease and the initial sample mass, yielding data on the extent of 

degradation in each specific step. Mass loss percentage can be determined at every stage; 

however, in this study, the focus was on calculating only the total mass loss percentage. The 

total mass loss was 5.70% when the temperature was kept at 800°C. A smaller mass loss shows 

that the ceramic material can resist higher temperatures due to its efficient heat resistance. 

Above 800°C, oxidation decomposition is expected, causing metal oxides to break down. 

% 𝑚𝑎𝑠𝑠 𝑙𝑜𝑠𝑠 =
𝑎𝑐𝑡𝑢𝑎𝑙 𝑚𝑎𝑠𝑠 𝑙𝑜𝑠𝑠

𝑖𝑛𝑖𝑡𝑖𝑎𝑙 𝑚𝑎𝑠𝑠 
   Eq.4.2 

% 𝑚𝑎𝑠𝑠 𝑙𝑜𝑠𝑒 =
0.43

7.3
= 5.89% 

 

As demonstrated in the research of Yang et al. (2021) and Bawa et al. (2017), aluminum salt 

precursors undergo a series of decomposition events at temperatures up to 1200°C. These events 

occur within defined temperature ranges. Water loss is observed below 200°C, including both 

loosely bound water on the surface and hydration water within the crystal structure of hydrates. 

Different hydrates release water at different temperatures. Between 200°C and 600°C, organic 

decomposition occurs, involving the removal of residual solvents. Inorganic decomposition of 

substances like sulfates, chlorites, and nitrates takes place above 400°C. Finally, oxidation 

decomposition occurs above 800°C, causing metal oxides to break down at extremely high 

temperatures. 
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Figure 4.19 TGA graph for sample 8 

 

4.1.2.9 Thermogravimetric analysis (TGA) for Sample 9 

Identification of distinct decomposition stages: The changes or drops in the TGA curve of 

Figure 4.20 generally correspond to the loss of a specific component during the respective 

decomposition process. According to the TGA graph, the material showed a one-stage 

decomposition behavior. At first, there was no change in mass, but then a significant drop 

occurred over a wide temperature span. After this, the mass loss stabilized and the graph became 

nearly flat. 
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Determining the onset and offset temperatures for each phase: For every stage, the onset 

temperature (where mass loss begins) and offset temperature (where mass loss stops) were 

identified. These points correspond to where the curve deviates from and flattens out from a 

plateau. The initial phase with no slope occurred until 51°C, after which the mass began to 

decrease (negative slope) between 51°C and 506°C. The graph then stabilized at temperatures 

above 506°C, continuing up to 800°C. 

Calculation of the mass lose at each stage: The amount of mass lost in each step was 

calculated as a percentage of the starting sample weight, based on how much weight was 

actually lost. While mass loss can be measured at each stage, only the total mass loss percentage 

was calculated for this study. The total mass loss was 5.70% when the temperature was capped 

at 800°C. A lower mass loss indicates that the ceramic material is better able to resist heat, 

thanks to its good thermal properties. Exceeding 800°C, oxidation decomposition is expected, 

where metal oxides begin to decompose. 

% 𝑚𝑎𝑠𝑠 𝑙𝑜𝑠𝑠 =
𝑎𝑐𝑡𝑢𝑎𝑙 𝑚𝑎𝑠𝑠 𝑙𝑜𝑠𝑠

𝑖𝑛𝑖𝑡𝑖𝑎𝑙 𝑚𝑎𝑠𝑠 
    Eq.4.2  

% 𝑚𝑎𝑠𝑠 𝑙𝑜𝑠𝑒 =
0.89

16.8
= 5.30% 

 

Research by Yang et al. (2021) and Bawa et al. (2017) shows that aluminum salt precursors 

decompose at varying temperatures, with a range reaching up to 1200°C. The decomposition 

events are associated with different temperature ranges. Below 200°C, water is lost, including 

both loosely bound surface water and chemically bound water in the hydrate structure. Various 

hydrates lose water at different temperatures. Between 200°C and 600°C, organic 

decomposition happens, releasing residual solvents from the synthesis. Above 400°C, inorganic 

decomposition occurs, breaking down sulfates, chlorites, and nitrates. Lastly, above 800°C, 

oxidation decomposition happens, with some metal oxides decomposing at very high 

temperatures. 
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Figure 4.20 TGA graph for sample 9 

In conclusion, the x-ray diffraction analysis revealed distinct structural characteristics among 

the nine alumina nanoparticle samples as shown in the summary Table 4.10 below. While all 

samples exhibited diffraction patterns indicative of different phase of alumina (i.e. alpha, theta, 

delta, gamma, and others), significant variation was observed in their crystallite size, peak 

intensity, presence of secondary phase specifically in sample 1,2,4, 5, and 8. However, sample 

3,6, and 9 happened to be only alpha phase and sample 7 occurred as only theta phase only.  

The selected calcination temperature highly affected presence of mixture of phases and 

combination of different phase together as showed in sample 1,2,4, 5, and 8. These different 

structural properties suggested that as they can be suitable for different application as it is 

discussed in each sample analysis above. The crystallite size obtained in this study are less than 

the previous studies which are conducted using sol-gel process reviewed so far. As per the study 

of Krishnan et al., (2018) the average crystallite size obtained was 45nm which is greater than 

an average crystallite size obtained in this particular research of all nine samples.  
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This study also investigated the thermal behavior of nine samples synthesized under different 

or varying process parameters as revealed   by the thermogravimetric analysis (TGA). The 

results demonstrated that a significant impact of these parameters on the samples’ thermal 

stability and mass loss profile and this provided valuable insights into their decomposition 

mechanism and suitability of different application accordingly. The observed differences in 

mass loss profiles indicated that the importance of precise parameter control during synthesis 

for achieving desired thermal characteristics and the analysis enabled recommendation for 

optimal process parameter to obtain superior thermal performance depending up on the required 

application      

Table 4.10 Summary of the XRD and TGA results  

Samples Phases  Crystallite  

size 

Mass 

Loss 

Application 

Sample 1 Ɵ, δ 20.6nm 5.70 

 

Ɵ-(Adsorption, catalyst, abrasive, biomedical, 

high temperature application) δ-(Water 

purification, medical delivery, and medical 

device) 

Sample 2 γ/δ, α 6.5nm 5.40 Catalyst, adsorption and precursor for ceramics.  

Sample 3 α 5.8nm 4.90 Abrasive, cutting tools, bearing and other machine 

parts, refractory materials, and space application.    

Sample 4 γ/δ, Ɵ 8nm 6.00 γ/δ -Catalyst, adsorption and precursor for 

ceramics. Ɵ-(Adsorption, catalyst, abrasive, 

biomedical, high temperature application) 

Sample 5 Ɵ, α 6.9nm 5.50 Ɵ-(Adsorption, catalyst, abrasive, biomedical, 

high temperature application) 

Sample 6 α 5.2nm 5.00 Abrasive, cutting tools, bearing and other machine 

parts, refractory materials, and space application.    

Sample 7 Ɵ 26.5nm 6.53 Ɵ-(Adsorption, catalyst, abrasive, biomedical, 

high temperature application) 

Sample 8 δ/Ɵ, α 8.6nm 5.60 Catalyst, abrasive, high temperature application   

Sample 9 α 6.5nm 5.30 Abrasive, cutting tools, bearing and other machine 

parts, refractory materials, and space application.    
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4.1.3 Scanning Electron Microscopy (SEM) results and analysis  

The Scanning Electron Microscopy (SEM) is a powerful tool for characterizing the surface 

morphology, microstructure, and particle distribution of materials at high magnification 

possible. In this study, SEM was employed to investigate and compare the morphology of nine 

distinct samples that were synthesized under different process parameters. These samples were 

prepared by varying combination of precursor materials, calcination temperature, and 

calcination time while maintaining all other parameters constant. By altering these parameters, 

the objective was to gain insight in to how each factor influences the material’s microstructure 

and particle size distribution.  

The precursor materials used in the synthesis play a crucial role in determining the chemical 

composition and overall morphology of the final product. The calcination temperature and time 

was particularly significant as they can affect the crystallization and phase formation, thereby 

influencing the material’s performance and application. By varying these synthesis conditions, 

it helped to understood how the interplay between these factors affects the surface features and 

structural properties of the final product.  

 

Figure 1.21 SEM result of Sample 1 
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The SEM image of sample 1 as shown in Figure 4.21 above revealed a relatively varying 

particle size distribution as it was indicated in the XRD analysis too with well-defined 

morphology. The particles appeared to have a spherical shape and this determined by the 

precursor material along with the calcination temperature and time. However, the result shown 

in the Figure 4.22 below for sample two indicated that relatively uniform particle size and 

distribution. The image showed a noticeable change in particle size compared to sample 1. The 

change in calcination temperature and time possibly caused for this change. 

 

Figure 4.22 SEM result for sample 2 

 

Figure 4.23 SEM results of sample 3 
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The image shown in Figure 4.23 for sample 3 indicated that a very smaller particle size 

compared to sample 1 and 2. The combination of the precursor materials and the calcination 

parameters appeared to result in smaller particle size with seemingly agglomeration. This 

suggested that the parameter combination used for sample 3 promoted a more controlled growth 

and resulted materials for application required uniform particle size and high surface area. 

