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Abstract 

 

Coffee aroma compounds are one of the roasted coffee bean quality signatures and have played 

a major role in establishing the popularity of coffee beverages worldwide. The formation of 

coffee aroma happened during roasting, where the green beans were exposed to the hot air (200 

- 240 ℃) for 10 to 15 minutes or until it became roasted/dark brown coloured. During coffee 

bean roasting, the temperature of hot air and roasting time are two important process variables 

that could be used to control the roasted coffee bean quality. However, previous works on 

coffee roasting models mainly used constant heating air that has limited application in a coffee 

sensory modification. Therefore, our study had focused on modelling the varying heating 

profile for coffee bean roasting to investigate the effect it has on roasted coffee bean qualities. 

Our works can be divided into 3 sub-topics; the development of 2-D single coffee bean model 

for bean’s temperature prediction, the coupled 2-D model with multiresponse kinetic model 

and neural network model for coffee aroma formation prediction, and the investigation between 

roasting conditions and coffee bean’s colour and sensory evaluation using the image and data 

analysis.    

 

First of all, we had developed a 2-D model of single coffee bean roasting. Unlike existing 3-D 

model of single coffee bean roasting that usually used constant heating temperature, our 2-D 

model could be used for varying heating profile with an affordable computational cost. The 2-

D model was designed to achieve minimum discrepancies with experimental data using 

estimated parameters of bean’s thermal conductivity and moisture diffusivity. The model 

validations were carried out for different bean sizes, different heating profiles, and the cooling 

stage after roasting with an average root mean square error (RMSE) of 3 ℃. The 2-D model 

was also compared with a 3-D model which gave an absolute difference in error of less than 

5  ℃. The predictive ability of the 2-D model could be used in forecasting other product 

qualities that are dependent on bean temperature such as the formation of aroma compounds. 

 

Secondly, we had coupled the previous 2-D model with a multiresponse kinetic model of coffee 

aroma formation. 2-methylpyrazine was chosen as the studied coffee aroma, which belongs to 
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one of the major aroma group in roasted coffee called alkylpyrazine, contributes to the nutty, 

roasty, and earthy notes in coffee aroma. A simple first-order multiresponse kinetic model was 

used to describe the formation of 2-methylpyrazine during roasting. The multiresponse kinetic 

model has an average RMSE of 0.24 ng/mg, and poor model fit for moderate and slow heating 

profiles. Therefore, we had introduced a long short-term memory (LSTM) model, an artificial 

neural network (ANN) that was able to predict the aroma profile for multiple sets of varying 

heating profiles (slow, moderate, and fast). The LSTM model validations gave excellent results 

with an average RMSE of less than 0.1 ng/mg. 

 

Finally, we had investigated the relationship between the roasting conditions and coffee bean’s 

colour and sensory evaluation using the image and data analysis. Conventionally, the coffee 

bean’s colour and its’ sensory evaluation were used to monitor roasted coffee beans’ quality. 

The relationship between these two quality indicators with roasting conditions is uncertain. 

Therefore, we had investigated the effect of degree of roasting (light, medium, and dark roast) 

and multiple sets of varying heating profiles (slow, moderate, and fast) towards the coffee 

sensory evaluation. In addition to that, we introduced two image acquisitions; digital camera 

and hyperspectral imaging (HSI) to analyse the studied coffee bean powder. The data analysis 

used is principal component analysis (PCA) and ‘naïve’ Bayes classification which was able 

to separate between light and dark degree of roast. The coffee sensory attributes had shown 

considerable differences between light, medium, and dark roast. However, the analysed data 

for multiple sets of varying heating profiles showed random distribution and became 

dense/complex towards the dark roasting degree.  

 

In conclusions, our study had contributed to a better understanding of roasting conditions 

specifically on the multiple varying heating profiles. The proposed 2-D model, LSTM network, 

and image data analysis had proven to be powerful tools as a soft sensor to predict the roasted 

coffee beans’ quality during roasting. These techniques could not only be used for the in-depth 

study of roasted coffee bean qualities but also could be applied to other food processing. 
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1.1 Research overview 

Coffee has attracted many people with its rich aromas and flavours. The popular ingredient of 

coffee which is caffeine gives coffee a bitter taste, and at the same time acts as a brain 

stimulator that made coffee drink irresistible. Nowadays, coffee has not only become one of 

the most popular beverages in the world but also one of a vital diet component for adults. 

Research on the impact of coffee on health found that coffee can lower the risks of Alzheimer’s 

disease, type 2 diabetes, cardiovascular disease, liver and kidney cancer (Bonita et al., 2007, 

Nkondjock, 2009, Arendash and Cao, 2010, Bisht and Sisodia, 2010). However, a 

recommended coffee intake is up to 2 to 3 cups per day to avoid risks of sleeplessness, and 

hypertension (Butt and Sultan, 2011).  

 

The conventional methods of coffee quality identification rely on human sensory evaluation; 

human visual to identify the roasted coffee colour and human sensory of smell and taste to 

determine sensory attributes of coffee aroma and flavour. However, these methods are 

subjective due to human nature, and an exhaustive technique for large-scale implementation. 

Nowadays, instrumentation technology has been explored to provide an accurate quality 

measurement that can replace human sensory evaluation. Though, to have a precise 

measurement will involve an expensive instrumentation, which many had resolved to an 

alternative solution of process modelling and simulation. 

 

Mathematical models are used to describe a process, where the process variables can be 

controlled to achieve desired product quality. Vast knowledge and understanding of the process 

are important to provide models that are able to predict targeted process variable accurately. 

During roasting, coffee bean temperature increases whilst losing its moisture and producing 

aroma and flavour. These three variables (temperature, moisture, and aroma compound) has 

been identified as important quality indicators to monitor the roasting process. However, the 

relationship between these variables is not well established.  

 

As roasting progressed, the physical (i.e. bean’s colour and size) and chemical (i.e. coffee 

aroma compound) properties of coffee beans changes due to the simultaneous heat and mass 

transfer, and roasting reaction. These factors contribute to the complexity of coffee roasting 

models. Another issue is a varying heating profile (also called profile roasting) as the roasting 

temperature changes with time. The roasting method has been introduced to offer a 
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modification in coffee sensory quality. The current study is designed to address these issues by 

developing models that are able to predict roasted coffee bean’s quality.  

 

1.2 Research objectives and scope of work 

The main purpose of the research work is to develop mathematical models that can be used to 

predict the quality of the roasted coffee bean. Specific research objectives were listed below. 

These objectives are relatable to the subsequent chapters in the thesis as presented in Table 1.1. 

1. Construct and validate single coffee bean model to predict bean temperature during 

roasting. (A single coffee bean (half ellipsoid shape) is modelled in both 2-D and 3-D 

model in which a comparison of both can be studied) 

2. Construct and validate reaction kinetic model to predict coffee aroma formation during 

roasting. (The developed 2-D model will be extended using both first principle model 

and grey box model in which a comparison of both can be studied.) 

3. Investigate the relationship between roasting conditions and coffee aroma formation. 

(The roasting conditions studied are degree of roast and heating profiles. Meanwhile, 

the coffee aroma studied is 2-methylpyrazine.) 

4. Investigate the relationship between roasting conditions and coffee sensory quality and 

image analysis. (The coffee sensory study was done by 25 untrained panellists. The 

image acquisition are digital camera and hyperspectral imaging.) 

 

1.3 Thesis outline 

Following this chapter, the papers comprising this thesis will be presented. An outline of these 

papers is given in Table 1.1. The papers will be followed by conclusions and future 

recommendations chapter which provides a summary of the research findings and areas for 

future research.  
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Table 1.1: Summary of the papers presented in the thesis. 

Chapter Summary Thesis aim Novelty 

2 Chapter 2 provides a review of coffee roasting and coffee roasting 

models. The development of the data-driven model in coffee roasting was 

also reviewed.  

 

 Summary of literature on coffee roasting 

modelling and research gaps are identified.  

3 Chapter 3 provides the development of 2-D single coffee bean model for 

varying heating profiles that can be used to predict bean temperature. 

Model validation was carried out for three ranges of bean sizes, different 

roasting speeds and cooling stage. Comparisons of constant heating 

temperature and 3-D model were also included. 

 

1 The 2-D single coffee bean model offers an 

affordable and reliable prediction of bean 

temperature using varying heating profiles. 

4 Chapter 4 provides coupled 2-D single coffee bean model with 

multiresponse kinetic model and deep layer long short-term memory 

(LSTM) model that can be used to predict the 2-methylpyrazine, a key 

coffee aroma compound during roasting. The relationship between 

different heating profiles with 2-methylpyrazine formation was also 

investigated. 

 

2, 3 The coupling of 2-D single coffee bean 

model (first principle model) with deep 

layer LSTM model (data-driven model) 

gives accurate prediction of 2-

methylpyrazine. 

 

5 Chapter 5 provides image analysis of digital camera and hyperspectral 

imaging using the grey level co-occurrence matrix (GLCM), principal 

component analysis (PCA), and naïve Bayer classification to classify 

various roasting conditions; 3 different degree of roasts and 3 different 

heating profiles. The sensory evaluation was also analysed and the 

relationship between roasting conditions and coffee sensory was 

investigated.  

 

4 The grey level co-occurrence matrix 

(GLCM), principal component analysis 

(PCA), and naïve Bayer classification 

could be used as image analysis techniques 

that can predict the coffee sensory.  
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2.1 Foreword 

This chapter will present an overview of the literature on the development of coffee roasting 

models. Information on coffee roasting reaction is summarised to give insight on its important 

role. The applications of process analytical techniques (PAT) and soft sensor development are 

also covered. This chapter will be a basis on the research works done in the subsequent 

Chapters 3 to 5.   

 

2.2 Introduction 

Coffee has become one of the world’s most precious commodities. The world coffee 

consumption has been increasing over the past 10 years with an average annual growth rate of 

2.23% (ICO, 2014-2019). Nowadays, the leading producers of green coffee beans are Brazil, 

Vietnam, and Colombia. Meanwhile, most coffee is consumed in the European Union, USA 

and Japan, where more valuable roasted coffee is produced.  

 

After harvesting, the ripe coffee cherry goes through a pre-treatment for pulps removal and 

ensuring a moisture range of 11 – 12% (Wintgens, 2004). Moisture content in green beans is 

important to have safe storage (to avoid bacteria growth) and prepare them towards roasting 

(low and uniform moisture content). The pre-treatment methods also contribute to the 

difference in roasted coffee flavour quality especially the wet processing (Gonzalez-Rios et al., 

2007, Lee et al., 2015). Then, the green beans will undergo roasting where the coffee aroma is 

produced. Final processes are coffee beans grinding and brewing that also has an impact on the 

aroma quality of coffee drink (López-Galilea et al., 2006). Among all of the listed process, 

coffee roasting industry poses a great challenge in the process control and online product 

quality monitoring.   

 

The quality of roasted coffee beans is usually defined by its colour and sensory. The colour 

was also categorised using the degrees of roast (light, medium and dark) for a standard 

commercial purpose. Similarly, more specific degrees of roasts are classified into 9 classes; 

Cinnamon, New England, American, City, Full-City, Vienna, French, Italian and 

Spanish/Turkish roast. Davids (2003) mentioned that these degrees of roast classification also 

called as the style of roast, in which he had listed in accordance to the roast flavour and 

Specialty Coffee Association of America (SCAA) Colour code. However, the application of 
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this quality standard is not universal, due to the extensive coffee beans varieties and origins 

that have different sensory aroma attributes (Bhumiratana et al., 2011). 

 

Recent advances of process control and monitoring in coffee roasting include various 

applications of instrumentation as well as mathematical models; first principles and data-driven 

models. The mathematical modelling approach is seen to be an affordable and reliable 

alternative to be used in complex food processing such as coffee roasting. The common 

application of first principles model in coffee roasting is mass, heat, and momentum transfer. 

Meanwhile, for data-driven model the established methods usually used are principal 

component analysis (PCA), partial least squares (PLS), and artificial neural network (ANN) 

(Kadlec et al., 2009). The current rise of big data analytics has seen rapid development in the 

usage of the data-driven model (Diez-Olivan et al., 2019, McCoy and Auret, 2019).  

 

This review will first look at the basics of coffee roasting. The sub-topics includes the physical 

and chemical changes during roasting and the formation of aroma by roasting reactions. After 

that, a section on mathematical modelling approach for coffee roasting will be introduced. This 

section will identify the single and batch roasting modelling developed by previous literature, 

the challenges that were tackled and yet unresolved. The review will also look at the application 

of process analytical techniques and soft sensors in coffee roasting. Finally, the review is 

concluded in the conclusions section. This review can be useful to further research on the 

thermal process modelling of food and model-based optimisation specifically on coffee 

roasting. 

 

2.3 Coffee roasting basics 

Roasting is known as a process that uses hot air as a heating medium and modifies the food 

quality by reducing water content. It can be normally applied to meats, nuts, coffee beans and 

vegetables (Fellows, 2009). The term roasting usually involves the temperature of the air at 

above 100℃ until up to 300℃. The roasting temperature contributes to the complex phenomena 

of not only simultaneous heat and mass transfer but also the physical and chemical changes 

due to chemical reactions and build-up pressure inside food. This has given challenges to 

predict the food temperature during roasting in order to avoid under or over roasted end 

product. 
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Batch coffee roasting usually applied in the industry with common types of coffee roasters are 

rotary drum and fluidised bed. Coffee roasting is where the green coffee beans were exposed 

to hot air at around 200 ℃ to 240 ℃ for 10 to 15 minutes to produce aromatic roasted coffee 

beans. However, depending on the air temperature, batch volume, and roaster design, roasting 

time might vary. The temperature and time profile has been known to play a crucial role in 

coffee aroma formation and thus its flavour (Baggenstoss et al., 2008). Moreover, the roaster 

type, which has a different heating source and exhaust system also give a significant impact to 

the roasting process. After roasting, the beans cooled rapidly either by air or water cooling 

(quenching) to stop the roasting reaction and practically avoided the over-roast of coffee beans.  

 

2.3.1 Physical and chemical transformation 

During roasting, coffee bean undergoes physical and chemical transformation caused by 

process conditions as discussed in previous Section 2.0. The continual changes in bean 

properties are one of the major challenges in modelling coffee roasting. The physical change 

includes the colour, size, and textural characteristic of coffee beans. Meanwhile, the chemical 

change can be divided into two, the chemical composition and organoleptic properties. The 

organoleptic properties of the coffee bean are closely related to the roasting reaction and aroma 

formation which will be discussed in Section 2.3.2. Figure 2.1 shows the transformation of 

green coffee bean towards roasted bean as roasting progressed. 

 

Figure 2.1: Transformation of coffee bean during roasting; from green bean to roasted bean.  

Green coffee bean consists of polysaccharides, lipids, proteins, sucrose, water and chlorogenic 

acids (Wang, 2012) as its primary ingredients. Nonetheless, green coffee bean does not possess 
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a strong flavour compared to the roasted coffee bean. The green bean colour turned to dark 

brown (see Figure 2.1) in consequences to the non-enzymatic browning reaction also known 

as Maillard reaction. The changes of colour according to grey levels can be followed in stages 

during roasting (Hernandez et al., 2008), which defines the degree of roast and was practically 

used in industry. 

 

Maillard reaction which includes Strecker degradation and pyrolysis reaction produces carbon 

dioxide gas, water and volatile organic compounds (Buffo and Cardelli-Freire, 2004). These 

simultaneous reactions resulted in the abundance of aromatic compounds in coffee. The 

concentration of volatile organic compound in roasted coffee varies a lot by the geographic 

origins (Cheong et al., 2013) and roasting conditions (Moon and Shibamoto, 2009). The main 

volatiles in roasted coffee include furans, sulphur-containing compound (e.g. 2-furfurylthiol), 

pyrazines, furanones and phenolic compounds (Sunarharum et al., 2014). Each volatile 

contribute to specific flavour, which quantifies the quality of roasted coffee.  

 

During roasting, the weight loss rate of coffee bean increases substantially (Franca et al., 2009). 

This is the result of Maillard reaction which has been explained earlier. At the same time,  the 

formation of CO2 gas (Maillard reaction by-product) increases and builds up an internal 

pressure that causes the bean size expanded (Schenker et al., 2000). It was observed that the 

bean size homogeneously expanded in all angles along with the increases of the roasting 

temperature (Hernandez et al., 2008). During bean expansion, the bean wall structure retained 

and therefore developed brittle texture. As a result, roasted coffee beans became porous and 

have a lower density.  

 

2.3.2 Roasting reaction and aroma formation 

A coffee bean is comparable to a chemical reactor, in which chemical reactions occurred within 

bean cells upon elevated temperature and pressure. After the drying stage ended, almost half 

moisture inside bean has evaporated, the roasting reaction took place. The condition has been 

reported to occur at around bean temperature of 160 – 240 ℃ (Abdul Ghani et al., 2015) based 

on the exothermic profile of thermogravimetry analysis (TGA). The roasting reaction is 

extremely complex involving hundreds of aroma compounds (Flament and Bessière-Thomas, 

2002) and multiple reaction mechanisms (Buffo and Cardelli-Freire, 2004). 
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Many review papers and book chapters focused on the coffee aroma formation which includes 

Sunarharum et al. (2014), Dulsat-Serra et al. (2016), Yeretzian (2017) and Poisson et al. (2017). 

Amongst hundreds of flavour compounds, several groups have been identified to contribute to 

the coffee sensory quality. Yeretzian (2017) has compiled 72 key odorants with its 

concentration, aroma descriptor and sensory threshold. For example, 2,5-dimethylpyrazine 

have been reported to have cocoa, and roasted nut flavour notes, present in coffee at 4 550 – 

11 730 ppb with a sensory threshold of 80. Pyrazine is the largest group listed by Yeretzian 

(2017) and it is known to have a low sensory threshold, which means it is easily detected by 

human sensory. This is probably the main reason for its selection as a key aroma compound in 

coffee.    

 

Poisson et al. (2017) had discussed in great detailed the role of main flavour precursors in green 

coffee beans such as sugars, proteins, free amino acids, trigonelline, and chlorogenic acids 

(CGA). These precursors are varying in its amount by different coffee species (e.g. Arabica 

and Robusta) and geographical origins which resulted in diverse sensory properties. Poisson et 

al. (2017) also explored the roasting conditions that affected the aroma profile during roasting 

such as the roasting degree, time-temperature profile, and moisture content. Different time-

temperature profile at similar roast colour was reported to have different aroma compounds 

concentration (Baggenstoss et al., 2008). The time-temperature profile has a great impact on 

the roasted coffee aroma as it is significantly related to its formation kinetics. Hence, the 

modification of the time-temperature profile could optimise the roasting process in providing 

desired roasted coffee quality with optimal process conditions. 

 

As mentioned earlier, the roasting reaction that involved in the formation of flavour compounds 

is relatively complex. Therefore, research on the identification of these aroma compounds and 

it’s kinetic has been done continuously over the past decades. Off-line instrumentation for 

coffee aroma compound is the gas chromatographic – mass spectrometry (GC-MS) (Maeztu et 

al., 2001, Mondello et al., 2005) where the aroma can be identified by the vast mass spectral 

library. On-line instrumentation to monitor coffee aroma formation are also mass spectrometric 

techniques such as proton-transfer-reaction mass spectrometry (PTR-MS) (Mateus et al., 

2007), laser-based resonance-enhanced multiphoton ionisation process mass spectrometry 

(REMPI-MS) (Hertz‐Schünemann et al., 2013), ion mobility spectrometry-mass spectrometry 

(IMS-MS)(Gloess et al., 2018). These applications could provide an approximation of aroma 

profile and its trend during roasting, however, it is relatively expensive.    
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2.4 Mathematical modelling  

Thermal food processes involved both heat and mass transport (evaporation of moisture) and 

therefore, it is governed by coupling the mass and heat transfer equations. Mathematical models 

became a useful tool that could replicate complex thermal food process such as coffee bean 

roasting. Mathematical modelling of coffee bean roasting can be divided into two categories: 

single bean and batch roasting, which will be discussed in the subsequent sub-sections.     

 

2.4.1 Single bean roasting modelling 

Single bean roasting modelling is a detailed approach to investigate and replicate the 

simultaneous heat and mass transfer inside the bean. Figure 2.2 shows a cross-section of three-

dimensional (3-D) single coffee bean during roasting, where the bean temperature distribution 

could be seen via model simulation. Studies using single bean approach had provided specific 

insights on the bean’s properties during roasting, which could affect the final product quality.  

 

 

Figure 2.2: The cross-section of 3-D simulation of single coffee bean roasting (Abdul Ghani 

et al., 2019).  

Three-dimensional (3-D) model of single coffee bean roasting has been proposed by Fabbri et 

al. (2011), Chiang et al. (2016) and Oliveros et al. (2017). Fabbri et al. (2011) assumed natural 

convection heat transfer and introduced a linear relationship of bean’s thermal conductivity, 

thermal diffusivity, and specific heat with its moisture content. The model fits experimental 

data with root mean squared error (RMSE) of 6 ℃. In comparison to Fabbri et al. (2011), 

Oliveros et al. (2017) assumed a forced convection heat transfer and introduced non-linear 

relation of bean’s porosity with time, which gives a better prediction of bean temperature.   
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While Fabbri et al. (2011) and Oliveros et al. (2017) focused on the evolution of bean core 

temperature, Chiang et al. (2016) provide information on roaster conditions such as roasting 

temperature, air velocity in the roasting chamber and exhaust window. The non-uniform 

distribution of roasting temperature inside chamber has been neglected by previous coffee 

roasting models, in which this transient behaviour gave impact to the bean temperature. 

Similarly, the varying heating profile is applied in developing a 2-D model as an alternative to 

3-D (Abdul Ghani et al., 2019) (Chapter 3). Though a model comparison with Chiang et al. 

(2016) is not possible because only part of experimental data was published in the paper. 

However, we had compared the 2-D model with both Fabbri et al. (2011) and Oliveros et al. 

(2017) which shows a comparable accuracy. 

 

Another study by Alonso-Torres et al. (2013) had simulated single coffee bean roasting using 

computational fluid dynamic (CFD). The model was originally proposed by Schwartzberg 

(2002) for batch coffee roasting which will be discussed in the next section.  

 

2.4.2 Batch roasting modelling 

Batch coffee roasting models have been reported by Schwartzberg (2002), Hernández et al. 

(2007), Bruchmüller et al. (2010) and Bottazzi et al. (2012). Currently, one dimensional (1-D) 

model is used to model batch roasting process. Schwartzberg (2002) had proposed a semi-

physical model for drum roaster, which has been improved to accommodate different types of 

coffee roasters such as spouted bed coffee roaster (Heyd et al., 2007).  

 

Schwartzberg (2002) had also introduced the rate of exothermic heat production during 

roasting which was adapted by Hernández et al. (2007), and Bottazzi et al. (2012). However, 

Schenker (2000) has reported that the exothermic heat did not influence the bean temperature. 

In consequence, many have neglected the exothermic heat production including the single bean 

models (Bruchmüller et al., 2010, Fabbri et al., 2011, Oliveros et al., 2017). As discussed earlier 

in Section 2.3.2 (Roasting reaction and aroma formation), the phenomena of exothermic heat 

production by coffee roasting has been reported by Abdul Ghani et al. (2015). Although it 

might not directly contribute to the increment of bean temperature, its impact on the roasting 

reaction requires further/in-depth study. 
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Recently, a predictive model that demonstrated the bean expansion has been introduced by  

Bustos-Vanegas et al. (2018). The model parameters are roasting temperature and water 

content. However, Bustos-Vanegas et al. (2018) only applied the model for isothermal batch 

roasting. A More in-depth study could be done by coupling the expansion model with other 

bean’s quality predictive model such as bean temperature, aroma compounds, and sensory 

profile.  

 

2.4.3 Modelling challenges  

Through mathematical modelling and process simulation, the fundamental aspects of coffee 

roasting can be described and the parameters that reflect the product quality can be predicted. 

Therefore, mathematical modelling and simulation are considered to be a powerful tool to 

understand a complex yet important process such as coffee roasting. However, due to the 

roasting complexity, previous models had ended up with neglected occurrences such as the 

varying heating profile and uncertainties in estimating the properties of the beans (Hernández 

et al., 2007, Fabbri et al., 2011). Although some studies had tried to solve these issues (Chiang 

et al., 2016, Oliveros et al., 2017), a robust model is yet to be developed.   

 

The complexity of heat and mass transport equations lies in understanding the internal mass 

transfer such as vapour diffusion and surface evaporation (Sun, 2012). This includes the 

multiple phases exist during roasting. The microscopic view from inside of the coffee beans 

would suggest water transport behaviour occurred during roasting. As different materials have 

different water transport pathways depending on their microstructure (Defraeye, 2014). 

Modelling the transport of water and water vapour inside the food system is complex due to 

changes in porosity, diffusivity and properties during roasting (Datta, 2007a). The behaviour 

of water inside the bean during roasting is important as it affects heat and mass transport. 

Though it is difficult and complicated phenomena as it involves the microscopic features of 

coffee beans, it is important to be addressed. As temperature increases during roasting, the 

water disappeared/evaporated from the coffee beans. The condition of low moisture and high 

temperature has promotes the roasting reactions, where the formation of CO2 and other volatile 

organic compounds increases. The different degassing behaviour of CO2 could be attributed to 

the different water and oil contents of beans at a different degree of roast (Wang, 2014). The 

formation of CO2 and water also relates to the bean structure and aroma compounds (Geiger, 

et al., 2005).  



14 

 

 

Another challenge is the properties that vary significantly (Datta, 2007b). As data properties 

depended on temperature and moisture content leads to time-consuming measurement and 

analysis (Defraeye, 2014). These detailed properties presumably contribute to errors if taken 

lightly. Empirical models are often used to predict bean’s properties such as thermal 

conductivity, density, and specific heat capacity (Fabbri et al., 2011, Chiang et al., 2016). The 

absence of a robust model is likely because of the complex transport phenomena that were 

previously discussed.  

 

During roasting, bean volume expansion affected by gas formation, dehydration, bean 

temperature and roasting time (Schenker et al., 2000). Roasting has transformed green beans 

into roasted coffee beans that are almost 3 to 4 times its original volume. The surface area of 

coffee bean has been studied using a data-driven model of neural network (Hernandez et al., 

2008) which will be covered in the next Section 2.5. Although in coffee roasting, not many 

have discussed the volume expansion, the phenomena of shrinkage or deformation during 

thermal food processing has been widely studied because the impact of the phenomena towards 

temperature and moisture prediction is significant (Mayor and Sereno, 2004).  

 

2.5 Process analytical technology (PAT) and soft sensor development 

Soft sensors are a data-driven model that used to predict process variables which could not be 

measured on-line due to high instrumentation cost or the technology is not yet available 

(Kadlec et al., 2009). Soft sensors contributed to the real-time process monitoring and product 

quality control also known as process analytical technology (PAT) in the food industry (van 

den Berg et al., 2013).  

 

As mentioned earlier, Hernandez et al., (2008) has proposed a neural network model of bean 

expansion during roasting. The model could take into account non-linearity and relationship 

between process variables. The study also proposed a neural network model to predict coffee 

bean brightness. The measurement of brightness was done using a video camera (RGB colour). 

Though physical characteristic of roasted coffee bean was easily detected, the information 

given was limited. People seek for more comprehensive data on chemical compounds and 

sensory properties of coffee beans.  
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Chemical compounds of the roasted coffee determined the quality of brewed coffee by having 

different aroma and flavour. The infrared (IR) spectral techniques have been successfully 

applied in characterising the roasted coffee compositions (Barbin et al., 2014, Catelani et al., 

2018). The method is known to be non-destructive, fast and reliable. However, the approach 

requires further optimisation to minimise noises and more information on the representation of 

the ranges identified wavelength. The cost of an infrared spectroscopy instrument is also 

relatively expensive (Huang, et al., 2008). 

 

Meanwhile, an alternative analysis using Hyperspectral Imaging (HSI) has been introduced to 

the food industry. Comprehensive reviews on HSI applications in food quality and safety 

assessment has been reported by Huang et al. (2014). HSI provides spatial and spectral data 

from a combination of imagery and spectroscopic analysis (Gowen et al., 2007). Figure 2.3 

shows an example of HSI application in roasted coffee beans classification of the degree of 

roast. The application of HSI has been discussed by Backhaus and Seiffert (2014) using data 

of green bean varieties. This method shows promise for online analysis implementation.  

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2.3: Hyperspectral imaging for classification of degree of roast in roasted coffee 

beans.  

Sensory evaluation is also used to collect responses of aroma, taste, and colour of food product 

and currently can be considered as the most reliable response to assess coffee beverage quality. 

The use of HSI in a sensory study has been explored by Baiano et al. (2012) in evaluating table 

grapes sensory prediction and  Cheng and Sun (2015) in fish fillet sensory prediction. The 
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potential of HSI in forecasting coffee sensory attributes has been demonstrated in our recent 

submitted paper (presented in the thesis as Chapter 5: How do roasting conditions affect coffee 

bean sensory?).  

 

2.6 Conclusions 

This paper had reviewed on coffee roasting and its process conditions that affected coffee 

aroma quality. The mathematical modelling is a powerful approach that can simulate the 

roasting process and subsequently predicted the roasted coffee bean quality. The first principle 

model (Section 2.4) provides vast knowledge on the process, however due to its complexity, 

the model requires loads of information, such as properties estimation, and multiphase system 

identification. Meanwhile, the data-driven model (Section 2.5) has shown its potential to 

replace conventional process instrumentation and help understand the real process.  
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3.1 Foreword 

This chapter will present the development of 2-D single coffee bean model that could predict 

the bean’s temperature during roasting. The main features of the proposed model are the 

affordable computational cost compared to the 3-D model, able to simulate under varying 

heating profiles, and highly reliable. The model validation was carried out for different bean 

sizes, different roasting speeds, and cooling stage, which proved its capability. Partial 

Differential Equation Toolbox MATLAB was used to solve the models and the codes can be 

found in Appendix A-1 and A-2. This work will be the basis for the next Chapter 4 as the 

predicted bean’s temperature will be used to predict the aroma formation during roasting.    

 

3.2 Introduction 

Apart from functional food, coffee has become an essential drink as it can provide caffeine 

and antioxidant dosage for daily requirement (Dórea and da Costa, 2005). During coffee 

production, roasting is considered to be the most important part, as it produces several hundreds 

of aroma compounds (Flament and Bessière-Thomas, 2002). Roasting phase starts when half 

of the free water inside the beans are removed by evaporation, proceeding with roasting 

reactions such as Maillard reaction, Strecker degradation, pyrolysis, and degradation of 

nonvolatile compounds (Buffo and Cardelli-Freire, 2004, Farah, 2009, Rodrigues and 

Bragagnolo, 2013). The roasting process ends with immediate cooling, either by quenching or 

air-cooling.   

 

The coffee roasting industry has initiated various designs of commercial coffee roasters, both 

for small- and large-scale coffee processing systems such as rotating drum, centrifugal, 

fluidized bed, and continuous roaster (Schwartzberg, 2005). The large-scale coffee roaster 

requires a high roasting temperature of 260 to 530℃, with relatively constant air/fuel ratio 

(Schwartzberg, 2013). This condition leads to a constant air heating temperature throughout 

roasting. The aroma formation of roasted coffee is affected by the time-temperature profile of 

the bean during roasting (Schenker et al., 2002, Baggenstoss et al., 2008). Therefore, the 

varying heating profiles provide infinite modification of time-temperature profile of the bean, 

compared to constant heating temperatures. Current industrial roaster suppliers also offer 

varying heating profiles to accommodate the needs of higher coffee quality (Guenther et al., 

2010). In current literature, there is not much roast bean modelling for varying heating profiles. 
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Therefore, in this study, we will consider the varying heating profiles effect on the bean 

temperature profile.  

 

Current bean roasting modelling mainly focuses on constant heating temperature, in which its 

computation is affordable. The evolution of coffee roasting models started with a one-

dimensional (1-D) model based on drum roaster developed by Schwartzberg (2002). This 

model predicted the average bean temperature, which was then improved by Heyd et al. (2007), 

by incorporating the internal distribution of bean moisture and temperature. However, the 

assumption of spherical geometry in the 1-D model does not represent the real coffee bean 

structure. A three-dimensional (3-D) model that simulates the semielliptical and real structure 

of a single bean (digitized geometry) was introduced by Fabbri et al. (2011). Other 3-D models 

investigated the fluid dynamic inside roaster, where exhaust window and roaster heat output 

had influenced the air velocity and temperature profile (Chiang et al., 2016). Oliveros et al. 

(2017) developed a 3-D model that included the dynamic pores formation inside the bean 

during roasting. This information contributed to the precise prediction of bean temperature. 

However, the application of the 3-D model is limited to single bean (Fabbri et al., 2011, Alonso-

Torres et al., 2013, Chiang et al., 2016) and three-bean (Oliveros et al., 2017) roasting processes 

because of high computational cost.  

 

For varying heating profiles, it is believed that the 2-D model should be used since it can 

provide similar accuracy and is affordable in computation cost in comparison to 3-D model. 

To date, there is no two-dimensional (2-D) model for coffee roasting. However, the 2-D model 

has been successfully applied in other thermal processing techniques such as spray drying 

(Mezhericher et al., 2009) and bread baking (Mondal and Datta, 2010). Unlike the 3-D model, 

the geometry of a 2-D model reduces the elements of mesh, which significantly reduces the 

computational effort. Therefore, a 2-D model with appropriate assumptions and good 

parameter estimation for single coffee bean roasting is proposed in the current paper and the 

model is then compared with a 3-D model under varying heating profiles. The transient 

boundary conditions result in a massive computational cost for the 3-D model, which makes 

the real application of non-stationary batch roasting using 3-D model impractical.  
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3.3 Mathematical models 

3.3.1 Governing equations 

Coffee roasting is governed by the mass and energy conservation principles. The following 

assumptions are made to simplify the 2-D and 3-D models of single coffee bean roasting: 

1) Bean expansion is negligible in all dimensions, hence, the bean size remains constant.  

2) The bean consists of homogeneous, isotropic material. 

3) Radiation heat flux is neglected due to its small contribution in comparison to the 

convection heat transfer (Schenker and Rothgeb, 2017). 

4) Internal heat formation in the bean is considerably lesser than the overall heat transfer 

from hot air into the bean; thus, it is negligible. 

Assumptions 1 and 2 are important to reduce the numerical complexity of the proposed model, 

which is also made by previous works of coffee bean roasting model (Hernández et al., 2007, 

Brunchmuller et al., 2011, Fabbri et al., 2011, Alonso-Torres et al., 2013, Oliveros et al., 2017). 

The assumptions have therefore provided uncertainties to our model, in which we will address 

the issue in the later sections of this paper (Section 3.3.2: Parameter estimation).  

 

The coffee beans produce an exothermic heat of 250–420 J/g at 140–300℃  (Raemy and 

Lambelet, 1982). Based on our preliminary study, the exothermic heat produced was in the 

range of 170 to 200 J/g. The calculation was based on the bean temperature profile during 

roasting and the calorimetric curve of green coffee beans (heated in cells). The observed 

exothermic heat was lower than that obtained by Raemy and Lambelet (1982) because the 

maximum bean temperature in this work was only 215℃, which only covered the roasting 

process. Meanwhile, Raemy and Lambelet (1982) have included carbonization in their work. 

The incorporation of the heat generation term in the roasting model showed a temperature 

increase of less than 5℃. Moreover, Schenker (2000) roasted the beans up to 230℃ and 

reported that the exothermic heat produced was minimal and the bean core temperature 

increment was not observed. Therefore, we concluded that the internal heat formation in the 

bean could be neglected. 

 

Eqs. (3-1) and (3-2) show the general heat and moisture transfer equations, respectively,  

𝜕𝑇𝑏

𝜕𝑡
− ∇ ∙ (𝛼∇𝑇𝑏) = 0        (3-1) 

𝜕𝑀𝑏

𝜕𝑡
− ∇ ∙ (𝐷∇𝑀𝑏) = 0       (3-2) 
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where, 𝛼 and 𝐷 denote the bean’s thermal and moisture diffusivity, respectively.  