Sample 4 in Figure 4.24 below also illustrated a smaller particle size with different size as it’s 

shown in the XRD results too. The lower the calcination time influenced to have different phase 

and size.  

  

Figure 4.24 SEM result for sample 4 

  

Figure 4.25 SEM result for sample 5 
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The SEM analysis of sample 5 as shown in Figure 4.25 indicated a significant difference in the 

morphology compared to sample 4. The higher calcination temperature and extended time 

results nearly uniform particle size and the image of sample 6 in Figure 4.26 below indicated 

that the particle size are smaller than in sample 4 despite the precursor material used is the same. 

The calcination parameter brought this effect in combination with the precursor and this makes 

suitable for catalyst activity and adsorption. The particle distribution seemed to be similar with 

sample 5. 

 

Figure 4.26 SEM result for sample 6 

  

Figure 4.27 SEM result for sample 7 
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The SEM results for sample 7 in Figure 4.27 provided that particles with a more irregular shape 

composed to those of other samples and larger particle size. The surface is rougher, and some 

degree of agglomeration is shown. The variation in precursor material appeared to have 

influenced the particle morphology, suggesting that the chemical nature of the precursor can 

strongly affect the final material’s surface characteristics in addition to the effects of calcination 

parameters.  Sample 8 below however, brought a smaller particle size despite the fact that the 

precursor material is similar. The difference in the particle size happened by the calcination 

parameters in combination with precursor material.   

  

Figure 4.28 SEM result for sample 8 

  

Figure 4.29 SEM result for sample 9 
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Finally, Sample 9 as shown in Figure 4.29, synthesized with the third precursor material in 

combination with the calcination parameters, displayed a particle that are relatively smaller. 

The SEM image suggested that the higher the calcination conditions in combination with the 

precursor material favor for the formation of smaller particle size well crystallized particles.  

In Summary, the SEM characterization results show clear difference in particle size, 

morphology, and surface feature across the nine samples. The precursor materials significantly 

influenced the structure of the final product, while calcination temperature and time played 

crucial role in determining particle size and surface roughness. By adjusting these parameters, 

it’s possible to tailor the morphology and surface characteristics of the materials for specific 

application, including catalysis, adsorption, and other fields that depend on material surface 

properties. 

Energy Dispersive X-ray Spectroscopy (EDX) Characterization Results 

Energy Dispersive X-ray spectroscopy (EDX) is a vital analytical technique used in conjunction 

with Scanning Electron Microscopy (SEM) to determine the elemental composition of 

synthesized materials. In this particular study, EDX analysis was performed on three samples 

and each prepared under varying synthesis conditions. The EDX results offer insight into how 

the choice of precursor material and thermal treatment (calcination time and temperature) 

influences the incorporation, retention, and distribution of key elements within the synthesized 

samples. This information is essential for understanding the formation mechanism, purity, 

potential presence of impurities or secondary phase, all of which have a direct impact on the 

physical, chemical, and functional properties of the materials.   

The EDX image shown in Figure 4.30 below indicated the elemental composition founded in 

sample 3 which was synthesized using the aluminum nitrate precursor material along 1200oC 

calcination temperature for six hours. The EDX result showed that aluminum and oxygen are 

the available elements mainly with their first and second ranked abundances or concentration 

(504cps and 56cps) respectively as shown in the figure below. However, impurities that was 

produced from different sources as it discussed in the XRD analysis above was also indicated 

despite their concentration is very low.   
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o

  

Figure 4.30 EDX result for sample 3 

 

  

Figure 4.31 EDX result for sample 6 
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As per the EDX image of sample 6 which shown in Figure 4.31 was synthesized with aluminum 

sulfate precursor material and calcinate at temperature of 1200oC for three hours, the elemental 

composition found to be aluminum and oxygen. Aluminum with greater abundance with an 

intensity of the X-ray 585 counts per second which is higher than found in sample 3 and 9. The 

combined interplay of the parameter caused to vary from sample 3. Similarly, the EDX result 

as shown below in Figure 4.32 for sample 9 synthesized with aluminum chloride which was 

calcinated a temperature of 1200 for four hours. The elemental composition turned out to be 

both aluminum with higher concentration and oxygen lower concentration relatively.  

  

Figure 4.32 EDX result for sample 9 

The EDX characterization provided essential insights into the chemical composition of the 

synthesized materials and the impact of varying synthesis parameters. Precursor material 

influenced the elemental baseline and impurity profile, calcination temperature affected phase 

purity and elemental retention, while calcination time influenced the degree of reaction 

completion and homogenization. Together, these parameters define the quality and functional 

potential of the final product, and the EDX results serve as a crucial validation tool for synthesis 

optimization. In addition, the EDX result shows the samples happened to have similar purity 

level.        
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4.2 Optimization of the process parameters  

4.2.1Single and multi-response optimization   

The synthesis of nanoparticles with controlled properties required carful optimization of the 

process parameters. In this study, the Taquchi method was employed to optimize the synthesis 

the synthesized alumina nanoparticle by considering precursor material, calcination 

temperature, and calcination time as a key process parameter. The goal was to simultaneously 

minimize crystallite size and the weight loss. This is because, controlling both the crystallite 

size and weight loss during nanoparticle synthesis is often critical for achieving desired 

performance characteristics. However, this response may be influenced differently or even 

antagonistically by process parameters. The aim was to determine the optimal combination of 

these parameters to simultaneously achieve a small crystallite size and minimal weight loss. 

The Taguchi experimental design followed by a detailed presentation and analysis of the results, 

ultimately identifying the optimal process conditions for synthesizing nanoparticles with the 

desired properties. The alumina ceramic’s performance is highly dependent on their crystallite 

size and purity, which are directly related to weight loss during processing.  

Single response optimization (crystallite size): Crystallite size versus Precursor material, 

Calcination Temperature, Calcination time 

The need to optimize crystallite size is due to the fact that it highly influenced the properties of 

alumina ceramic materials. As Okada et al., (2003) studied the crystallite size influenced the 

sinterabilty of the material.  A smaller crystallite size of the nanoparticle lead to high thermal 

stability as Series, (2024) investigated in their paper.  

Crystallite size influences material properties, especially in nanomaterials. Smaller crystallites 

have higher surface area, increased reactivity, and distinct physical and chemical behaviors. 

They enable lower temperature sintering and denser materials but may have fewer structural 

defects. Larger crystallites show better bulk properties, reduced surface effects, and increased 

structural integrity but lower reactivity. For magnetic nanoparticles, smaller crystallites may 

display super para magnetism, while larger ones exhibit multi-domain behavior as per the study 

of Albedwawi et al., (2021). 
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Linear Model Analysis: SN ratios versus Precursor material, Calcination Temperature, 

Calcination time 

Estimated Model Coefficients for SN ratios 

Table 4.11 Estimated Model Coefficients for SN ratios 

Term Coef SE Coef T P 

Constant -14.8474 0.08196 -181.151 0.000 

Precursor A1 0.7578 0.11591 6.538 0.023 

Precursor A2 0.0411 0.11591 0.355 0.757 

Calcination T 800 0.3243 0.11591 2.798 0.108 

Calcination T 1000 0.0642 0.11591 0.554 0.635 

Calcination t3 0.0705 0.11591 0.608 0.605 

Calcination t4 -0.1145 0.11591 -0.987 0.428 

 

Interpretation of estimated model coefficients for SN ratios 

Interpreting the estimated model coefficients for S/N (Signal-to-Noise) ratios in a Taguchi 

experiment involved understanding how each factor level affects the S/N ratio and, 

consequently, the robustness of the process. The interpretation differs slightly from interpreting 

coefficient in a typical regression model because the goal is to maximize the S/N ratio, which 

represents the overall robustness, not necessarily to directly predict a mean response. 

The basic concept in the estimated model coefficient  

S/N ratio types: The different S/N ratio like, Larger-is better, smaller-is-better, and nominal-

is-best) have different aim and in this study the smaller-is-better is selected, since the objective 

is to minimize the values of the particle size and weight loss. Baseline level: Minitab typically 

uses one level of each factor as a baseline or reference level. The coefficient for this baseline 

level is implicitly zero (or incorporated into the constant term). The coefficients for the other 

levels are interested relative to this baseline.  Main effects: The coefficients represent the main 

effects of each factor level on the S/N ratio, relative to the base line level to that specific level.  
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Steps for interpretation  

Identify the baseline level: The level of factor which is used as the baseline was identified 

from the Minitab result or output. This is often the first level listed for each factor. As it is 

shown in Table 4.11.  

Interpret the sign and the magnitude of the coefficients: Positive coefficient for a factor 

level indicates that switching from the baseline level to that specific level is expected to increase 

the S/N ratio. This always indicates an improvement in robustness, regardless of the S/N ratio 

type. A negative coefficient for factor level indicates that switching from the baseline level to 

that specific level is expected to decrease the S/N ratio like that of calcination time. This always 

indicates a decrease in robustness. Magnitude is the absolute value of the coefficient. A larger 

absolute value indicates a stronger effect on the S/N ratio. A factor level with a larger absolute 

coefficient has a greater impact on the process’s robustness compared to a factor level with a 

smaller coefficient. So, in this case the precursor material 1 had a greater impact on the 

responses.  