𝛼 =
𝑘𝑏

𝜌𝑏 ∙ 𝐶𝑝𝑏

 

The bean’s density (𝜌𝑏) , specific heat capacity (𝐶𝑝𝑏
) , and thermal conductivity (𝑘𝑏) 

contributed to the bean’s thermal diffusivity. Based on our preliminary study, among these 

three parameters, the bean’s thermal conductivity is the most sensitive parameter. The changes 

of the bean’s density and specific heat capacity did not affect the bean temperature prediction. 

Therefore, the bean’s density and specific heat were held constant at 1400 kg/m3 and 1950 

J/kg.°C, respectively. The estimation of the bean’s thermal conductivity and moisture 

diffusivity will be explained subsequently in Section 3.3.2. Eqs. (3-3) and (3-4) give the 

boundary conditions for the governing equations by assuming convection as the main mode of 

both heat and mass transfer: 

𝑞𝑐𝑜𝑛𝑣 = ℎ𝑐𝑜𝑛𝑣(𝑇𝑎 − 𝑇𝑏)     (3-3) 

𝑗 = ℎ𝑚𝑎𝑠𝑠(𝑀𝑎 − 𝑀𝑏)      (3-4) 

where, the subscript 𝑎 and 𝑏 denote the air and bean, respectively. Heat and mass transfer 

coefficients (ℎ𝑐𝑜𝑛𝑣, ℎ𝑚𝑎𝑠𝑠) are determined using Eqs. (3-5) and (3-6). 

ℎ𝑐𝑜𝑛𝑣 =
𝑁𝑢∙𝑘𝑎(𝑇𝑓)

𝑑𝑏
      (3-5) 

ℎ𝑚𝑎𝑠𝑠 =
ℎ𝑐𝑜𝑛𝑣

𝜌𝑎(𝑇𝑓)∙𝐶𝑝𝑎
(𝑇𝑓)

      (3-6) 

The Nusselt number used were based on the correlation provided by Whitaker (1972) for flow 

over sphere: 

𝑁𝑢 = 2 + (0.4𝑅𝑒1/2 + 0.06𝑅𝑒2/3) ∙ 𝑃𝑟0.4 ∙ [𝜇𝑎(𝑇𝑓)/𝜇𝑠(𝑇𝑠)]
1 4⁄

  (3-7) 

where, 𝑇𝑓 and 𝑇𝑠 are the film and surface temperatures, respectively. 

 

3.3.2 Parameter estimation 

Both the thermal conductivity [𝑘𝑏] and moisture diffusivity of the bean [𝐷] were estimated 

based on the bean temperature during roasting. The data from medium sized beans with three 

repetitions were used for parameter estimation. The moisture diffusivity that addresses the 7–

11% moisture loss caused by evaporation during roasting is shown in Eq. (3-8). 

    𝐷 = 4.20 × 10−5 ∙ exp [
−33867

𝑅∙(𝑇𝑏+273.15)
]    (3-8) 

The constants were determined using isothermal drying experiments from 140 to 200℃. The 

effective moisture diffusivity had varied from 1.71 × 10−9 to 6.30 × 10−9 m2/s. 
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The bean’s thermal conductivity was first calculated according to the correlations provided by 

Choi and Okos (1986), which was dependent on the composition and temperature of the coffee 

bean. The green and roasted beans composition such as protein, fat, carbohydrate, fibre, ash, 

and water were given by Wang (2012). The green bean compositions were used for low 

temperature (25–149℃ ), meanwhile, the roasted bean compositions were used for high 

temperature (150–220℃). Then, based on the range of values obtained, new correlations were 

built using the bean temperature and moisture content. The estimation was important to 

minimize the process variables. Eq. (3-9) is the correlation for the bean’s thermal conductivity 

(𝑘𝑏). 

𝑘𝑏 = 6 × 10−6𝑇𝑏
2 − 2.243 × 10−3𝑇𝑏 + 9 × 10−4𝑀𝑏 + 0.225   (3-9) 

Apart from bean’s temperature, the bean’s thermal conductivity had been affected by the bean’s 

moisture content (Rahman, 2009). As coffee roasting involves the evaporation of free moisture, 

the ability of the bean to conduct heat changes as the roasting progresses. The thermal 

conductivity model parameters in Eq. (3-9) were estimated by minimizing the mean squared 

prediction errors for the medium-sized beans, as shown in Figure 3.1.  

 

Figure 3.1: Flow chart of parameter estimation. 
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3.3.3 Bean geometry 

A coffee bean has a spheroid geometry, as shown in Figure 3.2. The 3-D model geometry was 

imported from Abaqus version 6.14 (Student Edition). Meanwhile, the 2-D model geometry 

was created using MATLAB. As shown in Figure 3.2, the length proportion of 𝑎2 and 𝑎3 is 

shorter than 𝑎1, resulting in a higher heat flux that had influenced the bean core temperature 

during roasting. Therefore, we had selected the lengths 𝑎2 and 𝑎3 as our 2-D surface area. 

However, we will also simulate the 3-D model that will demonstrate the effect of length 𝑎1, as 

we compare both the 2-D and 3-D models throughout this paper. 

 

 

Figure 3.2: Single bean measurement and mesh created for 2-D and 3-D models. 

 

3.3.4 Model solution 

The 2-D and 3-D models were solved using the MATLAB Partial Differential Equation (PDE) 

Toolbox (MATLAB R2016a). The software discretized the partial differential equations and 

provided a solution for each node of the meshed domain (see Figure 3.2). Eq. (3-10) shows the 

form of partial differential equation used in the PDE Toolbox.  

𝑑
𝜕𝑢

𝜕𝑡
− ∇ ∙ (𝑐∇𝑢)+ au = f       (3-10) 

To solve Eqs. (3-1) and (3-2) in MATLAB, we need to set 𝑑 = 1,  a = f = 0, and 𝑐 as the 

thermal and moisture diffusivity in Eq. (3-10). We defined the initial conditions as shown in 
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Eq. (3-11) and specified Neumann boundary conditions to all edges. Eq. (3-12) is the 

generalized Neumann boundary condition. The matrices for both 𝑞 and 𝑔 (Eqs. 3-13 and 3-14) 

represent the convective heat and mass transfer on the edges.   

Initial condition = [𝑇𝑏,0 𝑀𝑏,0]′     (3-11) 

�⃗�  ∙ (𝑐∇𝑢)+ qu =g        (3-12) 

𝑞 = [
ℎ𝑐𝑜𝑛𝑣 0

0 ℎ𝑚𝑎𝑠𝑠
]      (3-13) 

𝑔 = [
ℎ𝑐𝑜𝑛𝑣 ∙ 𝑇𝑎

ℎ𝑚𝑎𝑠𝑠 ∙ 𝑀𝑎
]      (3-14) 

 

3.4 Materials and experiments 

Green Arabica coffee beans (Ouro Fino, Brazil) were used in all of the experiments.  

 

3.4.1 Bean size 

Bean size measurements were done using an electronic digital calliper with 0.03 mm accuracy. 

The bean size was measured using three lengths, which were 𝑎1, 𝑎2 and 𝑎3, as described in 

Section 3.3.3 (Figure 3.2). The 500 samples of green beans were grouped into small, medium, 

and large categories to study the effect of bean size variation on the model performance. The 

small and large bean volume categories represented less than 15% each from the total number 

of green beans. Meanwhile, more than 70% of the measured beans fall into the medium volume 

category. The bean volume category reflects the overall bean size used during batch roasting. 

The mean and root mean square error (RMSE) of the bean size, volume, and volume category 

are shown in Table 3.1.  

Table 3.1: The mean and standard deviation of bean measurement, volume, and bean volume 

category. 

 Bean measurement 

(mm) 

Bean volume, 𝑉 

(mm3) 

Bean volume category, 𝑉 (mm3) 

 𝑎1 𝑎2 𝑎3 Small Medium Large 

Mean 4.35 3.52 3.51 112.79 90.05 128.14 161.72 

RMSE 0.31 0.12 0.30 13.25 4.34 9.61 4.37 
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3.4.2 Roasting experiment 

Single bean roasting was carried out using a modified Hottop Coffee Roaster (Model KN-

8828B-2K) with a dimension of 0.48 × 0.25 × 0.36 m (depth × width × height), as shown in 

Figure 3.3. The rotating drum roaster used the electric heating element and exhaust fan to 

control the air temperature inside the coffee roaster. The green coffee bean was drilled at an 

approximate distance of 1.5 mm from the top of the bean to attach a wire thermocouple Type 

K (Omega Engineering, Inc.) of 0.504-mm diameter and 0.75% accuracy. The thermocouple 

was insulated to prevent the surrounding hot air from affecting the temperature reading. A high 

temperature resistance masking tape (Tesa 51408) was also applied to the coffee bean to 

maintain its position during roasting. 5 g of green beans were loaded into the roaster alongside 

the single bean (attached thermocouple). An immersion thermocouple Type E (Omega 

Engineering, Inc.) was placed near the bean to measure the air temperature. Both 

thermocouples were calibrated before each experiment.  

 

Figure 3.3: Experimental setup for single coffee bean roasting. 

A medium degree of the roast was selected as the standard quality in this study. CIELAB colour 

space (𝐿∗, 𝑎∗, and 𝑏∗) defined by the Commission Internationale de I’Eclairage (CIE, 1976) 

(McLaren, 1976) was measured and the colour difference ( ∆𝐸)  in comparison with a 

commercial medium roast was calculated using Equation 3-15. The  CIELAB colour space for 

commercial medium roast were denoted as 𝐿𝑜
∗ , 𝑎𝑜

∗ , and 𝑏𝑜
∗. 

∆𝐸 = √(𝐿𝑜
∗ − 𝐿∗)2 + (𝑎𝑜

∗ − 𝑎∗) + (𝑏𝑜
∗ − 𝑏∗)    (3-15) 
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Based on our preliminary study, the color for medium roasted beans can be achieved when the 

bean’s core temperature reached around 210℃. The roasting process for medium roasted beans 

took about 9 to 11 minutes to complete. Each experiment was replicated three times and the 

average value was used for model validation.  

 

3.4.3 Sensory evaluation 

French press brew procedures were used with a coffee-to-water ratio of 1:25. After four 

minutes, 50 ml of brewed coffee was served in paper cups. The coffee was prepared as ‘black 

coffee’ without adding any sugar or milk. 25 untrained panellists from university’s students 

and staff were involved in the sensory evaluation. The panellists were given four blind samples 

(3 samples and 1 control) of ground and brewed coffees. These 3 samples were prepared using 

roasted coffee beans from three roasting speeds; slow, moderate, and fast. A control sample 

was prepared using a commercial roasted coffee bean. The panellists were then required to 

inhale the aroma of ground coffee (dry aroma), inhale the aroma of brewed coffee (wet aroma), 

and taste the brewed coffee (flavour, acidity, body, bitterness, and aftertaste) and then give 

points based on the level of intensity from one to five (very weak, weak, moderate, strong, and 

very strong). 

 

3.4.4 Determination of bean’s moisture content 

The roasted coffee beans were ground using an electric Kensington coffee grinder (Model 

GTM-8803). 5 g of ground roasted coffee was dried using laboratory oven at 103℃ for 5 hours. 

After 5 hours, no measurable weight loss was observed. The experiments were repeated five 

times and an average was determined.   

 

3.5 Results and discussion 

3.5.1 Comparison of model accuracy 

The application of 1-D model was used in the batch coffee roasting (Bruchmüller et al., 2010). 

The model provided significant input on particle collision behavior and at the same time, has 

missed important issues such as the internal distribution of bean temperature and moisture. The 

2-D and 3-D models allows detailed study on coffee roasting, as the temperature and moisture 

difference inside a single bean were able to be observed. Figure 3.4 shows the contour 

difference in temperature at the end of the roasting process for 2-D and 3-D models (cross-

section) of a single bean.  
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Figure 3.4: Bean temperature profile at the final roasting time of 810 seconds dor a medium-

sized bean. 

The proposed single coffee bean roasting model discussed in Section 3.3.1 was investigated 

for different coffee bean sizes and roast profiles. The ‘roast profile’ in this paper refers to the 

air time-temperature profile during roasting. The effect of bean sizes were studied using similar 

roast profile (Section 3.5.1.1), meanwhile a medium bean size was used to study the effect of 

different roast profiles/roasting speed (Section 3.5.1.2). The evolution of bean temperature 

during roasting was studied via the simulation for both 2-D and 3-D models. However, the 

model was only validated with the core bean temperature. Similar method of parameter 

estimation was used for both models. Based on Figure 3.4, there is a minimal difference in bean 

temperature distribution between these two models. The accuracy of 2-D model in predicting 

the bean temperature will be discussed more thoroughly in the subsequent subsections. 

 

3.5.1.1 Effect of bean volume 

The use of multiple coffee origins and varieties with various bean sizes is a standard practice 

in coffee roasting called blending. Two popular varieties, which are Arabica and Robusta 

coffee beans, have an average volume of 114.9 and 73.7 mm3, respectively (Mendonça et al., 

2009). The bean volume size in this study varied between 82.62 and 164.65 mm3. During 

roasting, the sizes variation of pre-roast blending could influence the uniformity of the degree 

of roast, hence, affecting the final quality of the roasted coffee. Therefore, it is essential to 

study how the bean size can affect the accuracy of the bean temperature prediction. 

 

Similar roast profile was applied to all bean sizes and the roasting stopped at a final bean 

temperature of around 210℃, where the bean achieved a medium degree of roast. Figure 3.5 

shows the bean temperature profiles for small, medium and large beans. Table 3.2 shows the 
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prediction accuracies for both 2-D and 3-D models. The average absolute errors for the large 

and small bean sizes were in the acceptable range of below than 10℃. Table 3.2 summarizes 

the 2-D and 3-D models prediction accuracies. Both models were considered reliable for all 

bean sizes, as their R2 values were over 0.90. 

 

Figure 3.5: Bean temperature profiles for all bean size categories. 

 

The 3D model shows a more accurate prediction with less than 4℃ absolute average error in 

comparison to the 2D model that has less than 7℃ absolute average error for all bean sizes. 

The RMSE for the 3-D model is also lower than that for the 2-D model, indicating the model 

precision. Despite the lower dimension of 2-D, the model has successfully achieved a 

comparable accuracy when compared to the 3-D model, with an absolute maximum error 

difference of up to 4℃ for small-sized bean. The absolute maximum error difference is higher 
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for medium- and large-sized beans (at around 6℃) due to the estimation error as the model 

element increases. 

Table 3.2: The 2-D and 3-D models prediction accuracy for different bean sizes. 

Model 2-D  3-D 

Bean volume category Small Medium Large  Small Medium Large 

Absolute average error (°C) 6.28 3.59 6.10  3.16 1.93 1.74 

Maximum absolute error (°C) 8.67 10.77 10.12  5.52 5.06 4.02 

RMSE (°C) 2.38 2.97 2.81  1.23 1.45 1.10 

R2 0.95 0.93 0.95  0.95 0.94 0.95 

 

A more significant gap between the bean size volumes will affect the coffee quality, as it will 

result in insufficient roasting (a non-uniform degree of roast). The temperature distribution 

inside the bean reflects the degree of roast and volatile profiles during roasting (Franca et al., 

2009). When using a similar roast profile, the small bean volume will achieve a medium degree 

of roast first, followed by the larger bean volume. We had simulated all three bean sizes using 

the air temperature profile that had been previously used for medium-sized bean (roasting time 

of 810 seconds). The simulation results are shown in Figure 3.6. 

 

The core temperature for small, medium and large bean sizes were 216, 214 and 209℃, 

respectively. Smaller bean volume would have a shorter distance of heat conduction, resulting 

in higher heat transfer rate. Based on the air time-temperature profile used, during the roasting 

reaction stage (beyond 150℃), the bean temperature increased at an average rate of 0.15℃/s 

for the small and medium bean volumes and 0.14℃/s for the large bean volume. The difference 

of heat transfer between the different bean sizes will result in an uneven batch roasting. Hence, 

the roast profile should be designed based on the bean’s mean volume to minimize the non-

uniformity degree of roast.    
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Figure 3.6: Simulation results at the end of roast for small, medium, and large bean sizes 

using similar roasting time of 810 seconds. 

 

3.5.1.2 Effect of roasting speed 

The coffee industry has applied different roast profiles to modulate the roasted coffee flavour 

(Hoos, 2015). The concept of the roast profile using the roasting speed that was defined as the 

increase in the core bean’s temperature over time was studied. The design of roast profiles was 

based on coffee varieties and origins, as they have various range of sizes, densities and 

compositions. Different roast profiles applied to a single origin coffee bean could result in a 

distinct flavour development.   

 

Figure 3.7 shows the temperature profile for three different roasting speeds, which were fast, 

moderate, and slow, with 0.33, 0.22, and 0.11℃/s increment, respectively, on the core bean 

temperature. As discussed, the roast profile should be designed based on the bean sizes; 

therefore, the study has used the same bean size (medium) to investigate the effect of roast 

temperature profiles.  
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Figure 3.7: Bean temperature profile for three different roasting speeds.  

 

The exothermic roasting reaction occurs at beyond the bean temperature of 160℃ (Abdul 

Ghani et al., 2015). The same heating rates were applied to the bean at the reaction temperature 

of less than 160℃, where the bean temperature increased at an average rate of 0.30–0.35℃/s. 

The changes of the heating rate after the bean temperature reached 160℃ have affected the rate 

of roasting reaction, and more importantly, it had influenced the formation of the coffee aroma 

compounds. Therefore, the studied roasting speeds (fast, moderate, and slow) were calculated 

after the core bean temperature had reached 160℃. The difference between the surface and 

core bean temperatures increased as the roasting speed increased, which contributed to the 

different flavour profiles.  
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The results of sensory study is shown in Figure 3.8, which proved that these three roast profiles 

had contributed to the different trends in the intensity of some of the sensory attributes. The 

sensory attributes had been evaluated based on five levels of intensity (see Section 3.4.3). Both 

moderate and fast roast profiles showed a higher intensity in comparison to the slow roast 

profile for the three assesed attributes: acidity, flavour and wet aroma. Longer roasting time 

has been associated with reduction in the chologenic acid (Moon et al. 2009). The difference 

in sensory attributes was a result of different rate of roasting reactions. The coffee aroma 

compounds were formed by numerous roasting reactions (Buffo and Cardelli-Freire, 2004). 

These reactions will have different reaction rates and pathways according to the roast profiles, 

therefore, developing different levels of intensity for each sensory attribute. 

 

Figure 3.8: Sensory analysis results for fast, moderate, and slow roasting speed. 

 

The comparison of model accuracy between the 2-D and 3-D models is tabulated in Table 3.3. 

Both models succeeded in replicating the bean temperature at all roasting speeds. The absolute 

average errors for the various roasting speeds were less than 8℃ and 5℃ for the 2-D and 3-D 

models, respectively. The average absolute errors, maximum absolute errors and RMSE for 

both models decreased with a decrease in the roasting speeds. The trend of error suggests that 

the stability of proposed model is affected by the variation in roasting speeds.  
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Table 3.3: 2-D and 3-D model accuracies for three different roasting speeds. 

 

Roasting speed 

2-D 3-D 

Fast Moderate Slow Fast Moderate Slow 

Absolute average error (°C) 5.32 2.76 3.63 4.66 3.48 1.20 

Maximum absolute error (°C) 10.25 7.99 10.68 8.59 5.92 3.86 

RMSE (°C) 2.63 2.12 2.86 2.55 2.17 0.97 

R2 0.99 0.98 0.92 0.98 0.98 0.92 

 

3.5.1.3 Varying heating profiles versus constant heating temperature 

The main advantage of varying heating profiles during roasting is the ability to control the 

quality of the roasted coffee beans. The varying heating profiles provide flexible modification 

in temperature increase rate (roasting speed) throughout the roasting process. This feature 

provides the opportunity to explore the aroma and flavour based on the bean temperature. In 

contrast, constant heating temperature would result in a limited development of flavour profile.   

 

Figure 3.9(a) shows the model simulation of bean temperature using varying heating profiles 

and constant heating temperature. The constant heating temperature was set at 200 ℃ . 

Meanwhile, the varying heating profiles started at ambient temperature and increased up to 

215℃  to achieve a similar core bean temperature of 200℃  as the final product for both 

applications. During the beginning of constant heating temperature roasting, the 2-D model 

had underestimated bean temperature. This is due to the large difference between the air and 

bean temperatures, which produced a very high heat flux. This is in contrast to the varying 

heating profiles roasting that has moderate heat flux from the beginning until the end of the 

roasting process.  
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a) Bean temperature profile during roasting for constant heating temperature and 

varying heating profile 

  

b) Bean temperature for constant 

heating temperature at 300 s 

c) Bean temperature for varying heating 

profile at 600 s 

Figure 3.9: Model simulation using the constant heating temperature and varying heating 

profile for bean temperature. 

Figures 3.9(b) and 3.9(c) show the difference in bean temperature distribution at 300 seconds 

(constant heating temperature) and 600 seconds (varying heating profiles), respectively. 

Although constant heating temperature requires shorter roasting time, the bean surface can be 

burnt due to the longer exposure of high temperatures. On the other hand, varying heating 

profiles offered slower heating rate and avoided over-roasting the coffee, where the preferred 

coffee aroma can be diminished.  

 

3.5.1.4 Roasting and cooling stage 

Immediate cooling after the roasting process ends will avoid further temperature increase that 

might burn or over-roast the coffee. An efficient cooling step can maintain a consistent degree 

of roast and minimum water content (Baggenstoss et al., 2007), both known as essential quality 
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attributes of roasted coffee beans. Figure 3.9 shows that the bean temperature simulation at 

both roasting and cooling stages fit the experimental data very well.  

 

 

Figure 3.10: Bean temperature profile during bean roasting and cooling stages.  

The beans’ thermal conductivity was kept constant at 0.0425 ± 0.0106 W/m2·℃ after the 

roasting stage had ended. This correction can be explained by the static porous structure inside 

the beans. The 2-D model has an absolute average error and RMSE of 4.35 and 4.00℃, 

respectively. Meanwhile, the 3D model has an absolute average error and RMSE of 0.95 and 

0.99℃, respectively. The coefficient of determination (R2) for the cooling stage for 2-D and 3-

D models were 0.84 and 0.86, respectively. Both 2-D and 3-D model showed an excellent 

predictive ability for the cooling step, in comparison to the previous discussed roasting process.  

 

3.5.2 Bean’s moisture content 

The current model considers the liquid phase of water using the Fick’s second law of diffusion 

and Arrhenius equation to describe the moisture transport during coffee roasting. The model is 

validated using the bean’s average moisture content, as shown in Figure 3.11. However, the 

model has underestimated the average moisture content of beans. The difference was probably 

caused by the behaviour of moisture transport, which in reality, includes both liquid and vapour 

mass balance (Zhang and Datta, 2004). The average errors and RMSE between the model and 

experimental data was 0.43% and 0.42% (dry basis), respectively.   
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Figure 3.11: Bean moisture profile during roasting.  

 

3.5.3 Comparison of computational time 

In general, a 3D model provides the extended features of beans during roasting and a higher 

accuracy compared to the 2D model. However, it can also be more complicated and challenging 

to implement. Massive data calculation involving vast domain requires an extended 

computational time. The mesh of a single bean for 2-D and 3-D models is with a maximum 

element size of 0.0005. Further mesh refinement leads to a difference in RMSE of less than 

1%. The 2D mesh of the bean’s cross-section contained 852 elements and 326 nodes, while the 

3D single bean model contained 86,630 elements and 39,279 nodes with both models 

simulating medium-sized beans. The simulations were done on a computer with a processor of 

Intel Core i5-3570 at 3.4 GHz CPU.  

 

Table 3.4 indicates the comparison of computational time for both 2-D and 3-D models. Based 

on our study, the 3-D model required almost 30-fold more computational time than the 

proposed 2-D model during roasting and cooling for varying heating profiles. Such reduction 

in computational cost not only makes the coffee roasting optimization process possible, but 

also paves the way for model predictive control for better product quality insurance. Therefore, 

the 3D model is not recommended to simulate batch coffee roasting. The 2-D model, however, 

offers the ability to perform calculations with low computational cost using the varying heating 

profiles. The proposed 2-D model showed comparable absolute errors compared to the 3D 

model. It can not only be used to study the bean temperature profile, but to also explore the 

optimum quality of the roasted coffee in the future. 
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Table 3.4: Computational time of 2-D and 3-D models using MATLAB PDE Tool. 

 Constant heating temperature   Varying heating profile 

Model 2-D 3-D  2-D 3-D 

Simulation time (s)      

a. Roasting 83 124  179 4138 

b. Roasting and cooling 143 174  354 10653 

 

3.5.4 Comparison with other studies 

Most studies that utilised 3-D models (Fabbri et al., 2011, Alonso-Torres et al., 2013, Oliveros 

et al., 2017) only used constant air temperature to simulate the bean roasting to avoid 

substantial computational cost. Table 3.5 summarised the accuracies of previous single coffee 

bean models based on the 15 data points (a time series) to compare with the current study. The 

constant heating temperature (200℃) was simulated by previous single bean modelling studies, 

in contrast to our study that utilised varying heating profiles. The analysis shows comparable 

model accuracy to our proposed 2-D model. 

 

Table 3.5: Single coffee bean models summary with model accuracies. 

Model  Issues studied Model accuracy (ºC) References 

dimension  Average 

absolute 

error 

RMSE  

3-D Geometry – semi-elliptical and 

digitised geometry of coffee beans. 

6.13 4.13 Fabbri et al. 

(2011) 

3-D Porosity – void fraction porosity as a 

function of time is included in the 

thermodynamic model. 

4.35 4.19 (Oliveros et 

al., 2017) 

3-D Varying heating profile used to 

predict the bean core temperature. 

2.06 1.53 current study 

current study 2-D 3.54 3.28 
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3.6 Conclusions 

This study presents the 2-D and 3-D models of heat and mass transfer for varying heating 

profiles in single coffee bean roasting. Both models were validated with different bean sizes 

and roasting speeds. The validation results not only showed a good agreement with the 

experimental data for all of the parameters studied, but also presented only small variations 

between the 2-D and 3-D model predictions. Moreover, the computational time for the 2-D 

model was 30 times faster than that for a 3D model. Our findings suggest that the 2-D model 

is reliable and affordable to be used in predicting the bean temperature during roasting. Future 

study will look into the ability of the 2D model to predict other roasted coffee bean qualities, 

such as its aroma flavour and colour.  

 

 

  



39 

 

 

 

 

 

 

CHAPTER 4: Kinetic Modelling of  

2-Methylpyrazine During Coffee Bean Roasting 

 

 

Nur Hamizah Abdul Ghani, Bing Li, Wei Yu, Brent Young 

 

  



40 

 

4.1 Foreword 

This chapter will present two models; the multiresponse kinetic model and long short-term 

memory (LSTM) model that could be used to predict the aroma formation during roasting. 

Both models are coupled with the previous developed 2-D single coffee bean model that 

provides the bean’s temperature prediction during roasting (Chapter 3). The model validation 

for multiresponse kinetic model and LSTM model were compared to measure its efficiency. 

Both models were solved using MATLAB and the codes can be found in Appendix A-3 and 

A-4.    

 

4.2 Introduction 

Coffee aroma (and hence flavour) is an important quality indicator used to evaluate the 

effectiveness of the roasting process (Nebesny and Budryn, 2006). There are hundreds of coffee 

aroma compounds, and their combination creates a unique aroma (and taste) that are essential 

characteristics in defining the quality of a coffee brewed also called coffee sensory notes 

(Bressanello et al., 2018). Descriptors such as roasted, burnt, nutty, floral, fruity, sweet, 

aromatic and many others (Bhumiratana et al., 2011, Di Donfrancesco et al., 2014, Seo et al., 

2009) have been used to describe the quality of coffee aroma and taste. The alkylpyrazine group 

is one of the abundant aroma compounds in roasted coffee in terms of both quantity and quality 

(Nijssen et al., 1996). Alkylpyrazines have low odour thresholds (Czerny and Grosch, 2000) 

that contribute to the roasted, earthy, cocoa and nutty aromas (Toci and Boldrin, 2018), 

desirable aroma notes in roasted coffee. Hence, alkylpyrazines are widely recognised as key 

aroma compounds in roasted coffee (Mayer and Grosch, 2001, Cheong et al., 2013, Toledo et 

al., 2016).  

 

During coffee roasting, the main reaction involved is the non-enzymatic browning reaction, 

called the Maillard reaction. The Maillard reaction is known for its multiple stages of reaction 

in food system (Lund and Ray, 2017). The aroma formation reaction happens at the later stage 

of Maillard reaction, specifically known as Strecker degradation and pyrolysis (Buffo and 

Cardelli-Freire, 2004). Therefore, aroma formation is also dependent on the formation of 

intermediates in the early stage of the Maillard reaction and the processing temperature. Further 

reviews on flavour formation in the Maillard reaction can be found in Van Boekel (2006) and 

Parker (2013).  
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Before modelling coffee aroma formation, it is best to understand the process of coffee 

roasting. Coffee roasting can be divided into 2 main stages,  

1) Drying: Drying occurs as the first stage of coffee roasting where bean temperature 

gradually increases up to a range of 150 – 170℃. Almost half of the free water inside 

beans is evaporated at this stage. The disappearance of moisture content has a large 

impact on the bean transport properties such as thermal conductivity, mass diffusivity 

and specific heat capacity. The bean structural characteristics also change with the 

change of pressure gradient inside bean; which results in an increase in the bean porosity 

and reduction in density. These behaviours will be intensified at the later stage of roasting 

where the temperature increases above 150 – 170℃ and roasting reactions take place.  

 

2) Roasting: This stage starts at around 150 – 170℃ and differs based on coffee varieties 

and origins. The roasting reaction stage starts immediately after the drying stage ends, 

where the formation of aroma compounds became more rapid. At this stage, the bean is 

at a high temperature and has a low moisture content; a condition which induces 

numerous chemical reactions such as Maillard reaction, Strecker degradation, pyrolysis 

and degradation of non-volatile compounds.  These reactions produce abundant bioactive 

and volatile organic compounds (Buffo and Cardelli-Freire, 2004, Farah, 2009, 

Rodrigues and Bragagnolo, 2013). These fast, simultaneous, multi-stage reactions make 

the roasting stage a complex process, especially towards the end of the roast. Roasting 

reactions exhibit exothermic phenomena and exhibit enthalpies of 250 – 420 J/g (Raemy 

and Lambelet, 1982). This happens at 160 – 240℃ and can be explained by oxidation, 

pyrolysis and degradation of carbohydrates and amino acids during roasting. There are 

two separate exothermic peaks found by Raemy and Lambelet (1982); the first (a lower 

sub-peak) is due to water-soluble coffee components and the second (the highest sub-

peak) is due to insoluble coffee grounds (Raemy and Lambelet, 1982). Both cases 

represent coffee carbohydrates which are responsible for the formation of non-volatile 

compounds such as aliphatic acids (Ginz et al., 2000) and volatile compounds such as 

heterocyclic compounds by reaction with coffee proteins (Hwang et al., 2012). 

 

The present work is a part of coffee roasting modelling research as presented in Figure 4.1. 

Previous work started with a 2-D single coffee bean model that used air temperature to predict 

the bean temperature during roasting (2-D Model block). Another study was done on 
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investigating the relationship of roasting conditions with sensory evaluations (Sensory Model 

block). The present study used the predicted bean temperature from the 2-D model to develop 

two models for aroma kinetic formation; a multiresponse kinetic model and neural network 

model. Both models were designed to predict the aroma concentration during coffee roasting, 

which could be used in predicting the coffee sensory quality. 

 

Figure 4.1: The research structure of coffee roasting modelling. 

Multiresponse kinetic modelling takes into account the changes of reactants, intermediates and 

products simultaneously (Martins and Van Boekel, 2005). The multiresponse modelling or also 

known as the multivariate approach has been used to model complex chemical reactions and 

has become the most suitable approach to model food systems (Van Boekel, 1996). To date, 

multiresponse kinetic modelling of coffee roasting has not been reported, however the approach 

has been used to model flavour formation by Maillard reactions in food systems. Kocadağlı 

and Gökmen (2016) have used multiresponse kinetic models for a heated wheat flour system 

to replicate the baking process. The study identified formation and degradation of ∝-carbonyl 

(an intermediate in Maillard reaction) at high temperature (160 – 200 ℃). Another study on 

hazelnut roasting by Taş and Gökmen (2017) revealed that the complexity of kinetic reaction 

at high temperature (150 – 170 ℃) might not be well defined by the Arrhenius equation. These 

studies however are very specific to the food system studied and only gave insights on the 

usefulness of the multiresponse kinetic modelling approach. During coffee roasting, the 

formation of pyrazine has been associated with the pyrolysis of hydroxyamino acids (Baltes 

and Bochmann, 1987, De Maria and Alvianod, 1996). The reaction has been reported to be 

dependent on temperature (Van Lancker et al., 2011). The present study will apply the 

multiresponse kinetic modelling with dependency on bean temperature to describe the pyrazine 

formation. 

 

On the other hand, artificial neural networks (ANN) are widely used as modelling tools to 

predict various food quality parameters. An ANN has advantages when modelling nonlinear 

processes that involve complex interactions between parameters, which is usually the nature of 

food processing. Recent applications of ANN in food quality models include the prediction of 
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moisture loss in tea manufacturing (Das et al., 2018), image classification of rice kernels (Lin 

et al., 2018), and forecast of the volatile composition from an electronic nose as a cocoa beans’ 

degree of roast indicator (Tan and Kerr, 2018). The present study will predict the formation of 

aroma compound (alkylpyrazine) during coffee roasting using an ANN model with air and bean 

temperature as inputs.  

 

The efficiency of both proposed models will be studied and compared. To our knowledge, a 

similar study has not been done before.  

 

Most coffee aroma compounds including alkylpyrazines are dependent on roasting temperature 

(Wang and Lim, 2014). Baggenstoss et al. (2008) have demonstrated the difference in aroma 

formation for different roasting conditions. The study also suggested that a different time-

temperature profile could result in a flavour difference. Similar findings were reported by 

Schenker et al. (2002), and Petisca et al. (2013). Therefore, the relationship between roasting 

conditions and coffee flavour could be built using a kinetic study of aroma formation. These 

previous mentioned studies have only provided the aroma formation trend, without modelling 

dependence on the process conditions (bean’s time – temperature profile). Therefore, in the 

present study, the relationship (aroma concentration and bean’s time – temperature profile) was 

built using mathematical models. The study also applied three different heating profiles; slow, 

moderate, and fast heating profile, which will be explained later in Section 4.3.1. The role of -

heating profile in the formation of alkylpyrazine will be investigated using the proposed models 

to further understand the roasting reaction. 

 

4.3 Mathematical modelling 

4.3.1 Reaction kinetics 

Reaction kinetics study offers a way to control the reaction products. Our approach is to select 

a target flavour compound in roasted coffee and model its reaction kinetics. The alkylpyrazine 

group was chosen due to the abundance of its volatiles, its formation mechanism and a high 

odour activity value (OAV). Alkylpyrazines are products of Maillard reactions, also known as 

non-enzymatic browning, a typical reaction in thermally processed food flavour generation. 

Strecker degradation, one of the final steps in Maillard reactions, leads to the deamination and 

decarboxylation of amino acids which become the precursor of various alkyl pyrazines. One 

possible reaction mechanism for pyrazine and 2,5-dimethylhydrazine formation during coffee 
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roasting is described below by the pyrolysis of hydroxyamino acids (Baltes and Bochmann, 

1987) (Figure 4.2).  

 

Figure 4.2: Reaction mechanism of pyrazine and 2,5-dimethylpyrazine. 

The formation of alkylpyrazines has been reported to follow pseudo zeroth order (PZO) 

kinetics (Leahy and Reineccius, 1989). However, in a solid system, it was found to follow a 

first order reaction (Jusino et al., 1997).  