Identify the optimal level for each factor: For each factor, the level with the largest positive 

coefficient (or the smallest negative coefficient which is still better than a larger negative one) 

supposed to affect more. This is because of higher S/N ratio are always preferred for robustness, 

regardless of the S/N ratio type. If all coefficients are negative then the smallest absolute value 

is selected to minimize the reduction in the S/N ratio compared to other levels. Therefore, the 

optimal level of all factor happened to be the first level. 

Model Summary 

Table 4.12 Model Summary 

S R-Sq R-Sq(adj) 

0.2459 97.37% 89.49% 
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Interpreting the model summary  

Interpreting a model summary in statistical software like Minitab involves understanding the 

key statistical that describe the overall fit and performance of statistical model. These statistical 

helped to assess how well the model explains the variation in the dependent variable (or the 

outcome the is in need of predict or understand). The specific statistics included in the model 

summary could vary depending on the model. However, the model used in this study is 

ANOVA. 

Common statistics in a Model Summary and how to interpret them.  

R-squared (R2): Coefficient of determination; R-squared represents the proportion of variance 

in the dependent variable that is explained by the independent variables in the model. It’s a 

measure of how well the model fits the data. This value ranges from 0 to 1. When R 2 =0; implies 

that the model explains none of the variance in the dependent variable and the independent 

variables have no predictive power. When R 2 =1; provide an information that all the variance 

in the dependent variable and shows the independent variables perfectly predict the dependent 

variable. Values between 0 and 1 indicates the percentage of variance explained by the 

independent variable in the model. With this interpretation R 2 =0.9737=97.37% which implied 

that 97.37% variance explained by the independent variable.    

Adjusted R-squared (Adjusted R2): R-squared always increases as independent variables 

added to the model even if those variables are not that related to the dependent variables. This 

is why looking for adjusted R-squared is vital. Adjusted R-squared is the modified version of 

R-squared that adjusts for the number of independent variables in the model. It avoids the 

addition of unnecessary variables that do not significantly improve the model fit. It ranges from 

1 to 0, but can also be negative if the model is very poor. The adjusted R-squared is always less 

than the r-squared value and the difference between the two value shows how much the R-

squared is being inflated by the inclusion of unnecessary variables. The Adjusted R2 in this 

optimization happened to be 89.49% and the difference between R-squared and Adjusted R-

squared is 7.88% which indicated that was being inflated by the inclusion of unnecessary 

variables.  
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Standard Error of the estimate (S or SEE): This value measures the average distance that 

the observed values fall from the regression line. It represents the typica size of the prediction 

errors made by the model. A smaller standard error of the estimate indicates a more accurate 

model. This standard error of estimate can be used to create prediction intervals for future 

observation. The value or magnitude of this error indicates the model prediction is off by that 

value from the dependent variable. So, in this optimization result the Standard error of the 

estimate is 0.2459 and provided that the model is deviated by this value from the dependent 

variables.  

Analysis of Variance for SN ratios 

Table 4.13 Analysis of Variance for SN ratios 

Source DF Seq SS Adj SS Adj MS F P 

Precursor material 2 3.64234 3.64234 1.82117 30.12 0.032 

Calcination 

Temperature 

2 0.78055 0.78055 0.39027 6.46 0.134 

Calcination time 2 0.06001 0.06001 0.03000 0.50 0.668 

Residual Error 2 0.12092 0.12092 0.06046     

Total 8 4.60381         

 

Interpretation of analysis of variance (ANOVA) 

Interpreting the analysis of variance (ANOVA) table for S/N ratio in a Taguchi experiment is 

essential for determining which factors have a statistically significant effect on the robustness 

of the process or product. The ANOVA table provided the statistical evidence to support the 

conclusions drawn from the main effect plot for S/N ratio. Basically, the p-value on the 

ANOVA table is used to identify the significant factor. As provided in the table p=0.03 which 

is less than α=0.05 and implied that precursor material is a significant factor. The factors are 

considered to have a statistically significant effect on the S/N ratio, meaning that their levels 

influenced the robustness of the process or the final product. Considering the magnitude of the 

F-statistic to evaluate the strength of the effect. While the P- value provides whether an effect 

is statistically significant, the F-statistic showed a measure of the strength of the effect. A larger 
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F-statistic indicate a stronger effect, even if the p-value is only marginally significant. In this 

case the F value for the corresponding p value is 30.12.   

Response Table for Signal to Noise Ratios 

Table 4.14 Response Table for Signal to Noise Ratios 

Smaller is better 

Level Precursor 

material 

Calcination 

Temperature 

Calcination 

time 

1 -14.09 -14.52 -14.78 

2 -14.81 -14.78 -14.96 

3 -15.65 -15.24 -14.80 

Delta 1.56 0.71 0.18 

Rank 1 2 3 

 

Interpreting the response table for S/N ratio  

 A response table for a S/N ratio in Taguchi experiment is a concise way to summarize the effect 

of different factor levels on the S/N ratio. It provided a clear overview of which factor level 

contribute to a more robust process, allowed to identify the optimal settings. Unlike ANOVA 

the response table provides the average S/N ratio for each level of each factor directly.  

Understanding the structure of the response table: Each row represents a factor and the column 

represent a level of factor. In addition, each cell contains the average S/N ratio for that specific 

factor level and the rank (or delta) is included to show the relative importance of each factor.  

Steps for interpretation 

Identify the optimal level for each factor: For each factor, the level with the highest average 

S/N ratio is the level that contributes the most to robust process, regardless of the S/N ratio 

type. As it’s observed from the table the minimum negative value for factor one found to be 

level one, for factor two also level one, and for factor three also level one.  
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Determine the relative importance of the factors: Examining the rank column and/or the 

delta values provided an information on the relative importance of the factors. Delta statistic 

(calculated as the difference between the highest and lowest average S/N ratio for a factor) 

indicated that the magnitude of the effect of that factor on the S/N ratio.  

A larger Delta indicates a stronger effect. As a result, the factors are ranked based on their 

delta values, with the factor having the largest delta assigned a rank of 1 which is the most 

important. From this explanation it can be conclude as per the rank and delta value from the 

table, the relative importance of the factor ranked precursor material as first and calcination 

time as least with second rank the calcination temperature. 

Consider the magnitude of the S/N ratios: While the response table helps identified the best 

levels, it’s important to consider the actual S/N ratio values. If the difference in S/N ratio 

between different levels is high, then the choice of that level is critical.so, considering the delta 

value from the table above, the maximum difference between the highest and lowest value 

found to be 1.56 which on the precursor material and this showed that it had a great influence 

than others. However, the delta value of the calcination time happened to be 0.18 which lowest 

and this implied that its effect was almost insignificant.  

Compare and contrast effect: The effect of different level should be compared for each factor 

in order to assess the factor’s level have similar effect size or have significant effects. Unlike 

the other factors, the calcination time has got almost similar value for different levels and this 

implied that it had no a significant effect.   

Response Table for Means 

Table 4.14 Response Table for Means 

Level Precursor 

material 

Calcination 

Temperature 

Calcination 

time 

1 5.067 5.333 5.500 

2 5.500 5.500 5.633 

3 6.067 5.800 5.500 

Delta 1.000 0.467 0.133 

Rank 1 2   3 
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Interpreting the response table for mean 

A response table for means is a tool used to summarize the effect of different factor level on 

the average value of a response variable. It’s particularly useful in the context of experimental 

design for quick identification of the factor levels that result in the desired outcome. 

Understanding the structure of response table: Each row in the table represents a factor 

(independent variable) and each column represents a level of that factor. The other element 

found in the table is the cell which contains the average (mean) value of the response variable 

for all observations that have the specific factor level. The basic concepts are; Factor level: this 

is the specific value or categories that the factor take on. Mean response: this value is the 

average of the response variable for all observation with a specific factor level. Delta statistic: 

the difference between the highest and lowest average response for a factor this indicates the 

magnitude of the effect of that factor on the response. Rnak: the factors are ranked based on 

their Delta values. Interpretation of the response table for mean  

Determine the optimization goal: the goal of this optimization is to minimize the response 

variable crystallite size. Identify the optimal level for each factor: As the aim of this study is 

to minimize the response variables, the factor level with the lowest average response in the table 

is selected. With this deduction, the first level for factor one, the first level for factor two and 

the first and the third level for factor three are the optimal levels.  

Determine the relative importance of the factor: As shown in table 4.14 above the delta 

value or the rank provided an information about the relative importance of the factors. From 

this analysis, factors with larger Delta values have a greater effect on the response than factors 

with smaller delta values. As provided in the table the delta value with a larger value 

(precursor=1) showed that the factor with higher importance influence to the response variable. 

Whereas the factor with a very least delta value (calcination time =0.133) indicated that its 

influence in the property found to be less or insignificant. Consider the magnitude of the 

effect: The actual average response values in the table is the difference between the highest and 

the lowest values for a factor and this difference could be small or greater. The factor (precursor 

material) showed greater value on its difference from the highest and lowest value of its level 

and this indicated that the factor had a very significant effect. 
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Main effects plot for means 

 

Figure 4.32 main effect plot for mean 

Interpretation of main effects plot for means 

Interpreting a main effects plot for means in Minitab involves understanding how each factor 

(input variable) affects the average (mean) response variable. The plot visually shows the 

relationship between each factor level and mean response. To analyze better understanding the 

component of the plot plays an important role.  