 

Consider the general stoichiometric of alkylpyrazine formation below, 

2𝐴(𝑠) → 2𝐼(𝑠) → 𝑃(𝑠) + 2𝐶𝑂2(𝑔)     (4-1) 

This reaction has amino acids (𝐴) of threonine and serine in green coffee beans as precursors 

to produce the intermediates (𝐼) and subsequently the aroma compounds of alkylpyrazine (𝑃) 

and carbon dioxide gas (𝐶𝑂2) as by-product. Based on our observations, the alkylpyrazines 

started to fluctuate and decrease at the end of roasting. Therefore, to complete the 

alkylpyrazines profile during roasting, we introduced a possible reaction which is the 

production of melanoidin (𝑀𝑙), a nitrogeneous brown-coloured compound. Melanoidin in food 

has been reported to consist of volatile compounds from Maillard reactions including pyrazine 

(Adams et al., 2005) and its formation is dependent on the heating intensity (Wang et al., 2011). 

𝑃(𝑠) → 𝑀𝑙(𝑠)        (4-2) 

Considering these reactions happened consecutively, the reaction rates are, 

𝑟1 =
𝜕[𝐴]

𝜕𝑡
= −𝑘𝑐1 ∙ [𝐴]𝑛1      (4-3) 

𝑟2 =
𝜕[𝐼]

𝜕𝑡
= 𝑘𝑐1 ∙ [𝐴]𝑛1 − 𝑘𝑐2 ∙ [𝐼]𝑛2     (4-4) 
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𝑟3 =
𝜕[𝑃]

𝜕𝑡
= 𝑘𝑐2 ∙ [𝐼]𝑛2 − 𝑘𝑐3 ∙ [𝑃]𝑛3     (4-5) 

𝑟4 =
𝜕[𝑀𝑙]

𝜕𝑡
= 𝑘𝑐3 ∙ [𝑃]𝑛3      (4-6) 

Where 𝑛𝑖 and 𝑘𝑐𝑖 (𝑖 = 1,2,3) are the reaction orders and reaction rate constants, respectively. 

The reaction order will be determined in a later section (Section 4.5.1.1: Multiresponse kinetic 

model). Reaction rate constants are dependent on temperature, as shown in Eq. 4-7.   

𝑘𝑐𝑖 = 𝑘0𝑖 exp (
−𝐸𝑎𝑖

𝑅∙𝑇𝑏
)       (4-7) 

Where  𝑘0𝑖 are the pre-exponential constants, 𝑅 is the universal gas constant 8.314 kJ/mol∙ 𝐾, 

and 𝑇𝑏 is bean temperature in Kelvin. The varying temperature during roasting could contribute 

to the variation in the activation energy. The development of flavour in Maillard reaction has 

high dependence on temperature and time (Jousse et al., 2002). The activation energy (𝐸𝑎𝑖) 

was fitted using an empirical correlation of Eq. 4-8, where 𝑡𝑟 is roasting time. Minimisation of 

sum of squares of the residuals is used to obtain the best fit, which will be discussed in a later 

section (Section 4.5.1.1: Multiresponse kinetic model). 

𝐸𝑎𝑖 = 𝐵𝑖 ∙ 𝑇𝑏 + 𝐶𝑖 ∙ 𝑡𝑟 + 𝐷𝑖     (4-8) 

The multiresponse kinetic equations were coupled with the 2-D partial differential equation 

(PDE) heat and mass transfer model of single coffee bean roasting that provide the input of 

bean temperature (𝑇𝑏) (Abdul Ghani et al., 2019). The 2-D kinetic model (PDE-ODE) was 

simulated using the MATLAB Partial Differential Equation (PDE) Toolbox (MATLAB 

R2018b). To solve Eqs. (4-3) and (4-6) in MATLAB, we need to set 𝑑 = 1,  a = f = 0, and 𝑐 

as the thermal and moisture diffusivity, and kinetic constants (Eq. 4-7). We defined the initial 

conditions as shown in Eq. (4-9) and specified Neumann boundary conditions to all edges. Eq. 

(4-10) is the generalized Neumann boundary condition. The matrices for both 𝑞 and 𝑔 (Eqs. 4-

11 and 4-12) represent the convective heat and mass transfer on the edges.   

Initial condition    '0000,0, AMT bb                            (4-9) 

�⃗�  ∙ (𝑐∇𝑢)+ qu =g                                               (4-10) 
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4.3.2 Long Short-Term Memory (LSTM) ANN 

Some preliminary works has been done to few types of ANN in order to select the best suited 

model for the process of aroma formation during coffee bean roasting. The preliminary works 

include Nonlinear Autoregressive with External (Exogenous) Input (NARX), Nonlinear 

Autoregressive (NAR) and Nonlinear Input-Output. However, these models have shown poor 

predictive ability in comparison to the LSTM model. 

 

The long short-term memory (LSTM) ANN can learn long term dependencies between time 

steps in time series data which offers advantages for predicting sequenced or time series data. 

An LSTM network has 3 gates; input, output, and forget gate. The information received by the 

input gate could either be forgotten by the forget gate (short-term memory) or kept in the 

memory cells (long-term memory) to be used for the next time step with new 

information/memory. During training, the network learns to balance the weights of this 

information to generate the output. The LSTM cell memory block is shown in Figure 4.3. 

 

Figure 4.3: LSTM memory block with one cell.  

A bi-directional recurrent neural network is a dual direction network, the positive time (forward 

states) and negative time (backward states). It was first introduced by Schuster and Paliwal 

(1997) to improve the classic recurrent neural network. Bi-directional LSTM (bi-LSTM) 

process inputs from both the past and future (in a sequence) which gives additional knowledge 

to the network. Recent applications of LSTM and bi-LSTM has been reported in predicting the 

chemical properties of beers from brewed recipes (Ermi et al., 2018) and predicting the blood 

glucose level in diabetes patients (Sun et al., 2018), respectively. 
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The LSTM network in this work is developed using the MATLAB Deep Learning Toolbox 

(MATLAB R2018b). The network was trained using 15 sets of input sequence from each fast 

and slow heating profile, which covers the ranges of heating profile used in coffee roasting. 

The proposed LSTM model structure is shown in Figure 4.4.  

 

Figure 4.4: The proposed structure of LSTM model.  

There are two input sequences: air temperature (measured by thermocouple during roasting 

experiments), and bean core temperature (obtained from the 2-D PDE model). The 2-D model 

has a reliable prediction and good accuracy (Abdul Ghani et al., 2019). This is important as the 

measurement of bean temperature in industry is not applicable yet. The output sequence is an 

average concentration of 2-methylpyrazine (obtained from the 2D PDE-ODE model). The 

adaptive moment estimation (adam) optimizer was applied with a 0.0001 constant learning 

rate, batch size of 5 and gradient threshold of 1. The validation sets are the intermediate profiles 

between the slow and fast heating profiles, which we call moderate heating profiles. The 

moderate heating profiles were excluded from the training sets. The network performance 

during training was measured using the root mean squared error (RMSE) of the validation sets 

which will be discussed in a later section (Section 4.5.1.2: Long short-term memory (LSTM) 

ANN). 

 

4.4 Materials and methods 

4.4.1 Sample preparation 

A modified Hottop Coffee Roaster (Model KN-8828B-2K) was used to perform varying 

heating profiles for coffee bean roasting. Three heating profiles (fast, moderate, and slow 

profile) were designed and executed using the coffee roaster control panel heating element 
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power (750 Watts, 11 heating levels from 0 to 100% with a 10% difference between them) and 

exhaust fan speed (five fan speeds from 0 to 100% with a 25% difference between them). The 

air temperature inside the coffee roaster was measured using an immersion thermocouple Type 

E (Omega Engineering, Inc.). 

Table 4.1: The operating conditions using a coffee roaster control panel for different heating 

profiles; slow, moderate, and fast. 

Roaster 

temperature (℃) 

 Slow  Moderate  Fast 

 Heating 

(%) 

Fan 

(%) 

 Heating 

(%) 

Fan 

(%) 

 Heating 

(%) 

Fan 

(%) 

25 - 100  100 0  100 0  100 0 

100 - 130  50 25  70 50  100 50 

130 - 160  50 50  60 25  80 25 

160 - 180  50 50  70 25  70 50 

180 - 200  50 50  60 50  70 50 

200 - 220 (end)  50 50  60 50  70 75 

 

5 g of Arabica coffee beans (Ouro Fino, Brazil) were loaded into the coffee roaster with one of 

the beans drilled and attached to a thermocouple Type K (Omega Engineering, Inc.) of 0.504-

mm diameter and 0.5% accuracy. Both thermocouples (air and bean) were calibrated before 

each experiment. The roasting was stopped when the core temperature of the beans reached 

180, 190, 200, 210 and 220 ℃ for different experiments. The range of temperature was chosen 

based on knowledge of roasting reactions, and where the roasted coffee develops its aroma. 

Roasted coffees were vacuum sealed and stored in a cool room (at 4 ℃) until analysis. All 

experiments were done with three repetitions. 

 

Before aroma compound determination, the samples were ground and sieved. 50 mg of ground 

coffee sample was put in a 20 ml amber headspace vial. 3 g sodium chloride and 5 ml of Milli-

Q water were added to the sample vial. The samples were heated and agitated at 60oC for 15 

minutes before the 65 um Polydimethylsiloxane-Divinylbenzene (PDMS-DVB) solid phase 

micro extraction (SPME) fibre was introduced to the headspace of the sample for 30 minutes. 

The fibre was conditioned in the injection port of gas chromatograph at 250℃ for 30 minutes 

beforehand.  
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4.4.2 Gas chromatography-mass spectrometry-olfactometry (GC-MS-O) 

A gas chromatograph-mass spectrometer-olfactometry GCMS-QP2010 Plus (Shimadzu) was 

used with automated headspace solid phase micro extraction (HS-SPME) using a CombiPal 

multipurpose sampler (CTC Analysis). The GC-MS-O was equipped with a RTX-5MS 

(Agilent), helium capillary column with 10ml/min constant flow as a carrier gas. The SPL-1 

injector operated in splitless mode. The GC temperature was programmed from 40℃ to 280℃. 

Five alkyl pyrazines; 2-methylpyrazine, 2,5-dimethylpyrazine, 2,3-dimethylpyrazine, 2,3,5-

trimethylpyrazine, and 2,3,5,6-tetramethylpyrazine (analytical grade) were purchased from 

Sigma-Aldrich (New Zealand). Identification of sample (coffee ground) compounds was 

carried out by comparing the retention time of standards and quantification using stable isotope 

as the internal standard 2-methylpyrazine-d6 (SciVac Pty Ltd, NSW, Australia). The analyses 

were run in duplicates for each sample. 

 

4.5 Results and discussion 

We analysed the concentrations of 5 alkyl pyrazines namely 2-methylpyrazine, 2,5-

dimethylpyrazine, 2,3-dimethylpyrazine, 2,3,5-trimethylpyrazine, and 2,3,5,6-

tetramethylpyrazine. The ranges of the alkyl pyrazines concentrations found in roasted coffee 

were 1.47 – 3.01 ng/mg for 2-methylpyrazine, 0.89 – 1.08 ng/mg for 2,5-dimethylpyrazine, 

0.13 – 0.23 ng/mg for 2,3-dimethylpyrazine, and 0.33 – 0.57 ng/mg for 2,3,5-

trimethylpyrazine. 2,3,5,6-tetramethylpyrazine was not detected at all. Among all four detected 

alkyl pyrazines, 2-methylpyrazine showed the highest concentration (approximate 60% of the 

studied alkyl pyrazines). Therefore, the current paper will focus on modelling the formation of 

2-methylpyrazine and use this aroma compound as an indicator of roasting reactions during 

coffee bean roasting.   

 

4.5.1 Modelling 

4.5.1.1 Multiresponse kinetic model 

Multiresponse kinetics (Eqs. 4-3 to 4-6) were used to predict the formation of 2-methylpyrazine 

during coffee roasting. Based on our observations, the formation of 2-methylpyrazine increases 

as roasting progressed until the bean temperature reaches 210 ℃. After 210 ℃, and at the end 

of roasting, the concentration of 2-methylpyrazine decreases. This may be due to the formation 

of melanoidin (brown pigment) that contributes to the roasted bean colour. Therefore, Eq. 4-6 

is important to justify the behaviour of 2-methylpyrazine above 210 ℃. During coffee roasting, 
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we observed the formation of 2-methylpyrazine follows the first order reaction. Figure 4.5 

shows a negative slope for the natural log of amino acids [𝐴] over time for slow, moderate, and 

fast heating profiles. The amount of amino acids [𝐴] were based on the concentration of 2-

methylpyrazine.  

 

  

a) Slow heating profile b) Moderate heating profile 

 

c) Fast heating profile  

Figure 4.5: The natural log of amino acids [A] over time for slow, moderate, and fast heating 

profiles.  

An empirical correlation of activation energy (Eq. 4-8) was then proposed to describe the 

dependence of both bean temperature and roasting time. The estimation of parameters  

(𝐵𝑖, 𝐶𝑖 , and 𝐷𝑖)  for the empirical correlation of activation energy was performed by the 

minimisation of the residual errors from the data fitting of both fast and slow heating profiles 

as shown in Figure 4.6. After that, a linear relationship of roasting time and activation energy 

was established. The empirical constants (𝐵𝑖, 𝐶𝑖 , and 𝐷𝑖)  and the range of the activation 

energies for reactions 1, 2, and 3 were estimated to be as shown in Table 4.2. The values of 

activation energies were higher than 56.52 kJ/mol reported by Jusino et al. (1997) for 2-

methylpyrazine formation in starch (temperature 80 – 120 ℃). However, the range of 50 −

150 kJ/mol has been reported for the flavour formation in Maillard reaction (Jousse et al., 

2002) which is similar to the present study.  
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Figure 4.6: Parameter estimation flow chart. 

Table 4.2: The empirical values for the estimation of activation energies. 

Reaction number (𝑖) Empirical constants (Eq. 8) Activation energy,  

𝐸𝑎 (kJ/mol)  𝐵𝑖 𝐶𝑖 𝐷𝑖 

1 57.43 0.8194 44826 62.37 − 75.80 

2 114.86 2.867 46524 82.24 − 110.31 

3 172.29 4.642 45806 99.56 − 141.99 

 

The error analysis for the reaction kinetic model is presented in Table 4.3, which includes the 

average absolute errors, average residual sum of squares (RSS), average root mean square error 

(RMSE), and average coefficient of determination (𝑅2). The average values were calculated 

from 15 data sets from each of the heating profiles studied. The kinetic model fitted quite well 

the fast heating profile with high 𝑅2 and the lowest value of average absolute error, residual 

sum of squares, and RMSE. However, for both moderate and slow heating profiles, the high 
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average absolute error, residual sum of squares, and RMSE shows that both these heating 

profiles had poor model fit. The possible reasons that contribute to the error is the disturbance 

of other parameters that were not included in our model, such as the pH and water activity 

which might affect the reaction rate of 2-methylpyrazine formation. This includes the value of 

pre-exponential factor which might differ in real cases. 

Table 4.3: The average value of absolute error, residual sum of squares (RSS), root mean 

square error (RMSE), and coefficient of determination (𝑅2) for slow, moderate, and fast 

heating profile. 

Heating 

profiles  

Average absolute 

error (ng/mg) 

Average RSS 

(ng/mg) 

Average RMSE 

(ng/mg) 

Average 

𝑅2 

Slow 0.4062 1.0754 0.2062 0.60 

Moderate 0.5464 1.9643 0.3010 0.84 

Fast 0.1817 0.2516 0.1208 0.82 

 

The multiresponse kinetic model provides the 2-methylpyrazine concentration at each node 

(2D mesh of single coffee bean) and roasting time. The average concentration of 2-

methylpyrazine at every 5 seconds was determined from the average concentration in the 2D 

mesh of a single coffee bean, and the aroma formation profile for slow, moderate, and fast 

heating profiles were plotted in Figure 4.7.  

 

The proposed multiresponse kinetic model shows that the 2-methylpyrazine formation is 

dependent on both speed and temperature of the roasting process. The fast heating profile has 

the fastest formation rate of 2-methylpyrazine in contrast to the slow heating profile that shows 

the slower rate of 2-methylpyrazine formation. The bean temperature was used to determine 

the reaction rate constants and activation energy for each reaction in the multiresponse kinetic 

reactions. However, the results were not satisfactory. The possible causes that contributed to 

errors were the simplicity in the multiresponse kinetic model that could not model the 

complexity of the real roasting reaction. Therefore, we proposed another model to overcome 

this issue in the next section (Section 4.5.1.2: Long short-term memory (LSTM) ANN). 
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a) Slow heating profile b) Moderate heating profile 

 

c) Fast heating profile  

Figure 4.7: Reaction kinetic model results for 2-methylpyrazine concentration. 

 

4.5.1.2 Long short-term memory (LSTM) ANN 

The long short-term memory (LSTM) network used two input sequences of air temperature 

and bean core temperature to predict the concentration of 2-methylpyrazine during roasting. 

We tried a few LSTM architectures; uni-directional, bi-directional, single and multiple layers 

for the 2-methylpyrazine formation prediction as tabulated in Table 4.4. Single layer LSTM 

requires almost triple the amount of training iterations in comparison to the multiple layer 

LSTM (Deep layer LSTM).  An additional hidden layer in LSTM provides a good prediction 

with 600 training iterations. On the other hand, the bi-LSTM model that uses both a forward 

and backward states approach showed good prediction for almost 70% of the data points in the 

beginning of the sequence. However, the bi-LSTM model failed to predict well at the end of 

roasting process, giving a higher validation RMSE compared to the uni-directional LSTM. The 
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bi-LSTM model instability happened because of the roasting reactions sequence that was 

complex. 

Table 4.4: Summary of LSTM models’ performance. 