Understanding the component of the plot: X- axis represents the different levels of each factor 

and each factor has its own x-axis. Y- axis represents the mean response variable (the average 

value of the output measured). Points on the plot represents the average (mean) value of the 

response variable for a specific level of factor and the lines connect the points for each factor 

indicated the direction and the magnitude of the effect of the factor on the response.  
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Steps for interpretation: 

Identifying the Factors with Largest Effect: The factors with the steepest line have a greater 

effect in the response. The steep line indicates that changing the level of that factor significantly 

changed the mean response. As shown in Figure 4.32 above the factor with steepest almost to 

be vertical line is factor 1 (precursor materials) which indicated that it had a very greater effect 

on the response variable. Whereas, the result of factor three (calcination time) showed that the 

graph almost to be horizontal and the difference between the maximum and minimum is very 

low and this indicate that its effect was insignificant.   

Determine the direction of the effect (positive or Negative): If the line slops upward as 

moved from left to right (or from lower to higher levels), it indicates a positive effect. This 

means that increasing the level of the factor tends to increase the mean response. If the line 

slops download as moved from left to right (or from lower to right level), it indicates a negative 

effect. This means that increasing the level of the factor to decrease the mean response. When 

we look at the first factor, the graph increases as increased the level and this provided an 

information as it had a positive effect and so does with the second factor. However, with the 

third factor, it showed both increasing and decreasing.   

Determine the optimal level for Each Factor: To optimize the response, the factor levels that 

correspond to the desired outcome identified. If the response needs to maximize the response, 

the factor level with the highest mean response value on the y-axis. If the response needs to 

minimize the response, the factor level with the lowest mean response value on the y-axis.  As 

this optimization aimed to minimize the response, the for factor it became minimum at level 1, 

for factor two at level 1 again, but for factor three both level one and there turned the same. 

Consider the Magnitude of the Effect: While the slope of the line indicates the direction of 

the effect, the vertical distance between the highest and lowest points on the line indicates the 

magnitude of the effect. A larger vertical distance means that the factor has a more substantial 

influence on the response than a factor with a smaller vertical distance. Both factor one and two 

has positive slope and has a positive effect despite the fact that the magnitude of the effect 

provided in the graph as it’s calculated in the response table. This showed that the response 

table and the main effect plot provided the same information.  
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Watch Out for Flat Line: A nearly horizontal (flat) line indicates that the factor has a little to 

no effect on the mean response variable over the range of level tested. The factor three has 

nearly a straight line and this made it to be considered as less significant.   

Main effects plot for S/N (Signal to Noise) Ratios 

 

Figure 4.33 main effect plot for S/N ratio  

Interpretating a main effects plot for S/N (Signal to Noise) Ratios 

Interpretating a main effects plot for S/N (Signal to Noise) Ratios in Minitab involves 

understanding how each factor (input variable) influences the robustness of the process or 

product. S/N ratios are used in Taguchi methods to identify factor setting that minimize the 

effect of noise (uncontrollable variation) on the desired response. 

Understanding the components of the plot: X- axis represents the different levels of each factor 

and each factor has its own x-axis. The Y-axis represents the S/N ratio. In this particular study 

smaller-is-better is the S/N ratio required which used when the response need to minimize.  
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A higher S/N ratio indicates a more robust process that consistently produces smaller value, 

even in the presence of noise. Each point on the plot represents the average S/N ratio for a 

specific level of the factor and the line which connect the points for each factor. The slope of 

the line indicates the direction of and the magnitude of the effect of the factor on the S/N ratio.  

Steps for interpretation:  

Identify the Factors with the largest Effects on Robustness: Focusing and looking for the 

factor with the steepest line and the steeper the line based on Figure 4.33, the greater the effect 

that factor has on the S/N ratio. This means the setting of that factor significantly affect the 

process’s ability to resist noise and produce consistent results. Among the selected factors the 

precursor material showed a steepest line and this indicated that factor had a significant effect 

than others.  

Determine the optimal level for Each Factor (Based on the S/N Ratio): For all S/N ratio 

type (Larger-is-better, smaller-is-better, Nominal-is-best) the factor levels with highest S/N 

ratio values on the y-axis. Higher S/N ratio always indicate more robust performance, regardless 

of the objective. Unlike for main effect plots for mean, in this scenario the greater S/N ratio 

turned the minimal value of the response. For this reason, for factor one level one, for factor 

level one and for factor three both level one and three are the optimal levels and this analysis 

squarely fits with the previous analysis. Understanding the impact on Variation 

(Robustness): The S/N ratio plot told the process need to be more resistant to noise factors 

(uncontrollable variable). The goal is to maximize the S/N ratio, which minimizes the impact 

of variation on your process output.  

Therefore, the factor with steepest line (the precursor material) had a great impact on the 

minimizing the noise factor. Consider the magnitude of the Effect: The vertical distance 

between the highest and lowest points on the line indicates the magnitude of the effects on the 

S/N ratio. A larger vertical distance means the factor has a more substantial influence on the 

process’s robustness. From the plot, the precursor material found to be the top ranked impactful 

effect to the response variable because it has got a larger vertical distance between the highest 

and the lowest value.  
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Watch out for Flat lines: A nearly horizontal (flat) line indicates that the factors have a little 

to no effect on the S/N ratio. Changing the level of this factor will not significantly improve the 

process’s robustness. In general, the S/N ratio plots tell on how to minimize the impact of noise, 

not necessarily how to achieve the absolute best mean response. Unlike for factor one, the line 

for factor three showed that approximately to be flat or horizontal and this shows its impact on 

the response variable is less or no significant as it has been discussed in all pervious topics.  

Residual plots for S/N ratio   

 

Figure 4.35 Residual plots for S/N ratio  

Interpreting residual plots for S/N ratio   

Interpreting residual plots for S/N ratio analysis in Minitab is essential for validating the 

assumptions of the statistical model used to analyze the Taguchi experiment. Residual plots 

help assess whether the model is a good fit for the data and whether the conclusions drawn from 

the S/N ratio analysis are reliable.  
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Key assumption of the statistical model used for S/N analysis  

Normality of residuals: The residuals (the differences between the observed S/N ratios and 

the predicted S/N ratios from the model) should be approximately normally distributed. As 

shown in the plot of Figure 4.35, the data approximately distributed in the normal line and there 

no outliers observed. Constant Variance: The variance of the residuals should be constant 

across all levels of the factors. The versus fit graph in the plot shows that the residuals are 

scattered randomly. Independence of Residuals: The residual should be independent of each 

other as the graph of versus order in the plot indicated that the graph do not show any pattern 

and this implies the assumption is kept.  

Common residual plots and their interpretation  

Normal probability plot of residuals: The purpose assessed the normality of the residuals and 

the residuals failed approximately along a straight line. As shown in the plot residuals failed 

along the line with no outlier observed.   

Residual vs. Fitted value (Residual vs. predicted values) plot: This plot assessed the constant 

variance assumption and detects non linearity and the residuals randomly scattered around zero, 

with no discernible patterns. The plot showed that the residuals appeared as randomly scattered.  

Residual vs order of data (or Residual vs time) plot: This plot assessed the independence of 

residuals and detects any time related effects. The residual randomly scattered around zero, with 

no discernible patterns over time or data order. Therefore, the residuals are scattered or drown 

with no specific pattern and this indicated that their independence.  

Histogram of residuals: This plot also provided another visual assessment of the normality of 

residuals. The histogram should be approximately bell-shaped and centered around zero. 

Despite the fact that the histogram in this plot showed a uniform histogram and this indicated 

that the residuals are uniformly distributed among the class.  
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Residual plot for mean 

 

Figure 4.36 Residual plot for mean 

Interpretation of residual plot for mean  

Interpreting residual plots is a crucial step in regression analysis and other statistical modeling 

techniques. The key assumption are the errors (or residual) are random, have mean of zero, have 

constant variance, and are independent of each other. 

Common residual plots and how to interpret them 

Residuals vs Fitted value (or residuals vs predicted) plot: The residuals are randomly scattered 

around zero and this indicated that there was a constant variance Normal probability plot of 

residuals: As shown in the graph the residuals failed along the normal line even no outliers was 

observed. Residual vs order of data (or Residuals vs Time) plot: This graph shows in Figure 

4.36 showed that the residuals have no pattern and it validated the assumption. Histogram of 

residuals: the uniform histogram showed that the residuals are uniformly distributed. 
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4.2.2 Single response analysis for (Weight/mass loss)  

Taguchi Analysis: Weight loss versus Precursor material, Calcination temperature, 

Calcination time 

Linear Model Analysis: SN ratios versus Precursor material, Calcination temperature, 

Calcination time 

Estimated Model Coefficients for SN ratios 

Table 4.16 Estimated Model Coefficients for SN ratios 

Term Coef SE Coef T P 

Constant -14.8518 0.06215 -238.984 0.000 

Precursor A1 0.3287 0.08789 3.740 0.065 

Precursor A2 0.0686 0.08789 0.781 0.517 

Calcination T 800 -0.8078 0.08789 -9.191 0.012 

Calcination T 1000 0.0455 0.08789 0.518 0.656 

Calcination t 3 0.1649 0.08789 1.877 0.201 

Calcination t 4 -0.0470 0.08789 -0.534 0.646 

 

Interpreting the estimated model coefficients for S/N ratio  

Interpreting the estimated model coefficients for S/N (Signal-to-Noise) ratios in a Taguchi 

experiment involves analyzing how each factor level influences the S/N ratio and the overall 

robustness of the process. This interpretation differs from that of a typical regression model 

because the focus is on maximizing the S/N ratio, which reflects process robustness, rather than 

predicting a mean response. In this study, the "smaller-is-better" S/N ratio type was selected, as 

the goal is to reduce weight loss. 