Model Number of 

hidden layers 

Number of 

neurons 

 Maximum 

epoch 

𝑅2 Validation 

RMSE 

Layer 1 Layer 2  

LSTM 1 100 -  300 0.87 0.0478 

LSTM 2 80 80  100 0.89 0.0311 

Bi-LSTM 1 100 -  200 0.87 0.1889 

        

Bi-LSTM 2 50 50  50 0.88 0.1417 

 

Table 4.5 shows the validation results for the deep layer LSTM using different training sets. 

The best training sets for LSTM model would be the slow and fast heating profiles based on 

the highest value of 𝑹𝟐 and the lowest values for both average absolute error and RMSE. The 

slow and fast heating profiles had an average roasting time of 1200 and 590 seconds, 

respectively, which represent the longest and shortest sequences of data. Therefore the usage 

of these two heating profiles also defines the model limitation in input sequence.  

Table 4.5: Validation results for different training sets used in LSTM. 

Training sets   Slow and 

Moderate  

 Moderate and 

Fast  

 Slow and 

Fast 

Validation set   Fast   Slow   Moderate  

Average absolute error 

(ng/mg) 

  

0.3927 

  

0.2408 

  

0.1362 

RMSE (ng/mg)  0.3023  0.1567  0.0976 

𝑅2  0.79  0.79  0.92 

 

Figure 4.8 shows the training progress using the RMSE and loss (half-mean-square-error) on 

the mini-batch. A mini-batch is a subset of the training set that is used to evaluate the gradient 

of the loss function and update the weights. Meanwhile, an epoch is a full pass through the 

entire data set. The shaded background in Figure 4.8 marks each training epoch. The error in 

training data significantly decreased after 50 epochs (300 iterations). However the RMSE 
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showed instability that resulted in poor prediction until 600 iterations completed or 100 epochs, 

which has been selected for the deep layer LSTM model. 

 

Figure 4.8: Training RMSE and loss (half-mean-squared-error) on the mini-batch. 

 

4.5.2 Multiresponse kinetic model and deep layer LSTM model efficiency  

The multiresponse kinetic model and the deep layer LSTM model were compared. Table 4.6 

shows the error analysis for a selected data set of the moderate heating profile. The prediction 

of 2-methylpyrazine concentration by deep layer LSTM showed an improvement upon the 

multiresponse kinetic model with lower average error and RMSE, and higher 𝑅2.  

Table 4.6: Error analysis of multiresponse kinetic model and deep layer LSTM model based 

on experimental data for a selected moderate heating profile. 

 Multiresponse kinetic Deep layer LSTM 

Absolute average error (ng/mg) 0.4932 0.2451 

Average RMSE (ng/mg)  0.2895 0.1665 

Average R2 0.84 0.91 
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However, the difference of values in Table 4.6 might not give absolute comparison in the aroma 

formation trend. Therefore, the model validations for both the multiresponse kinetic model and 

deep layer LSTM model in Table 4.6 was also illustrated in Figure 4.9.  

 

Figure 4.9: Model validation of deep layer LSTM and 2-D reaction kinetic models for a 

moderate heating profile. 

The multiresponse kinetic model has overestimated both formation and degradation reactions 

of 2-methylpyrazine. This result also shows that the proposed reaction kinetic model requires 

substantial improvement. There is a possibility that the error trend was contributed to by the 

estimation of reaction rate constants (𝑘𝑐) and activation energy (𝐸𝑎).  

 

The deep layer LSTM network showed better prediction capability in modelling the formation 

of 2-methylpyrazine, and give insight that the prediction of aroma compound is dependent on 

the time-temperature heating profile during roasting. However, the relationship between aroma 

concentration and time-temperature profile should be further elucidated with rigorous research 

on coffee roasting reaction kinetics. 

 

4.5.3 Effect of heating profiles on 2-methylpyrazine concentration  

Different heating profiles in coffee roasting generated different quantities of aroma compounds 

that will effect coffee sensory quality. Based on the three heating profiles studied, we simulated 

the 2-D formation of 2-methylpyrazine concentration during coffee roasting. The fast heating 
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profile provided the average optimum value of 2.72 ng/mg, followed by the moderate heating 

profile with 3.09 ng/mg, and the slow heating profile could generate as much as 3.31 ng/mg 2-

methyl pyrazine concentration. The average value was determined from 15 collected data sets 

for each of the heating profiles studied.  

 

Figure 4.10 shows the profiles of 2-methylpyrazine concentration, and bean temperature at the 

optimum formation of 2-methylpyrazine for the selected data sets of slow, moderate, and fast 

heating profiles. The contour difference of 2-methylpyrazine concentration (2-D) in Figure 

4.10 is relatively small in each heating profile. Therefore, we provided a different annotation 

of the colour scheme for different heating profiles to observe the pattern of aroma formation. 

Although the overall rate of aroma formation is very rapid in comparison to the bean’s thermal 

conduction, a slight contour difference similar to the bean temperature could be seen in Figure 

4.10.  

 

The temperature distribution inside the bean for a slow heating rate was in the range of  210 −

215 ℃ (Figure 4.10a) which is the most uniform compared to the other heating profiles. The 

temperature range could be seen as the most optimum temperature for the formation of 2-

methylpyrazine during coffee roasting. Slow and moderate heating profiles (Figure 4.10a and 

4.10b) show that the 2-methylpyrazine concentration increases as bean temperature increases, 

which means the degradation reaction had not started yet at this point. 

 

On the other hand, the fast heating profile (Figure 4.9c) shows the pattern of 2-methylpyrazine 

concentration has decreased as bean temperature increased, which means the degradation has 

just started at this point. Therefore the fast heating profile could not achieve a similar 2-

methylpyrazine concentration to slow and moderate heating profiles due to its fast heating rate. 

The fast heating profile also has the largest difference in temperature distribution between the 

bean surface and core. The 2-methylpyrazine concentration could have been degraded/lost as 

soon as it is formed. 
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2-methyl pyrazine concentration profile Bean temperature profile 

  

a) Slow heating profile,  𝑡𝑟 = 785 𝑠, [𝑃]𝑎𝑣𝑒 = 3.2743ng/mg, 𝑇𝑏 at core = 206.3 ℃ 

 

  

b) Moderate heating profile, 𝑡𝑟 = 725 𝑠 , [𝑃]𝑎𝑣𝑒 = 3.0234 ng/mg, 𝑇𝑏  at core =
201.5 ℃ 
 

  

c) Fast heating profile, 𝑡𝑟 = 610 𝑠, [𝑃]𝑎𝑣𝑒 = 2.8029ng/mg, 𝑇𝑏 at core = 203.4 ℃ 

Figure 4.10: The profiles of 2-methylpyrazine concentration and the bean temperature at the 

optimum formation of 2-methylpyrazine for three different roasting profiles: a) Slow heating 

profile, b) Moderate heating profile, and c) Fast heating profile. 
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4.6 Conclusions 

In conclusion, the current study has demonstrated that the formation of 2-methylpyrazine 

during coffee bean roasting may be modelled using the multiresponse kinetic model and LSTM 

neural network. 2-methylpyrazine formation was observed to be dependent on heating profile 

and having an optimum concentration of 2.72 – 3.31 ng/mg. The validation RMSE of LSTM 

model was in an acceptable range of less than 0.1 ng/mg compared to the multiresponse kinetic 

model fit which was greater than 0.1 ng/mg. The predictive ability of both models has proved 

their potential in modelling food systems. However, further research could improve the 

efficiency of the multiresponse kinetic model. The deep layer LSTM model was seen to be a 

potentially useful tool to forecast food product quality particularly in thermal food processing.   
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5.1 Foreword 

This chapter will present the investigation of various roasting conditions; the different degree 

of roast and different heating profiles using two approaches; image analysis and sensory 

evaluation. Two image acquisition are used; digital camera and hyperspectral imaging (HSI). 

The data were analysed using principal component analysis (PCA) and naïve Bayes 

classification (NBC) that provide equivalent results between image analysis and sensory 

evaluation. The data analysis were done using MATLAB and the codes can be found in 

Appendix A-5 to A-8.    

 

5.2 Introduction 

Coffee is a popular beverage and an important commodity across the world. It was the top 

agricultural export for twelve countries, the world's seventh-largest legal agricultural export by 

value and the second most valuable commodity exported by developing countries (Rahn et al., 

2018). Its attractive smell and flavour from bioactive substances (e.g. phenolic compounds and 

antioxidants) benefit consumers in both pleasure and health. As a result, world coffee 

production and consumption have been gradually increasing over the past ten years (ICO, 2014 

- 2019).  

 

Product quality is important to ensure a standard product is achieved before the coffee goes to 

the consumer.  Roasted coffee bean quality is assessed by its colour and sensory attributes. 

Many factors such as the type of coffee bean, pre-harvest and post-harvest processing, storage 

conditions, grinding and brewing methods affect its quality, while degree of roasting is one of 

the most important parameters (Alongi and Anese, 2018).  Roasting is a heating process 

converting green coffee beans into aromatic and flavoured roasted beans that contain over 1000 

volatile compounds (Flament and Bessière-Thomas, 2002). Among these compounds, 65 

impact odorant compounds contribute to the coffee sensorial notes such as nutty, roasted, fruity 

and floral (Toci and Boldrin, 2018). As documented by Schenker et al. (2002) and Baggenstoss 

et al. (2008), the modulation of temperature and time during roasting could result in different 

sets of coffee aroma compounds. Similar findings were reported by Petisca et al. (2013), adding 

that the aroma difference could also be found between ground and brewed coffee. Meanwhile, 

Moon and Shibamoto (2009) reported that major aroma groups vary according to roasting 

degrees such as light, medium, and dark roast. The degree of roast is defined and classified 

using roasted bean colour which will be explained in the subsequent section. Different roasting 
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degrees have shown the diverse intensity of sensory attributes such as nutty, musty/earthy, 

burnt/acrid, ashy/sooty, sour, coffee, and roasted aroma (Bhumiratana et al., 2011). A recent 

study by Barbosa et al. (2018) reported that Arabica coffee had a decrease of the sour taste, and 

an increase of bitterness and roasted flavour when the roasting degree changed from medium-

light to dark roast.  

 

Conventionally, quality control during the coffee roasting process uses human vision to 

discriminate the colour of coffee beans and group the beans into different degrees of roast based 

on a colour standard (e.g. the Specialty Coffee Association of America (SCAA) Roast Coffee 

Colour Standard)(Staub, 1995). The roasting process is stopped when the desired colour grade 

is achieved. In addition, sensory evaluation, also known as ‘cupping’ is performed by a trained 

panellist to evaluate the consistency of the descriptive aroma and flavour of each roasting batch. 

Untrained panellists require a number of group as small as 12 panellists (Arce Alvarado and 

Linnemann, 2010) to 106 panellist (Gotow et al., 2015). As an individual’s perception can 

change from day to day and be different from others, the number of people required for this 

task is relatively large to reduce human error. Therefore, Bressanello et al. (2018) built a 

chemometric model through chemical compositions to predict coffee sensory attributes, 

demonstrating that the complexity of a single sensory attribute could be a result of multiple 

aroma compounds with specific concentrations and ratios. Other approaches such as near-

infrared (NIR) and attenuated total reflectance-fourier transform infrared spectroscopy (ATR-

FTIR) were also able to discriminate the coffee sensory properties (Ribeiro et al., 2011, 

Belchior et al., 2019). However, these broad range spectral applications contain noise and 

overlapping bands which require complex pre-processing methods (Barbin et al., 2014).  

 

The use of digital image analysis has increased the ability and reliability of determining quality 

variables related to surface environments (Massot-Campos et al., 2013), materials (Bharati et 

al., 2004) and the extent of mixing in powders (Gosselin et al., 2008). In the food processing 

industry, the use of such techniques to analyse a sample’s surface texture, colour variation, or 

equivalent has allowed for off and online product quality control. A relatively recent review of 

many techniques about image texture analysis can be found in a paper by Duchesne et al. 

(2012). As they are fast and non-invasive techniques, normal photography and hyperspectral 

imaging (HSI) could provide valuable information on coffee bean colour and sensory 

properties, and hence could potentially replace the conventional sensory methods used in the 

coffee industry.  
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Hyperspectral imaging (HSI) technology is a non-destructive and fast technique that is suitable 

for data acquisition during food processing. Unlike a digital camera that records Red-Green-

Blue (RGB) images, hyperspectral imaging goes beyond with hundreds of colour/wavelength 

or spectral bands providing more compositional information. Calvini et al. (2015) had applied 

sparse-based methods of principal component analysis (PCA) and partial least squares – 

discriminant analysis (PLS-DA) to classify HSI images of Arabica and Robusta green coffees. 

Nansen et al. (2016) have used selected spectral bands from HSI images to predict extractable 

protein content and classify different degrees of roast. A higher spectral range of 874 – 1734 

nm was used to predict the caffeine content (Zhang et al., 2017) and  Cho et al. (2017) found 

the wavelength of 1420 nm to classify roasting defects based on bean moisture content. These 

applications show a great possibility of using HSI to replace conventional colour standards and 

sensory evaluation for coffee quality assurance, which also makes real-time optimization and 

online product quality control possible. However, there is currently no such research available. 

Therefore, this study aims to examine the capability of using photography/image processing to 

replace conventional sensory tests.  

 

This paper is organised as follows. In Section 5.3, we describe the experimental methods and 

data analysis techniques used in this study. Significant findings are discussed in Section 5.4 in 

three subsections; sensory data, digital image, and HSI analysis. The sensory tests are explored 

in Section 5.4.1 considering the impact of roasting conditions on coffee quality. Image analysis 

using the digital camera and HSI are presented in Section 5.4.2 and 5.4.3, respectively. Finally, 

the conclusions are provided in Section 5.5.  

 

5.3 Image analysis and sensory testing 

5.3.1 Coffee roasting  

A modified Hottop Coffee Roaster (Model KN-8828B-2K) was used to roast 250 g Arabica 

coffee beans (Ouro Fino, Brazil) using three heating profiles: slow, moderate and fast (Table 

5.1). The heating profiles were controlled using two variables - heating element power (750 

Watts, 11 heating levels from 0 to 100% with a 10% difference between them) and exhaust fan 

speed (five fan speeds from 0 to 100% with a 25% difference between them). The air 

temperature was measured by a thermocouple (type E) with three repeats for each heating 
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profile, and the average Root Mean Square Error (RMSE) (data not shown) for all heating 

profiles were less than 4 ℃. 

Table 5.1: The operating conditions using a coffee roaster control panel for different heating 

profiles; slow, moderate, and fast. 

Roaster 

temperature (℃) 

 Slow  Moderate  Fast 

 Heating 

(%) 

Fan 

(%) 

 Heating 

(%) 

Fan 

(%) 

 Heating 

(%) 

Fan 

(%) 

25 - 100  100 0  100 0  100 0 

100 - 130  50 25  70 50  100 50 

130 - 160  50 50  60 25  80 25 

160 - 180  50 50  70 25  70 50 

180 - 200  50 50  60 50  70 50 

200 - 220 (end)  50 50  60 50  70 75 

 

After roasting, the colour of coffee beans was measured using a hand-held Minolta CR-400 

Chroma Meter (Minolta Camera Co., Japan). The device used the CIELAB colour space 

defined by the Commission Internationale de I’Eclairage (CIE, 1976) (McLaren, 1976). As 

shown in Table 5.2, L* is a measure of lightness, a* is an approximation of redness-greenness, 

and b* approximates yellowness-blueness (Fairchild, 2013). The measurements of L*, a*, and 

b* were repeated five times per sample and the average values are recorded in Table 5.2. A 

commercial dark roast was used as a standard to calculate the colour difference (∆𝐸, 𝑢𝑛𝑖𝑡𝑙𝑒𝑠𝑠) 

for each sample. Based on comparison with the SCAA Colour Standard, the colour of the 

roasted coffee beans was categorised by three levels of roast degree (∆𝐸): light roast (24.5 – 

26.5), medium roast (11.5 – 13.5) and dark roast (0 – 2). A preliminary study was conducted 

to determine the roasting time for each roasting degree with a specified colour difference (∆𝐸). 

Nine prepared samples are tabulated in Table 5.2 with specific roasting time, CIELAB values, 

and colour difference.  
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Table 5.2: Sample descriptions according to heating profiles, degree of roast, and colour 

measurement. 

 

  

5.3.2 Sensory evaluation 

In this study, descriptive analysis and affective testing were used for sensory evaluation. The 

descriptive analysis is to identify the intensity of specific elements of a product such as acidity 

or sourness in a coffee. The affective testing, also called a ‘hedonic test’, is to evaluate the 

point of liking or disliking of a product (Lawless and Heymann, 2010). Both tests aim to 

investigate how the consumer perceives each sensory attribute and their personal preference of 

the studied roasting conditions. The sensory evaluation was conducted in a lounge area that 

provides comfortable seating to 25 untrained sensory panellists that volunteered from the 

university’s students and staff, where 76% of the panellists were drinking an average of two 

cups of coffee every day.  

 

The sensory test was divided into three continuous sessions. An hour before brewing, roasted 

beans were ground using an electric Kensington coffee grinder (Model GTM-8803). Firstly, 

the nine ground coffee samples were provided in airtight glass jars, where the panellists were 

required to inhale/smell the powdered coffee aroma (the so-called dry aroma). Secondly, a 

French press was used to brew coffee with a coffee-to-water ratio of 1:25. After four minutes, 

50 ml of brewed coffee was served in paper cups. The coffee was prepared as ‘black coffee’ 

without adding any sugar or milk. The panellists were asked to inhale/smell the brewed coffee 
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aroma (the so-called wet aroma). The third session required the panellists to taste the coffee 

and evaluate sensory attributes such as flavour/taste, acidity/sourness, mouthfeel/body and 

bitterness. The final sensory attribute; aftertaste, required the panellists to swallow the brewed 

coffee and take a moment to feel the sensation perceived. Sparkling water was served to help 

rinse the palate in between different samples. A total of nine samples were given to panellists 

during the one-hour sensory evaluation. The intensity of each sensory attribute was evaluated 

by giving points from 1 to 5 (very weak, weak, moderate, strong, and very strong). The 9-point 

hedonic scale from 1 (extreme dislike) to 9 (extreme like) was also given to panellists to 

evaluate samples at each session. The hedonic testing reflected the panellists’ preference 

towards the aroma of the ground and brewed coffee, and overall flavour of brewed coffee.  