Steps for interpretation: 

Identify the baseline level: The baseline level is determined from Minitab's output, usually the 

first factor level listed or the constant. Interpret the sign and magnitude of the coefficients: 

A positive coefficient indicates that moving from the baseline level to a given level improves 

the S/N ratio, enhancing robustness. A negative coefficient indicates a decrease in robustness.  
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The magnitude of the coefficient represents the strength of the effect on the S/N ratio. Based 

on Table 4.16 level of factor 1 have positive and higher coefficient.  Identification of the 

optimal level for each factor: The level with the largest positive coefficient (or the least 

negative) is preferred because it leads to the highest S/N ratio. If all coefficients are negative, 

the level with the smallest absolute value should be selected to minimize S/N ratio reduction. 

Therefore, the optimal value of factor one found to be level one, for factor two is level two, and 

for factor three is level one.  

Model Summary 

Table 4.17 Model Summary 

S R-Sq R-Sq(adj) 

0.1864 98.53% 94.11% 

 

Understanding the Model Summary 

When reviewing a model summary in statistical software like Minitab, it’s important to 

understand the key statistics that reflect how well the model performs. These figures help assess 

how effectively the model accounts for variations in the dependent variable the outcome you're 

trying to predict or explain. In this study, the analysis was conducted using ANOVA, so the 

statistics discussed apply to that method. 

Key Statistics in a Model Summary and Their Interpretation: 

R-squared (R²): This value shows how much of the variation in the dependent variable is 

explained by the independent variables in your model. R² ranges from 0 to 1. R² = 0 means the 

model explains none of the variation there’s no predictive power. R² = 1 indicates a perfect fit 

the model explains all variability in the outcome. Values between 0 and 1 represent the 

proportion of explained variance, with higher values indicating a better fit. As per Table 4.17 

the R² = 98.53% indicated the model explained all variability in the outcome with 98.53% 

percent accuracy.  

Adjusted R-squared: Unlike R², which can increase even when irrelevant variables are added, 

the adjusted R² accounts for the number of predictors in the model. It provides a more reliable 

measure by penalizing the inclusion of unnecessary variables.  
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It can be lower than R², and sometimes even negative if the model performs poorly. A big gap 

between R² and adjusted R² suggests overfitting or inclusion of insignificant predictors. The 

adjusted R² obtained from the optimization is 94.11% which is less than the R² value. The 

difference between the two values is, 4.42% and this result indicated that the inclusion of 

unnecessary variables is happened. 

Standard Error of the Estimate (SEE or S): This metric measures the average deviation of 

observed values from the model’s predicted line. In essence, it reflects the typical error in the 

model’s predictions. Smaller values indicate more accurate predictions. It’s also useful for 

creating prediction intervals, helping understand the expected range for future observations. 

The Standard error of the estimate obtained is 0.1864 and this implies that the model deviated 

from the dependent variable by the value of 0.1864. 

Analysis of Variance for SN ratios 

 Table 4.18 Analysis of Variance for SN ratios 

Source DF Seq SS Adj SS Adj MS F P 

Precursor material 2 0.81198 0.81198 0.40599 11.68 0.079 

Calcination temperature 2 3.70660 3.70660 1.85330 53.32 0.018 

Calcination time 2 0.13000 0.13000 0.06500 1.87 0.348 

Residual Error 2 0.06952 0.06952 0.03476     

Total 8 4.71809         

 

Analyzing the ANOVA table for S/N ratio 

Analyzing the ANOVA table for the signal-to-noise (S/N) ratio in a Taguchi experiment is 

crucial for identifying which factors significantly impact the process or product robustness. 

This table offers statistical backing for the findings observed in the main effects plot for the 

S/N ratio. The p-value helps determine which factors are statistically significant.  
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When a factor is statistically significant, it suggests that its levels affect the robustness of the 

process or product. Additionally, the F-statistic is used to assess how strong the impact is.  

While the p-value tells us whether an effect exists, the F-statistic indicates the intensity of that 

effect higher F-values suggest a stronger influence, even when the p-value is only somewhat 

significant. The significate factor which influenced the thermal stability of the final product 

found to be the calcination temperature as the p value (0.018) as per the result in Table 4.18 

which is much less than the significant level (α=0.05). Whereas, the other factors found to be 

less significant as their value is registered greater than the significance level.  

Response Table for Signal to Noise Ratios 

Table 4.19 Response Table for Signal to Noise Ratios 

 

Level Precursor 

material 

Calcination 

temperature 

Calcination 

time 

1 -14.52 -15.66 -14.69 

2 -14.78 -14.81 -14.90 

3 -15.25 -14.09 -14.97 

Delta 0.73 1.57 0.28 

Rank 2 1 3 

Interpreting the Response Table for S/N Ratio 

Interpreting the Response Table for S/N Ratio in a Taguchi Experiment The response table for 

the signal-to-noise (S/N) ratio in a Taguchi experiment efficiently summarizes how various 

factor levels impact the S/N ratio. It offers a straightforward look at which levels enhance 

process robustness and helps pinpoint the best settings. Unlike ANOVA, which focuses on 

statistical significance, this table shows the average S/N ratio for each level of every factor 

directly. 
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Interpretation of response table for S/N ratio 

Find Optimal Levels: The level with the highest average S/N ratio for each factor, as this level 

contributes most to a robust process strict consideration need to be taken. As per table 4.19, the 

optimal level for factor one is level one, for factor two is level three, and for factor three is level 

one which can provide the minimum mass loss of the alumina ceramic. Assess Importance of 

Factors: Use the delta value (the difference between the highest and lowest average S/N ratios 

for a factor) to gauge the impact of each factor. A higher delta means a greater influence, and 

factors are ranked accordingly. Based on the delta value provided in Table 4.19, factor two has 

the top ranked in its influence on the thermal stability of the material and factor three impacts 

the least.  

Analyze S/N Ratio Values: Beyond ranking, it's important to look at the actual S/N ratio 

differences. If the range is large, selecting the right level becomes crucial. The difference 

between the highest level and lowest level describes the factors impact level. So, with this the 

highest difference (with delta value of 1.57) observed in factor two which means it’s the 

dominant factors.  The second most important factor ranked to be factor one and then factor 

three. Compare Factor Effects: Comparing and analyzing the different levels within each 

factor to see if the effects are similar or significantly different. As shown in Table 4.19, the S/N 

ratio value of the three levels of factor two appeared to have significant difference. Whereas, 

the values in factor three appeared to be closed to each other.  

Response Table for Means 

Table 4.20 Response Table for Means 

Level Precursor 

material 

Calcination 

temperature 

Calcination 

time 

1 5.333 6.077 5.433 

2 5.500 5.500 5.567 

3 5.810 5.067 5.643 

Delta 0.477 1.010 0.210 

Rank 2 1 3 



104 
 

A response table for means helps summarize how different levels of factors influence the 

average value of a response variable. It’s especially handy in experimental setups for quickly 

spotting which factor levels lead to the most favorable outcome. 

Table Structure: Each row represents a factor (an independent variable), while the columns 

show the various levels of that factor. Each cell in the table shows the mean value of the 

response variable for that specific level. Factor level refers to a specific setting or category of a 

factor. Mean response is the average response for that level. Delta value is the range between 

the highest and lowest average responses for a factor, indicating the strength of its impact. Rank 

orders the factors by the size of their delta values. 

Steps to Interpret: 

Clarify the Optimization Goal: In this case, the objective is to minimize the response 

variables (weight loss). Find the Best Factor Levels: The level with the lowest mean response 

for each factor is more desirable. Based on Table 4.20, the level at which the smallest mean 

value observed is, for factor one is level one, for factor two is level three and for factor three is 

level one is found to be the smallest values which contributed highly for the thermal stability 

of the product.  

Assess Factor Significance: The delta or rank helps to understand which factors have the 

most influence the larger the delta, the more significant the effect. The delta value in Table 4.20 

provided an information about the relative importance of the factors, so factor two has got delta 

value of 1.010 which is the highest one and indicated that it’s most important than others and 

the other factor become important based on their delta value.  Factor two is the second important 

factor and factor is the least important.   