 

5.3.3 Image analysis 

Image analysis is a popular tool for food quality measurement. Digital camera imaging and 

hyperspectral imaging (HSI) were used for image acquisition in this research. These two 

devices represent simple and sophisticated imaging technologies, respectively. A digital 

camera is capable to provide an objective assessment on colour. Meanwhile, HSI offers 

extended information on spectral data. Comparisons between both techniques are important to 

identify the limitations and potential of the classification of roasted coffee bean quality.   

  

5.3.3.1 Digital camera imaging 

At the end of coffee roasting, the bean images were captured using an Android-based tablet 

camera, a Samsung Galaxy Tab S 10.5 (Model SM-T805). The tablet has a 1.9 GHz, 1.3GHz 

Octa-core CPU and a camera specification of 8.0 MP. The image acquisitions were repeated 

five times per sample. The images of whole beans and ground powder are shown in Figure 5.1a 

and 5-1b, respectively. In Figure 5.1a and 5.1b, the samples are arranged in a matrix from 

Sample A to I (see Table 5.2), where the similar roasting degrees are listed in a row and each 

column represents the different heating speed applied. Significant colour contrast between 

different degrees of roast could be observed for both whole roasted beans and ground bean 

powder. Further discussion on the image analysis will be explained in Section 5.4. 
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Figure 5.1: Images of coffee beans using a digital camera. 
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5.3.3.2 Hyperspectral image (HSI) analysis  

Hyperspectral imaging is a hybrid (imaging and spectroscopy) technology that generates a 

spatial map of spectral variations. It combines spectroscopy with imaging to measure both 

spectral (λ) and spatial (x-y) information from a sample. Hyperspectral images, known as a 

hypercube, can be represented as three-dimensional blocks of data, comprised of two spatial 

and one wavelength dimension as described by Munir et al. (2018). Each pixel shown in the 

hyperspectral image contains a bundle of information in terms of the wavelength 

absorbed/transmitted. The spectrum related with every pixel serves as a fingerprint. It is 

necessary to extract information from it the right way to correlate it with chemical and physical 

properties (Huang et al., 2014). Hyperspectral imaging contains a large and wide range of data 

so the analysis of this “big data” is complicated. Readers can find more detailed information 

about HSI for food quality estimation in a review paper by ElMasry and Nakauchi (2016).  

In our work, a hyperspectral device with a wavelength range of 400 – 1000 nm was used to 

classify beans roasted to different roast degrees resulting from variation of roasting conditions 

(nine conditions listed in Table 5.2). This was then used as a soft sensor to compare with the 

results from the sensory test. 

 

5.3.4 Data analysis 

5.3.4.1 Image analysis 

In this paper, the Gray Level Co-occurrence Matrix (GLCM) method was used to analyse both 

images from a camera and a hyperspectral device. The GLCM is an efficient way to process 

the textural features of an image (Duchesne et al., 2012). The image is initially reduced down 

to k grey levels. A GLCM counts the number of times that neighbouring pixel values, with an 

offset of (x, y), have the same grey level. For an n×m image the GLCM can be calculated 

using Eq. (5-1), and produces a k×k matrix. An example output GLCM from a four grey level 

image with an offset of (1, 0) and how it is calculated is shown visually in Figure 5.2. Figure 

5.2 shows the neighbouring of grey level 1 and 3 in the image has 2 units, which can be seen 

in the GLCM result.  

𝑔(𝑖, 𝑗) = ∑ ∑ {
1,        𝑖𝑓 𝐼(𝑥, 𝑦) = 𝑖 𝑎𝑛𝑑 𝐼 (𝑥 + ∆𝑥, 𝑦 + ∆𝑦) = 𝑗 
 0,         𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                                                         

𝑚
𝑦=1

𝑛
𝑥=1         (5-1) 
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Figure 5.2: GLCM calculation illustration. 

The GLCM is usually normalised so that the sum of the entire element in the matrix is 1. This 

can be done through Eq. (5-2) 

p(i, j) =
g(i,j)

∑ 𝑔(𝑖,𝑗)𝑖,𝑗
                                                             (5-2) 

Haralick et al. (1973) proposed 14 textural properties/ statistics calculated from GLCM in Eq. 

(1). In our work, the four most common statistics - contrast, correlation, energy and 

homogeneity were used.  Contrast is the difference in intensity between neighbouring pixels 

across the whole image. Contrast can also be referred to as variance or inertia and can be 

calculated using Eq. (5-3). 

𝐶𝑜𝑛𝑡𝑟𝑎𝑠𝑡 = ∑ |𝑖 − 𝑗|2𝑝(𝑖, 𝑗)𝑖,𝑗                                           (5-3) 

Correlation is the measurement of how correlated neighbouring pixels are across the whole 

image. If the grey levels of all images are same, the correlation is classed as “not a number”. 

Correlation can be calculated using Eq. (5-4) 

𝐶𝑜𝑟𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛 = ∑
(𝑖−𝜇𝑖)(𝑗−𝜇𝑗)𝑝(𝑖,𝑗)

𝜎𝑖𝜎𝑗
𝑖,𝑗                                  (5-4) 

where, 𝜇𝑖 and 𝜇𝑗 are the mean of the GLCM, and i and j are the variance of the GLCM when 

the rows and columns are summed. Energy is the measurement of textural uniformity with a 

value from 0 to 1. A value of 1 means the whole image only has one grey level for all pixels. 

If an image has a high energy value, it may include a periodic repeating pattern. Energy can be 

obtained from Eq. (5-5) 

𝐸𝑛𝑒𝑟𝑔𝑦 = ∑ 𝑝(𝑖, 𝑗)2
𝑖,𝑗                                                          (5-5) 

Homogeneity is the measurement of the closeness to the diagonal of a GLCM, and has a range 

of 0 to 1. It can be calculated from Eq. (5-6) 

𝐻𝑜𝑚𝑜𝑔𝑒𝑛𝑒𝑖𝑡𝑦 = ∑
𝑝(𝑖,𝑗)

1+|𝑖−𝑗|𝑖,𝑗                                                       (5-6) 
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Two functions: graycomatrix, graycoprops in MATLAB R2018b software were used to 

calculate these four properties for both the digital camera and the hyperspectral device.  

 

5.3.4.2 Principal component analysis (PCA) 

PCA is a powerful tool to reduce the dimensionality of a large dataset containing interrelated 

variables while retaining as much information as possible. It helps to find strong patterns in 

datasets and make data easier to explore and visualise. This is achieved by transforming that 

data into new, correlated variables, known as principal components (PCs). The principal 

components are ordered in such a way that the first few PCs explain most of the variation in 

all of the original variables. More detailed information about PCA method can be found in the 

book by Jolliffe (2002) and its applications were introduced in review papers (Kourti and 

MacGregor, 1995, Saporta and Niang, 2009, Jolliffe and Cadima, 2016). 

 

5.3.4.3 Classification 

To compare and differentiate the coffee sensory attributes for different roasting profiles, data 

classification is required. There are many methods available such as vector support machine 

(VSM), random forest (RF), and artificial neural network (ANN). After preliminary trials, the 

naïve Bayes classification (NBC) method was found to outperform the others. A similar 

technique was used by de Oliveira et al. (2016) to distinguish raw coffee beans into four groups 

according to their colours, where NBC has been proved to be simple, robust and fast. This 

method is based on Bayes theorem of probability to predict the class of an unknown data set. 

It assumes the presence of a particular feature in a class unrelated to others, that is why it is 

known as ‘naïve’.  The naïve Bayes classifier will be determined by finding classes with the 

maximum posteriori probability. Domingos and Pazzani (1996) discussed the optimal 

conditions of NBC. More detailed information is available from Kirk (2014). The Matlab naïve 

Bayer classification function, fitcnb, was used for the classification.  
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5.4 Results and discussion 

5.4.1 Sensory data analysis 

5.4.1.1 Basic statistics 

The average value of the seven descriptive aroma/flavour intensities from the sensory test is 

shown in Figure 5.3a. The definition of each sensory attribute is shown in Table 5.3. As can be 

seen in Figure 5.3a, the lightly roasted samples (A, B, and C) are almost identical and different 

from samples from other roast degrees. The medium and dark roasted beans are similar for 

several sensory variables such as dry aroma, wet aroma, and flavour, while the level of acidity 

and sourness decreases in darkly roasted samples, which is supported by findings from Barbosa 

et al. (2018).  

 

Table 5.3: Description of sensory attributes used by the panellists to evaluate the sensory test 

samples. 
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Figure 5.3: Sensory data for descriptive analysis and hedonic testing.  

The average sample preference for dry aroma, wet aroma and overall is shown in Figure 5.3b. 

It is observed that the light and medium roasted beans produces a more dry aroma compared 

to the dark roast samples. However, the medium and dark roast are more favourable for the 
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formation of a pleasant wet aroma. In general, medium roasted coffee scored the highest within 

all categories studied, including the final category of overall preference (brewed coffee 

flavour/taste), which showed that these samples had the most likeable coffee aroma and 

flavour. Similarly, Bhumiratana et al. (2011) reported that medium roast has a complex aroma 

and possibly the ideal degree of roast. We also performed a two-way analysis of variance 

(ANOVA) test to measure the significance of these data (see Table 5.4). Results of p-value less 

than 0.05 (or F> F crit) were obtained for the degree of roast, suggesting there is significant 

difference between light, medium, and dark roast samples for dry aroma, wet aroma and overall 

preference. Meanwhile p-values over 0.05 (or F<F crit) suggesting no significant difference 

were obtained between slow, moderate, and fast profiles samples for dry aroma, wet aroma and 

overall preference. Based on the hedonic test result, we can conclude that the panellists’ 

preference for coffee samples is correlated with the degree of roast regardless of its heating 

profile.   

Table 5.4: Results of two-way ANOVA for hedonic test. 

 

 

5.4.1.2 PCA and classification for sensory results  

PCA of the results from the sensory test is shown in Figure 5.4. The variance accumulation 

corresponding to each principal component is shown in Figure 5.4c and the score plot of the 

first two principal components is shown in Figure 5.4a.  
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Figure 5.4: PCA and classification of the sensory test result:  (a) PCA score plot, (b) Naive 

Bayes classification, c) Principal component number VS cumulative variance. 

As can be seen in Figure 5.4c, even though the first two PCs only represent 63% of the total 

variance, light and dark roast data point cluster separation can be observed in Figure 5.4a. The 

medium roast points merge within both the light and dark roast point clusters. These 

observations indicate that the sensory panellists could distinguish the light and dark roast 

samples through their taste, while they had difficulties to separate light/medium roast and 

medium/dark roast. To classify the three clusters: light, medium and dark roast, naïve Bayes 

classification was used. The first 5 PCs presenting 90% of the total variance were selected 

based on Figure 5.4a. The results were plotted in Figure 5.4b with its confusion matrix of 

predictions listed in Table 5.5. Different colours represent the correct classification rate (true 

positive rate), where green means highly correlated, pink means medium correlated and red 

indicates poor correlation.  
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Table 5.5: Confusion matrix for three roast degrees: light, medium, and dark. 

 

By using naïve Bayes classification, a high correct classification rate of 74.7% was obtained 

for both light and dark roast samples, while a poor correct classification rate of 50.7% was 

observed for the medium roasted samples. By combining the PCA score and loading plot 

(Figure 5.5), it can be concluded that the light roast beans have a strong dry aroma flavour and 

the dark roast degree beans have a strong flavour, bitterness, body, and aftertaste attributes. 

  

Figure 5.5: PCA loading plot for sensory data. 

  



76 

 

5.4.1.3 Heating profile effects 

After the investigation of differences amongst degrees of roast, the effect of heating speeds on 

the sensory tests was examined. The PCA scores of the same roast degree beans with different 

heating speeds are shown in Figure 5.6. The result indicates that the panellist would sense a 

difference for a certain degree of roast i.e. light, medium and dark roast although the beans 

were roasted using different heating speeds: slow, moderate, and fast. 

 

Figure 5.6: PCA score plots for beans roasted by different degree of roast: (a) light roast 

degree, (b) medium roast degree, and (c) dark roast degree. 

Although Figure 5.6 shows homogenous score plots between different heating profiles, we 

could also see a trend in the data point distance. Light roast samples show a noticeable gap 

between all heating profiles, followed by the medium roast with a closer distance between data 

points. The dark roast samples show more densely clustered data points for the different heating 

profiles. Therefore, we could conclude that the difference in heating speeds became less 

detectable as the degree of roast increased.       
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5.4.2 Coffee powder appearance 

GLCM was used to test the powder appearance. Different offset (x, y) values of GLCM 

were examined, where the results were quite consistent. Our preliminary tests proved that the 

offset value is insensitive to the model accuracy. Therefore offset (0, 20) was used for further 

analysis. Four appearance statistics: contrast, correlation, energy, and homogeneity as defined 

in Section 5.3.4.1 were extracted from images and were then analysed by PCA (Figure 5.7). 

Variance from the first PC was 98%, indicating that there were strongly co-linear relationships 

amongst the data set. The separation of two clusters is observed:  the A, B, C cluster (light 

roast) and the G, H, I cluster (dark roast). The Sample F (medium roast with fast heating speed) 

merges into the light roast cluster and the Sample D (medium roast with slow heating speed) 

is very close to the dark roast cluster. 

 

Figure 5.7: PCA score plot for roasted coffee bean powder images. 

 

5.4.3 HSI analysis 

For each HSI image, there are n×m (pixel numbers in x and y axes) spectra. The mean value 

of the image was calculated to obtain an average spectral line for each sample, plotted in Figure 

5.8. We can observe three groups separated by the degree of roast. The differences due to 

heating speeds were relatively smaller than that due to the degrees of roast. There are two 

possible conclusions for this result. Firstly, the dependence of aroma compounds in roasted 

coffee to its physical colour. The analysed data suggest that they have similar chemical 
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compositions in each degree of roast. The second is the limitation of studied wavelengths; it is 

also possible that marked differences due to heating speed could only be seen at higher 

wavelengths. 

 

Figure 5.8: Average reflectance spectra for nine samples. 

The Hyperspectral images were also processed using the GLCM method, and then processed 

by PCA for further analysis. The PCA scores and loadings are shown in Figure 5.9.  

 

Figure 5.9: PCA plot for HSI data a) Score plot, b) Loading plot. 
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Similar patterns were observed in Figure 5.9a to those shown in Figure 5.7. Figure 5.9a shows 

that the sample A, B, and C (light roast) were separated from sample G, H, and I (dark roast). 

This provides supporting information about why the sensory results of medium roasted beans 

merged with the light and dark roast degree clusters. The results also showed that images might 

help in interpretation of human sensory tests. They may even replace human sensory tests with 

a further comprehensive study such as using a machine learning regression technique. 

 

5.5 Conclusions 

The effect of roast degree and heating speed on coffee sensory evaluation was evaluated in this 

study. The results indicate that a light and medium roast produces a more dry aroma compared 

to the dark roast samples. The application of PCA and naïve Bayes classification indicated that 

untrained sensory panellists could distinguish the light and dark roast samples, while they had 

difficulties to separate light/medium roast and medium/dark roast. The results also showed that 

images might help in the interpretation of human sensory tests. They may even replace human 

sensory tests with further comprehensive studies such as machine learning regression. 
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CHAPTER 6: Conclusions and Future 

Recommendations 
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6.1 Conclusions 

Through mathematical modelling, we are able to simulate the roasting process and control the 

roasted coffee beans quality. Hence, the modelling approach could contribute to the process 

monitoring and optimisation, which particularly important for the large-scale coffee 

processing. The study has demonstrated several mathematical models that were able to predict 

the bean’s temperature, moisture content, and key aroma compound during roasting. 

 

Our first model was the 2-D single coffee bean model that can predict the bean’s temperature 

despite its various bean size, different heating profiles, and also the cooling stage after roasting. 

The absolute average error of bean’s temperature prediction was at 3.59 ℃ and RMSE 2.97 ℃ 

(medium-sized bean) which proved its efficiency. The 2-D model also shows low 

computational time and comparable accuracy to the 3-D model. Therefore the suggested 2-D 

model can be considered practical for modelling the varying heating profile and its capability 

was further tested via coupling with other models. 

 

Then, we had introduced the second model; a coupled 2-D single bean with the multiresponse 

kinetic model to predict the 2-methylpyrazine concentration, one of key aroma compound in 

roasted coffee. The second model has shown a poor model fit for its model validation with 

different heating profiles. In consequence, the third model; a coupled 2-D single bean with long 

short-term memory (LSTM) model, an artificial neural network model was introduced. The 

LSTM model shows a good predictive ability compared to the multiresponse kinetic model. 

The coupling of the first principle and data-driven model could significantly improve the model 

accuracy and help to better understand the real process. 

 

Finally, we had studied the effect of roasting conditions towards the coffee sensory evaluation 

as we compare with two image analysis; digital camera and hyperspectral imaging (HSI). The 

application of principal component analysis (PCA) and naïve Bayes classification in data 

analysis has successfully matched the image analysis with sensory evaluation in recognising 

the light and dark roast samples. Compared to the degree of roast that was easily distinguishes 

(by human vision), however, the effect of the heating profile is hardly noticeable for both HSI 

and sensory tests. Further study on the application of the third model proposed earlier (a 

coupled 2-D single bean and LSTM model) with the identification of more aroma compounds 

might help resolve this issue.  
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In conclusions, the developed models have presented good results in replicating the single 

coffee bean roasting. The study also increases our understanding of the coffee roasting process 

as we explored the interaction between the process variables and coffee sensory quality. These 

research outputs contribute to the development of soft sensor of coffee roasting and hence could 

provide a good process optimisation. 

 

6.2 Recommendations for future works 

The research works done in completing the thesis may be extended to explore more on the 

current topic of coffee bean roasting modelling or to other fields of research as suggested 

below.  

 

 Batch coffee roasting: Ultimately, the proposed model should be able to apply in 

domestic or large scale industry of batch coffee roasting. The development of the 2-D 

roasting model for several coffee beans and then a batch of coffee beans require an 

additional study on the discrete element method (DEM). 