Review Effect Size: The difference between the maximum and minimum mean response values 

for each factor shows how much that factor can affect the outcome. This range may be small or 

large, depending on the factor. Based on the evaluation of the difference in mean values factor 

two appeared with highest value which indicted that selecting this factor is the right decision to 

minimize the mass lose.  
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Main effects plot for mean 

 

Figure 4.37 main effect plot for means 

 

Interpreting a main effects plot for mean 

Interpreting a main effects plot in Minitab involves analyzing how each factor (or input 

variable) influences the average (mean) response variable. This plot provides a visual 

representation of the relationship between factor levels and the mean response. To interpret the 

plot effectively, it is crucial to understand its components. 

Understanding the plot components: The x-axis represents the levels of each factor, with each 

factor having its own x-axis. The y-axis shows the mean response variable, which is the average 

value of the measured output. Points on the plot indicate the mean response for a specific factor 

level, and the lines connecting these points illustrate the direction and magnitude of the factor's 

effect on the response. 
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Steps for interpretation: 

Identify factors with the largest effect: Factors with steepest lines have a greater impact on 

the response. A steep slope indicates that changing the factor level significantly alters the mean 

response. Based on the information obtained from Figure 4.37, the steepest graph is observed 

in factor two which implied that this factor has a greatest impact than the others. The next 

steeper is factor one and then factor three provided that their effect is moderate and least. 

Determine the direction of the effect: If the line slopes upward from left to right, the factor 

has a positive effect, meaning higher levels of the factor increase the mean response. 

Conversely, a downward slope indicates a negative effect, where increasing the factor level 

decreases the mean response. To determine the direction of the effect, the graph is easiest way. 

As moved from left to right factor one’s and three’s graph increases, factor two’s graph 

decreases.   

Find the optimal factor levels: To optimize the response, identify the factor levels that achieve 

the desired outcome. For maximizing the response, choose the level with the highest mean 

response on the y-axis. For minimizing it, select the level with the lowest mean response. As 

the minimum value are required, level one for factor one, level three for factor two, and level 

one for factor three are the optimal levels for minimizing the mass loss 

Evaluate the magnitude of the effect: The slope of the line shows the direction of the effect, 

while the vertical distance between the highest and lowest points on the line indicates the 

magnitude. A larger vertical distance means the factor has a stronger influence on the response. 

As the plot shows that the maximum vertical distance observed at factor two and this provide 

an information about the magnitude of the effect.  

Watch for flat lines: A nearly horizontal line suggests that the factor has little to no effect on 

the mean response across the tested levels. From the plot, unlike for factor two factor three have 

nearly flat line and this is the indication its effect on the final property of the product is most 

likely insignificant.   

 

 



107 
 

Main effects plot for S/N 

 

Figure 4.38 main effect plot for S/N ratio  

 

Interpreting a main effects plot for S/N 

Interpreting a main effects plot for S/N (Signal-to-Noise) ratios in Minitab involves analyzing 

how each factor (input variable) impacts the robustness of a process or product. S/N ratios, 

commonly used in Taguchi methods, help identify factor settings that reduce the influence of 

noise (uncontrollable variation) on the desired response. 

Understanding the plot components: The x-axis represents the levels of each factor, with 

each factor having its own x-axis. The y-axis shows the S/N ratio, which varies depending on 

the experiment's objective in this case, the Smaller-is-better S/N ratio is used, which is 

appropriate when the goal is to minimize the response.  
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A higher S/N ratio indicates a more robust process that consistently produces smaller values, 

even in the presence of noise. Each point on the plot represents the average S/N ratio for a 

specific factor level, and the lines connecting these points show the direction and magnitude of 

the factor's effect on the S/N ratio. 

Steps for interpretation: 

Identification of factors with the largest effects: The steeper the line, the greater the factor's 

impact on the S/N ratio, meaning that factor significantly affects the process's ability to resist 

noise and produce consistent results. Therefore, factor has got steepest line relative to others as 

shown in Figure 4.38 and implied that the factor has a significant influence on the thermal 

stability of the product.  Factor one and three impacts second and third respectively.  

Determine the optimal level for each factor: Regardless of the S/N ratio type (Larger-is-

better, Smaller-is-better, or Nominal-is-best), the factor levels with the highest S/N ratio values 

on the y-axis indicate more robust performance. Based on the plot on figure 25, the optimal 

level for factor one is level one, for factor two level three, and for factor three is level one.  

Evaluate the magnitude of the effect: The vertical distance between the highest and lowest 

points on a line reflects the magnitude of the factor's effect on the S/N ratio. A larger vertical 

distance indicates a stronger influence on the process's robustness. The largest vertical distance 

observed from the graph at factor two and the least is factor three. 

Watch for flat lines: A nearly horizontal line suggests that the factor has little to no effect on 

the S/N ratio. Changing the level of such a factor will not significantly improve the process's 

robustness. Overall, S/N ratio plots focus on minimizing the impact of noise rather than 

achieving the best mean response. The very nearly flatten line is observed at factor three and it 

implies that factor has low or no significant to the properties in need. 

 

 

 



109 
 

Residual plots for S/N ratio 

 

Figure 4.39 residual plot for mean 

Interpreting residual plots for S/N ratio 

Interpreting residual plots for S/N ratio analysis in Minitab is a critical step in validating the 

assumptions of the statistical model used in a Taguchi experiment. These plots help determine 

whether the model fits the data well and whether the conclusions drawn from the S/N ratio 

analysis are reliable. Unlike residual plots for mean responses, the focus here is on the validity 

of the model predicting S/N ratios rather than the raw data itself. 
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Key assumptions of the statistical model for S/N analysis: 

Normality of residuals: The residuals, which are the differences between observed and 

predicted S/N ratios, should follow a normal distribution. It’s shown that the residuals are 

normally distributed along the normal line and the assumption is kept. Constant variance: The 

residuals should have consistent variance across all factor levels. As it’s shown in the versus fit 

graph of the residuals are scattered randomly around zero according to the plots in Figure 4.39.  

Independence of residuals: Residuals should not show patterns or correlations, meaning they 

should be independent of one another. The graph of versus order shows that it has not a pattern 

and indicated that the residuals are independent to each other. Residual plots are essential for 

ensuring that the statistical model used for S/N ratio analysis is appropriate. If the assumptions 

are not met, the model may not provide reliable results. However, in this case the assumptions 

are met as discussed above based on the graph in the plot. 

Residual plots for the mean 

 

Figure 4.40 residual plot for mean  
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Analyzing residual plots for the mean 

Analyzing residual plots for the mean is an essential part of regression analysis and other 

statistical modeling methods. These plots help evaluate whether the model's assumptions hold 

true, which is crucial for ensuring reliable results. Essentially, they indicate whether the model 

is a good fit for the data. The primary assumptions include that the errors (or residuals) are 

random, have a mean of zero, display constant variance, and are independent of one another. 

Common types of residual plots and their interpretations include: 

Residuals vs. Fitted values (or predicted values) plot: This plot is useful for checking the 

constant variance assumption and identifying non-linearity. The residuals should be randomly 

distributed around zero with no obvious patterns. The graph in figure 4.40, showed that the 

residuals are scattered randomly around zero which met the constant variance assumption. 

Normal probability plot of residuals: This plot helps assess whether the residuals follow a 

normal distribution, with the residuals roughly aligning along a straight diagonal line. 

Therefore, the residuals failed around the normal line and no outliers are observed.  

Residuals vs. Order of data (or Residuals vs. Time) plot: This plot helps determine if the 

residuals are independent and if any effects are present. The residuals should be randomly 

scattered around zero with no apparent patterns. The graph in the plot indicated that the 

residuals have no known pattern and this implies that the residuals are independent. 

Histogram of residuals: This plot offers a visual check of the normality of the residuals. The 

histogram should resemble a bell curve, centered around zero. However, in this plot the 

histogram is most likely uniform distribution which means residual is uniformly distributed 

among the class.    
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4.2.3 Multi-response optimization (Crystallite size and mass loss) 

Taguchi Analysis coupled with Grey Relational Analysis (GRA): Crystalline size, Weight 

loss versus Precursor material, Calcination Temperature, Calcination as shown in table 4.24. 

Grey Relational Analysis (GRA) converts multiple responses into a single, composite score and 

this has the following steps 

Normalization: GRA first normalized the responses based on the “smaller is the better “criteria 

and each individual response was transformed into comparable scale, typically between 0 and 

1. The normalized value show in Table 4.21 was calculated using the equation 4.3 shown below. 

     Equation (4.3) (Panda et al., 2016)  

 

Table 4.21 response and normalized value

 

 

 Normalized Values 

 C4 C5 

 0.277 0.5092 

 0.93897 0.69325 

 0.97183 1 

 0.86854 0.32515 

 0.92019 0.6319 

 1 0.93865 

 0 0 

 0.84038 0.57055 

 0.93897 0.7546 

Min. 0 0 

Max. 1 1 

 

 

 

 

 

Response  

  

Crystallite 

size  

Weight 

loss  

1 20.60 5.70 

2 6.50 5.40 

3 5.80 4.90 

4 8.00 6.00 

5 6.90 5.50 

6 5.20 5.00 

7 26.50 6.53 

8 8.60 5.60 

9 6.50 5.30 

Min. 5.20 4.90 

Max. 26.50 6.53 
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Grey Relational Coefficient (GRC): The GRC quantifies the similarity between the actual 

experimental result and the ideal result. A higher GRC value means the experimental results is 

closer to the ideal, normalized results. To calculate GRC value shown in Table 4.22 using 

equation 4.5, the deviation sequence is a crucial step in qualifying the difference between a 

reference sequence (the ideal or best possible outcome) and the actual experiments the absolute 

difference between each data point in the reference sequence and the corresponding data point 

in the comparability sequence using equation 4.4 as indicated in Table 4.22 the value for the 

two responses.  

                               Equation (4.4) (Panda et al., 2016) 

                Equation (4.5) (Panda et al., 2016) 

Table 4.22 Deviation sequence and GRC values  

 

 Deviation Sequence 

 

Crystallite 

size  

Mass 

loss  

 0.723 0.4908 

 0.06103 0.30675 

 0.02817 0 

 0.13146 0.67485 

 0.07981 0.3681 

 0 0.06135 

 1 1 

 0.15962 0.42945 

 0.06103 0.2454 

Min. 0 0 

Max. 1 1 

 

GRC 

Crystallite 

size 

Mass 

loss  

0.40883 0.50464 

0.89121 0.61977 

0.94667 1 

0.79182 0.42559 

0.86235 0.57597 

1 0.89071 

0.33333 0.33333 

0.75801 0.53795 

0.89121 0.67078 

Grey Relational Grade (GRG): the GRG is an average an aggregate score of all the GRCs for 

multiple responses. The GRG acts as a single performance index that represents the overall 

performance of the experimental run. Optimization objective: The purpose of Taguchi is to find 

the parameter settings that yield the best overall performance. Since the GRG combines all 

response into a single score that reflects overall’ ’goodness,” Taguchi optimization aims to 

maximize the GRG calculated using the equation 4.6.  
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Therefore, a higher GRG score as shown in Table 4.23 indicates that on average, all responses 

are collectively closer their optimum value.  

   Equation 4.6 (Panda et al., 2016) 

Table 4.23 GRG values and their grade  

GRG Grade  

   

0.456737 8 

0.755493 4 

0.973333 1 

0.608705 7 

0.719160 5 

0.945355 2 

0.333333 9 

0.647980 6 

0.780998 3 

 

Table 4.24 process parameters and GRG value of the two responses  
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Linear Model Analysis: SN ratios versus Precursor material, Calcination Temperature, 

Calcination 

Estimated Model Coefficients for SN ratios 

Table 4.25 Estimated Model Coefficients for SN ratios 

Term Coef SE Coef T P 

Constant -3.62206 0.4297 -8.430 0.014 

Precursor material A1 0.46311 0.6077 0.762 0.526 

Precursor material A2 1.06757 0.6077 1.757 0.221 

Calcination 

temperature 800 

-3.26494 0.6077 -5.373 0.033 

Calcination 

temperature 1000 

0.59951 0.6077 0.987 0.428 

Calcination time 3 -0.06579 0.6077 -0.108 0.924 

Calcination time 4 0.65730 0.6077 1.082 0.392 

 

Interpretation of estimated model coefficients for SN ratios 

In a Taguchi experiment, interpreting the estimated model coefficients for Signal-to-Noise 

(S/N) ratios requires understanding how different factor levels influence the S/N ratio and 

process robustness. This interpretation is distinct from a typical regression analysis because the 

aim is to maximize the S/N ratio, which indicates robustness, rather than predict a mean 

response. For this study, the "smaller-is-better" S/N ratio type was chosen, as the objective is 

to minimize particle size and weight loss. 

Steps for interpretation: 

Identification of baseline level: The baseline level, typically the first factor level listed in 

Minitab's results, is identified. So, the constant term indicates to the baseline which is helpful 

to us as a reference to deal with process parameters whether they do have negative or positive 

effect and the like.   

Interpreting the sign and magnitude of the coefficients: A positive coefficient shows that 

switching to a particular level improves the S/N ratio, enhancing process robustness. 

Conversely, a negative coefficient suggests a decline in robustness.  
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The magnitude of the coefficient tells how strongly a factor level affects the S/N ratio. As per 

the data in Table 4.25, the sign of the first level of each factor happened to be negative which 

implied that the change to the other level reduces the S/N ratio and by that the robustness 

decreases.   

Identify the optimal level for each factor: The optimal level corresponds to the factor with 

the largest positive coefficient (or the smallest negative coefficient). In cases where all 

coefficients are negative, the level with the smallest absolute value is preferred to minimize S/N 

ratio reduction. Therefore, the optimal level for factor one is level two, for factor two, and for 

factor three is level two. 

Model Summary 

Table 4.26 Model Summary 

S R-Sq R-Sq(adj) 

1.2891 95.33% 81.31% 

 

Interpretation of Model Summary  

R-squared (R²): R² is known as the coefficient of determination. It tells you how much of the 

variability in the dependent variable is accounted for by the independent variables. A value of 

0 means the model explains none of the variation and a value of 1 means the model accounts 

for all of it. Values between 0 and 1 represent the proportion of variance explained, indicating 

how well your model fits the data. Therefore, R-squared obtained from the optimization of 

Table 4.26 is R²=95.33% this implied that the created model fits with 95.33% efficiency.  

Adjusted R-squared: It’s typically lower than R² and can even be negative in cases where the 

model is not useful. The greater the gap between R² and Adjusted R², the more likely 

unnecessary variables have inflated the model. As per the result shown in the table the adjusted 

R-squared found to be 81.31% which is lower than that of R-squared and the difference between 

the two value is 14.02%. This result shows how unnecessary variables affects the efficiency of 

the model. 

Standard Error of the Estimate (S): This is the average amount that our predictions differ 

from the actual data points. A lower standard error means more precise predictions. This metric 
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helps judge the reliability of the model’s forecasts and can be used to build prediction intervals. 

Therefore, the standard error of the estimate obtained to be 1.2891and this value highlighted 

that the model deviates from the dependent variable by that it.  

Analysis of Variance for SN ratios 

Table 4.27 Analysis of Variance for SN ratios 

Source DF Seq SS Adj SS Adj MS F P 

Precursor material 2 11.091 11.091 5.546 3.34 0.231 

Calcination Temperature 2 54.371 54.371 27.186 16.36 0.058 

Calcination time 2 2.359 2.359 1.179 0.71 0.585 

Residual Error 2 3.323 3.323 1.662     

Total 8 71.145         

 

Interpretation of ANOVA table for the S/N ratio 

Understanding the ANOVA table for the S/N ratio in a Taguchi design is vital to pinpoint which 

variables meaningfully influence the consistency of a product or process. This table supports 

the interpretations made from the main effect plot by offering statistical confirmation.  

Key insights come from the p-values, which highlight which factors have a statistically 

significant impact on the S/N ratio, reflecting their effect on process reliability. Moreover, the 

F-statistic measures the extent of each factor’s influence. While the p-value identifies 

significance, the F-statistic quantifies how strong that influence is larger values suggest a more 

pronounced effect, even if statistical significance is borderline. As it’s shown in Table 4.27 the 

p-value for all factors is a bit greater than the conventional threshold (α=0.05) and this implied 

that all the parameters have an impact, not that significant. In this case factor two had a better 

effect on final property (crystallite size and mass loss) of alumina ceramic and its strength of 

impact expressed by the F-value (F=16.36) which is greater than the others.   
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Response Table for Signal to Noise Ratios 

Table 4.28 Response Table for Signal to Noise Ratios 

Larger is better 

Level Precursor 

material 

Calcination 

Temperature 

Calcination 

time 

1 -3.1589 -6.8870 -3.6878 

2 -2.5545 -3.0225 -2.9648 

3 -5.1527 -0.9566 -4.2136 

Delta 2.5982 5.9304 1.2488 

Rank 2 1 3 

 

Interpretation of response table for S/N ratio   

A response table for S/N ratio in Taguchi analysis simplifies the process of evaluating how 

different factor levels influence the robustness of a system. It clearly outlines which levels lead 

to higher S/N ratios, helping in the selection of optimal parameters. In contrast to the ANOVA 

table, this one provides direct average S/N values for every level of each factor. Each factor is 

listed in rows, and its levels are shown in columns.  

Steps to Interpret: 

Select the Best Levels: For each factor, the level with the highest average S/N ratio represents 

the setting that boosts process stability the most. With this explanation, the best level for factor 

one is level two has a minimum negative value, so level two has a significant impact. For factor 

two level three and for factor three level two has a significant factor respectively.   

Evaluate Factor Significance: Look at the delta values, which show the range between the 

highest and lowest average S/N ratios for each factor. The larger the delta, the more that factor 

influences the outcome. Factors are ranked accordingly, with rank 1 indicating the most 

impactful. All factor may or may not have similar impact on the response variable and this can 

be identified by their rank obtained as shown in Table 4.28. The top ranked process parameter 

is factor two and then factor one. 

Examine Actual S/N Differences: Don’t just rely on rankings pay attention to how much the 

S/N ratios vary. Large differences mean level selection is more crucial. The other way to figure 
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out the level of impact of the factor is, to look at the difference between the highest and lowest 

value. Therefore, based on the result on the table the highest difference lied on factor two and 

this confirmed that this factor influenced the response much better than others.  

Analyze Level Comparisons: Compare how much impact each level has within a factor to 

determine whether the effects are similar or if one stands out significantly. The level of each 

factor might have large or narrow gab in their response and this indicates that how impactful 

the factor is. As it’s observed from the table factor one and two has a major difference in 

response with their different level though factor three did bring almost closest results. This 

analysis helped to conclude that choosing factor as the process parameter was a wrong decision. 

 Main effect plot for mean 

 

Figure 4.41 main effect plot for mean  
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Interpretation of main effect plot for mean 

To interpret a main effects plot in Minitab, you need to understand how each factor (input 

variable) impacts the average (mean) response variable. The plot visually demonstrates the 

relationship between factor levels and the mean response, and understanding its components is 

key to effective analysis. 

Components of the plot: The x-axis represents the levels of each factor, with each factor 

having its own axis. The y-axis shows the mean response variable, which is the average output 

value. Each point on the plot corresponds to the mean response for a specific factor level, and 

the lines connecting these points indicate the direction and strength of the factor's effect on the 

response. 

Steps for interpretation: 

Identify the most influential factors: Factors with steeper lines have a stronger effect on the 

response. A steep slope indicates that changes in the factor level significantly impact the mean 

response. The graph in the plot showed that factor two has a steeper line relative to other and 

that demonstrated that the factor has a greatest impact on the others.  Assess the direction of 

the effect: According to the plot in Figure 4.41,an upward-sloping line (from left to right) 

indicates a positive effect, meaning higher factor levels increase the mean response. A 

downward-sloping line suggests a negative effect, where increasing the factor level reduces the 

mean response. Based on the graph assessing the direction of the effect; for factor one, as moved 

from left to right the graph gets downward till level two and then got upward as moved to level 

three. This demonstrated that this factor has both negative and positive effect and so did for 

factor three. However, for factor two the graph turned downward through despite there is a 

slope change.    

 Determine the best factor levels: To optimize the response, identify the factor levels that 

produce the desired outcome. For maximizing the response, select the level with the highest 

mean response on the y-axis. For minimizing it, the level with the lowest mean response.  
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If aiming for a specific value, find the level closest to the target mean response was chosen. 

Based on the main plot analyses and its interpretation, the best level for factor one is level two, 

for factor two is level three, and for factor three is level two.   

Analyze the effect size: The slope of the line shows the direction of the effect, while the vertical 

distance between the highest and lowest points on the line reflects the magnitude of the effect. 

A larger vertical distance indicates a stronger influence on the response. This is another way to 

assess the magnitude of the impact on each factor and the factor with greatest vertical distance 

is factor two. This analysis confirmed or aligned with the other analysis done above.   

 Look for flat lines: A flat or nearly horizontal line suggests that the factor has little to no 

impact on the mean response across the tested levels. As per the graphs in the plot both factor 

one and three has lower vertical distance despite they are not that flat. This indicated that the 

two factors effect is not that much significant to the combined property of the product.  

Residual plots for S/N 

 

Figure 4.42 Residual plots for S/N ratio   
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Interpretation of Residual plots for S/N 

Key assumptions of the statistical model for S/N analysis: 

Normality of residuals: The residuals failed around the normal line and no outliers are 

observed. This validated that the model met the assumption Constant variance: The residuals 

should exhibit consistent variance across all factor levels. As observed the residual, some of 

them are stick together instead of scattered randomly. The plot in Figure 4.42 demonstrated that 

there is constant variance and the model met the assumption of constant variance. 

Independence of residuals: Residuals should not show patterns or correlations, meaning they 

should be independent of one another. Based on the graph of versus order plot, the residual’s 

graph has no distinct pattern and this indicated as the residuals are independent to each other.  

In conclusion, the optimization study successfully identified key factor setting for achieving 

desirable response in synthesis of nanoparticles. The single response optimization focused 

individually on the responses (crystallite size) and provided a useful information about the 

influencing factors and their levels. The crystallite size significantly affected by factor one and 

level one. The optimal crystallite size is obtained for factor one at level one, for factor two at 

level two, and for factor three at level one and three. The single response for mass/weight loss 

optimization gave the optimal value for factor one at level one, factor two at level three, and 

for factor at level on. Temperature was a dominant factor to influence the mass loss of thermal 

stability. However, these individually optimized conditions often conflicted the multi-response 

optimization. Specifically, the optimal conditions for the combined response (crystallite size 

and mass loss) were determined to be factor one at level two (Aluminum sulfate), factor two at 

level three(1200oC), and factor three at level two(4hrs). The predicted values represent the 

significant improvement over the initial conditions and demonstrate the effectiveness of mulit-

response optimization approach in simultaneously achieving desired outcomes. While the 

optimized condition at the process parameter combination of aluminum sulfate precursor 

material, 1200oC of calcination temperature, and 4hrs calcination time showed a promising 

result, further validation through and confirmation experiment is done to ensure the robustness 

and reliability of the optimized solution in practical applications. 
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4.3 Confirmation experiment  

The confirmation experiment is an indispensable step in Taguchi optimization methodology. 

Following the Taguchi method, optimization of process parameters based on Gray relational 

Analysis leads to the identification of a set of optimal factor levels. To validate the predicted 

improvements and ensure the robustness of these optimized conditions, confirmation 

experiment was crucial to conduct. This experiment was conducted based on the determined 

optimal parameter settings obtained from the multi response optimization. The confirmation 

experiment serves as a critical step to verify that the predicted improvement in performance is 

indeed realized in practice and that the chosen factor level consistently yields desirable results. 

For this reason, a sample was synthesized based on the optimum parameter settings obtained 

(Aluminum sulfate, 1200oC, and 4hours) using Sol-Gel method of synthesis as shown in Figure 

4.43 below.  

 

Figure 4.43 confirmation experiment sample 
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Figure 4.44 the XRD result of confirmation experiment sample. 

Table 4.25 XRD result of confirmation experiment sample  

S.N 2Ɵ λ(nm) FWHM 

(𝛽) 

(rad) 

Phase   

𝐷 =
𝐾λ

𝛽𝐶𝑂𝑆Ɵ
 

 

Average  

Crystallite size  

Size (nm) 

1 43.5 0.290 0.041 α 6.8  

      5.3 2 35.3 0.240 0.046 α 4.9 

3 57.5 0.20 0.047 α 4.3 

The optimum parameter obtained are similar with the combination of sample six except the 

calcination time. However, from both single and multi-response optimization the calcination 

time has no or a little a significant influence on the response. Based on (Kaur et al., 2020) in 

reference to Joint Committee on Powder Diffraction Standards (JCPDS) stated the angles (2Ɵ) 

at which different peaks are formed. XRD patterns which exhibit broad peaks centered at 2Ɵ 
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of 43.5,35.3, and 57.5 alpha phase appears as it was discussed in the beginning of the XRD 

analysis. This deduction was proved using the confirmation experiment that the phase and the 

average crystallite size is almost similar (5.3nm for the confirmation sample and 5.2nm) except 

the intensity was observed reduced and a little difference in crystallite size as shown in table 

4.25. The could be   due to the little effect of the calcination time and the overall control of the 

synthesis process. Similarly, impurities were observed and these impurities appeared as the 

consequence of the efficiency of the process and impurities      
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CHAPTER FIVE 

CONCLUSION AND RECOMMENDATION 

5.1 Conclusion 

Aluminum oxide (alumina) was synthesized using the familiar bottom-up method called Sol-

gel method. The synthesis process was based on the application of L9 orthogonal array design 

of experiment and provided the suitable combination of the three-process parameter with their 

three level each. The obtained alumina nanoparticle was characterized using XRD to know the 

crystalline size (20.6nm,6.5nm,5.8nm,8nm,6.9nm,5.2nm,26.5nm,8.6nm, and6.5nm) and the 

phase (α, Ɵ, δ, and γ) of the synthesized powder, TGA was conducted to know the mass lose in 

each sample (5.70%,5.40%,4.90%,6.00%, 5.50%, 5.00%, 6.53%, 5.60%,and 5.30% 

respectively), and SEM to investigate the morphology of the nanoparticles in each sample. The 

purity of the synthesized nanoparticles was observed from the EDX characterization and 

determined as the main constituent elements as aluminum and oxygen. Based on the results 

obtained from the characterization (crystallite size and mass loss), the single response and 

multi-response optimization was done and the optimum value obtained and the significant 

factor was identified. This study provided a valuable framework for understanding and 

controlling the complex interplay of factors influencing the performance of the alumina ceramic 

and shading a light the way for the future research and development efforts. The different phase 

of alumina obtained through different combination of the process parameters found to be helpful 

to synthesis for specific application. In addition, this study shades a light that it’s possible to 

change the levels to change the specific property of the final product.  

5.2 Recommendation 

The synthesis process that leveraged the design of experiment and the optimized results showed 

a very promising results to see the optimal synthesis process and study the complex interplay 

of different process parameters. However, further validation and different and additional 

consideration is highly recommended. The factor which contributed insignificantly need not to 

be taken like calcination time and recommended to consider parameters like pH value, different 

precursor materials (organic and inorganic), stirring conditions and so on. The calcination 

temperature shouldn’t be the transition temperature of phase transformation. The synthesis 

process should be highly controlled in order to reduce impurity.    
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