 

 Multiresponse kinetic model improvement: Current proposed multiresponse kinetic 

model had only considered the alkylpyrazine pathway to predict the aroma formation. 

However, in reality, other compounds could significantly impact the alkylpyrazine 

pathway such as chlorogenic acids (which contributed to the coffee pH).  

 

 Sensory evaluation: The relationship between coffee sensory attributes and coffee 

aroma compound could be studied given that more coffee aroma compounds are 

analysed.  

 

 Expansion model: Current proposed 2-D model has neglected the bean expansion. The 

addition of bean expansion to the model could increase the model accuracy. The 

relationship between bean’s temperature and its expansion behaviour can be studied. 

 

 Water content and water activity: Although the proposed 2-D model included the mass 

transfer model of water content during roasting, the impact it has on the bean’s quality 

during roasting is far more complicated. The variable could be added as a part of 
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parameter estimation in predicting the activation energy for reaction kinetic of aroma 

formation. 

 

 Similar food processing (dry roasting) such as chickpea, peanut, and cocoa beans could 

be modelled and studied with several parameters adjustment. 
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A-1: 2-D single coffee bean model - Bean temperature prediction 

 

 

%% Solving a Single Coffee Bean - Heat & Mass Transfer 

clear; close all; 

global va d2 Da Ea Rgas troast c b  

  

Da = 8E-9;                 % initial moisture diffusivity (m2/s) 

Ea = -2000;                % Arrhenius constant  

Rgas = 8.314;             % Gas constant  

c = 0.00353;               % length of x axis (m) 

b = 0.00331;               % length of y axis (m) 

va = 0.1;                     % air velocity (m/s) 

d2 = 2*b;                    % bean diameter (m) 

troast = 800;               % roasting time (s) 

numberOfPDE = 2;    % 2 PDE system 

pdem = createpde(numberOfPDE); 

  

dl2 = [4           4           2        2; 

       d2          b           0        b; 

       b           0           b        d2; 

       0           c           0        0; 

       c           0           0        0; 

       1           1           1        1; 

       0           0           0        0; 

       b           b           0        0; 

       0           0           0        0; 

       b           b           0        0; 

       c           c           0        0; 

       0           0           0        0];  

  

geometryFromEdges(pdem,dl2); 

hmax = .000325;                       % element size 

msh=generateMesh(pdem,'Hmax', hmax); 

 

figure(1) 

pdeplot(pdem);  

axis equal; 

  

applyBoundaryCondition(pdem, 'Edge', 1:4, 'q', @q7function1);   

applyBoundaryCondition(pdem, 'Edge', 1:4, 'g', @g7function1);   

specifyCoefficients(pdem,'m',0,... 

                         'd',@d7function1,...    

                         'c',@c7function2,... 

                         'a',0,... 

                         'f',@f7functionno);   

tlist = 0:10:troast; 

u0 = [25.93687 82.9]';                           % initial temp and moisture 

setInitialConditions(pdem,u0); 

result = solvepde(pdem, tlist);               % Solution of PDE. 

u = result.NodalSolution(:,1,:);              % Bean temperature  

moist =  result.NodalSolution(:,2,:);      % Bean moisture 

save result2Dsmall.mat u moist 

 

getClosestNode = @(p,x,y) min((p(1,:) - x).^2 + (p(2,:) - y).^2);   

% Call this function to get a node near the center of the right edge. 

[~,nida] = getClosestNode( msh.Nodes, b, (c/2));  
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%% Results validations & visualisation 

ua = u(nida,:);  

  

save result2Dsmall1.mat ua 

figure (1) 

plot(tlist, ua, 'r'); %layer 1 

  

figure (2) 

for j = 1:(troast/10), 

    pdeplot(pdem,'XYData',u(:,j),'ZData',u(:,j)); 

    colormap(parula); 

    axis([0 d2 0 c]); 

    Mv(j) = getframe; 

end 

  

 

function qmatrix = q7function1(region,state) 

global va d2 

load air1.mat  

Ta = interp1(air4(:,1),air4(:,2),state.time); % experimental air Temp 

Tf = (Ta + max(state.u(:,1)))/2;                  % Film temperature 

  

%Heat Transfer Coefficient (HTC) calculation 

Ta1 = [20 25 30 35 40 45 50 60 70 80 90 100 120 140 160 180 200 250 300 350 400 450 500]; 

ka1 = [0.02514 0.02551 0.02588 0.02625 0.02662 0.02699 0.02735 0.02808 0.02881 0.02953 0.03024 0.03095 

0.03235 0.03374 0.03511 0.03646 0.03779 0.04104 0.04418 0.04721 0.05015 0.05298 0.05572]; 

ua1 = [1.825E-5 1.849E-5 1.872E-5 1.895E-5 1.918E-5 1.941E-5 1.963E-5 2.008E-5 2.052E-5 2.096E-5 

2.139E-5 2.181E-5 2.264E-5 2.345E-5 2.420E-5 2.504E-5 2.577E-5 2.760E-5 2.934E-5 3.101E-5 3.261E-5 

3.415E-5 3.563E-5]; 

Cpa1 = [1007 1007 1007 1007 1007 1007 1007 1007 1007 1008 1008 1009 1011 1013 1016 1019 1023 1033 

1044 1056 1069 1081 1093]; 

rhoa1 = [1.204 1.184 1.164 1.145 1.127 1.109 1.092 1.059 1.028 0.9994 0.9718 0.9458 0.8977 0.8542 0.8148 

0.7788 0.7459 0.6746 0.6158 0.5664 0.5243 0.4880 0.4565]; 

  

ka2 = interp1(Ta1,ka1,Tf);             % Thermal conductivity of air at Tf (W/m.C) 

ua2 = interp1(Ta1,ua1,Tf);             % Dynamic viscosity of air at Tf (kg/m/s) 

us2 = interp1(Ta1,ua1,state.u(1));  % Dynamic viscosity of bean at T (kg/m/s) 

Cpa2 = interp1(Ta1,Cpa1,Tf);        % Specific heat of air at Tf (J/kg.C) 

rhoa2 = interp1(Ta1,rhoa1,Tf);       % Density of air at Tf (kg/m3) 

Re = rhoa2*va*d2/ua2;                   % Reynolds number 

Pr = ua2*Cpa2/ka2;                         % Prandtl number 

Nu = 2+((0.4*(Re^0.5))+(0.06*(Re^(2/3))))*(Pr^0.4)*((ua2/us2)^0.25);  % Nusselt number (flow over sphere) 

h = Nu*ka2/d2;                                % HTC (W/m2.C) 

hm = h/(rhoa2*Cpa2);                     % mass diffusive 

qmatrix = [h 0; 0 hm]; 

end 

 

 

function gmatrix = g7function1(region,state) 

global va d2 

load air1.mat  

Ta = interp1(air4(:,1),air4(:,2),state.time);      % experimental air Temp 

Tf = (Ta + max(state.u(:,1)))/2;                       % Film temperature 

Xair = 0.783*exp(-0.035*Ta);                         % air RH (kg/m3) 

  

%Heat Transfer Coefficient (HTC) calculation 

Ta1 = [20 25 30 35 40 45 50 60 70 80 90 100 120 140 160 180 200 250 300 350 400 450 500]; 

ka1 = [0.02514 0.02551 0.02588 0.02625 0.02662 0.02699 0.02735 0.02808 0.02881 0.02953 0.03024 0.03095 

0.03235 0.03374 0.03511 0.03646 0.03779 0.04104 0.04418 0.04721 0.05015 0.05298 0.05572]; 
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ua1 = [1.825E-5 1.849E-5 1.872E-5 1.895E-5 1.918E-5 1.941E-5 1.963E-5 2.008E-5 2.052E-5 2.096E-5 

2.139E-5 2.181E-5 2.264E-5 2.345E-5 2.420E-5 2.504E-5 2.577E-5 2.760E-5 2.934E-5 3.101E-5 3.261E-5 

3.415E-5 3.563E-5]; 

Cpa1 = [1007 1007 1007 1007 1007 1007 1007 1007 1007 1008 1008 1009 1011 1013 1016 1019 1023 1033 

1044 1056 1069 1081 1093]; 

rhoa1 = [1.204 1.184 1.164 1.145 1.127 1.109 1.092 1.059 1.028 0.9994 0.9718 0.9458 0.8977 0.8542 0.8148 

0.7788 0.7459 0.6746 0.6158 0.5664 0.5243 0.4880 0.4565]; 

  

ka2 = interp1(Ta1,ka1,Tf);             % Thermal conductivity of air at Tf (W/m.C) 

ua2 = interp1(Ta1,ua1,Tf);             % Dynamic viscosity of air at Tf (kg/m/s) 

us2 = interp1(Ta1,ua1,state.u(1));  % Dynamic viscosity of bean at T (kg/m/s) 

Cpa2 = interp1(Ta1,Cpa1,Tf);        % Specific heat of air at Tf (J/kg.C) 

rhoa2 = interp1(Ta1,rhoa1,Tf);       % Density of air at Tf (kg/m3) 

Re = rhoa2*va*d2/ua2;                   % Reynolds number 

Pr = ua2*Cpa2/ka2;                         % Prandtl number 

Nu = 2+((0.4*(Re^0.5))+(0.06*(Re^(2/3))))*(Pr^0.4)*((ua2/us2)^0.25);  % Nusselt number (flow over sphere) 

h = Nu*ka2/d2;                                % HTC (W/m2.C) 

hm = h/(rhoa2*Cpa2);                     % mass diffusive 

gmatrix = [h*Ta hm*Xair]'; 

end 

 

 

function dmatrix = d7function1(region, state) 

n1 = 3; 

nr = numel(region.x); 

dmatrix = zeros(n1,nr); 

dmatrix(1,:) = 1; 

dmatrix(3,:) = 1; 

end 

 

 

function cmatrix = c7function2(region, state) 

global Da Ea Rgas C1 C2 C3 C4 C5 C6 C7 C8 C9 C10 

ka = (C1*(state.u(1).^2))+(C2*state.u(1))+(C3*state.u(2))+C4; % bean thermal conductivity (W/m.C) 

rho = (C5*(state.u(1).^2))+(C6*state.u(1))+C7;                          % bean density (kg/m3) 

Cp = (C8*(state.u(1).^2))+(C9*state.u(1))+C10;                        % bean specific heat(J/kg.C) 

De = Da*(exp(Ea/(Rgas*(state.u(1)+273.15))));                         % bean moist diffusivity(m2/s) 

n1 = 6; 

nr = numel(region.x); 

cmatrix = zeros(n1,nr); 

cmatrix(1,:) = ka/(rho*Cp); 

cmatrix(3,:) = ka/(rho*Cp); 

cmatrix(4,:) = De; 

cmatrix(6,:) = De;   

end 

 

 

function fmatrix = f7functionno(region, state) 

n1 = 2; 

nr = numel(region.x); 

fmatrix = zeros(n1,nr); 

fmatrix(1,:) = 0; 

fmatrix(2,:) = 0;  

end 
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A-2: 3-D single coffee bean model - Bean temperature prediction 

 

 

clear; close all; 
global cb troast 
cb = 0.00367; 
numberOfPDE = 1;     
model = createpde(numberOfPDE); 
troast = 810; 
  
importGeometry(model,'mediumA1.stl'); 
hmax = .001;                       
msh=generateMesh(model,'Hmax', hmax); 
[p,e,t] = model.Mesh.meshToPet(); 
 

applyBoundaryCondition(model,'Face',1:2,'u', @ufunction1); 
  
d = 1; 
f = 0; 
a = 0; 
c = @cfunction1; 
  
specifyCoefficients(model,'m',0,'d',d,'c',c,'a',a,'f',f); 
tlist = 0:10:troast; 
u0 = 24.8352;            
setInitialConditions(model,u0); 
  
model.SolverOptions.ReportStatistics = 'on'; 
results = solvepde(model,tlist); 
u = results.NodalSolution; % Bean temperature  
save result3D.mat u 
  
getClosestNode = @(p,x,y,z) min((p(1,:) - x).^2 + (p(2,:) - y).^2 + (p(3,:) - z).^2); 
% Call this function to get a node near the center of the right edge. 
  
[~,nida] = getClosestNode( msh.Nodes, 0,0,(cb/2) );  
ua = u(nida,:);  
 
figure (1) 
plot(tlist,ua,'r') 
 
figure(2) 
pdeplot3D(model,'colormapdata',u(:,80)); 
view(-175,4) 
 

 

function Ta = ufunction1(region,state) 
global cb 
load air2.mat  
Ta = interp1(air4(:,1),air4(:,2),state.time); 

 
%Heat Transfer Coefficient (HTC) calculation 

Ta1 = [20 30 40 50 60 70 80 90 100 110 120 130 140 150 160 170 180 190 200 210 220 230 240 250 260]; 
ka1 = [0.025684 0.026424 0.027152 0.02788 0.028592 0.029304 0.030006 0.030698 0.03139 0.03206 0.03273 

0.0334 0.03407 0.03474 0.035382 0.036024 0.036666 0.037308 0.03795 0.038564 0.039178 0.039792 

0.040406 0.04102 0.041634]; 
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ua1 = [18.232E-6 18.718E-6 19.194E-6 19.67E-6 20.13E-6 20.59E-6 21.044E-6 21.492E-6 21.94E-6 22.366E-6 

22.792E-6 23.218E-6 23.644E-6 24.07E-6 24.474E-6 24.878E-6 25.282E-6 25.686E-6 26.09E-6 26.467E-6 

26.844E-6 27.221E-6 27.598E-6 27.975E-6 28.352E-6]; 
Cpa1 = [1006.8 1007.2 1007.6 1008 1008.8 1009.6 1010.4 1011.2 1012 1013.2 1014.4 1015.6 1016.8 1018 

1019.6 1021.2 1022.8 1024.4 1026 1028 1030 1032 1034 1036 1038]; 
rhoa1 = [1.1894 1.15 1.114 1.078 1.0468 1.0156 0.98658 0.95974 0.9329 0.91084 0.88878 0.86672 0.84466 

0.8226 0.8052 0.7878 0.7704 0.753 0.7356 0.72276 0.70992 0.69708 0.68424 0.6714 0.65856]; 
  
ka2 = interp1(Ta1,ka1,Ta);         % Thermal conductivity of air at Tf (W/m.C) 
ua2 = interp1(Ta1,ua1,Ta);         % Dynamic viscosity of air at Tf (kg/m/s) 
us2 = interp1(Ta1,ua1,state.u);   % Dynamic viscosity of bean at T (kg/m/s) 
Cpa2 = interp1(Ta1,Cpa1,Ta);    % Specific heat of air at Tf (J/kg.C) 
rhoa2 = interp1(Ta1,rhoa1,Ta);   % Density of air at Tf (kg/m3) 
Re = rhoa2*0.1*cb/ua2;              % Reynolds number 
Pr = ua2*Cpa2/ka2;                    % Prandtl number 
Nu = 2+((0.4*(Re^0.5))+(0.06*(Re^(2/3))))*(Pr^0.4)*((ua2/us2)^0.25); % Nusselt number (flow over sphere) 
q = Nu*ka2/cb;   
g = q*Ta; 
end 

 

 

function c = cfunction1(region,state) 
C1 = 6.03E-6; 
C2 = -2.15E-3; 
C3 = 0.5E-4;  
C4 = 0.205;  
rho = 1400;  
Cp = 1950; 
n1 = 1; 
nr = numel(region.x); 
c = zeros(n1,nr); 
  
load moist2.mat 
Ma = interp1(moisture(:,1),moisture(:,2),state.time); 
k = (C1*(state.u.^2))+(C2*state.u)+(Ma*C3)+C4; 
c(1,:) = k/(rho*Cp);       
end 
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A-3: 2-D single coffee bean and multiresponse kinetic - Bean 

temperature and aroma concentration prediction.  

 

 

%% Solving a Single Coffee Bean - Heat & Mass Transfer & Aroma formation 
clear; close all;  
global va d2 Da Rgas troast c b C1 C2 C3 C4 E1 E2 A1 A2 A3 B1 B2 B3 F1 F2 F3 K1 K2 K3 o1 o2   
c = 0.0035;        % length of x axis (m) 
b = 0.0039;        % length of y axis (m) 
va = 0.1;            % air velocity (m/s) 
d2 = 2*b;           % bean diameter (m) 
troast = 720;      % roasting time (s) 
C1 = 6E-6;         % conductivity constant 1 
C2 = -2.243E-3; % conductivity constant 2 
C3 = 9E-4;         % conductivity constant 3 
C4 = 0.215;        % conductivity constant 4 
Da = 1E-4;         % initial moisture diffusivity (m2/s) 
E1 = 90;             % Arrhenius (Moisture) constant 1 
E2 = 25E3;         % Arrhenius (Moisture) constant 2 
Rgas = 8.314;     % Gas constant  
  
A1 = 1E3;         %kc1 
B1 = -57.43; 
F1 = -0.8194*troast; 
K1 =-44826; 
o1 = 1; 

 
A2 = 1E6;          %kc2 
B2 = -114.86; 
F2 = -2.867*troast; 
K2 = -46524; 
o2 = 1; 

 
A3 = 1E9;          %kc3 
B3 = -172.29; 
F3 = -4.642*troast; 
K3 = -45806; 
  
numberOfPDE = 5;     
pdem = createpde(numberOfPDE); 
dl2 = [4           4           2        2; 
       d2          b           0        b; 
       b           0           b        d2; 
       0           c           0        0; 
       c           0           0        0; 
       1           1           1        1; 
       0           0           0        0; 
       b           b           0        0; 
       0           0           0        0; 
       b           b           0        0; 
       c           c           0        0; 
       0           0           0        0];  
  
geometryFromEdges(pdem,dl2); 
hmax = .0005;                       % element size 
msh=generateMesh(pdem,'Hmax', hmax); 
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applyBoundaryCondition(pdem, 'Edge', 1:4,'g', @gfast, 'q', @qfast);  % HTC  
  
specifyCoefficients(pdem,'m',0,... 
                         'd',@d,...    
                         'c',@cf,... 
                         'a',0,... 
                         'f',@f);   
tlist = 0:5:troast; 
u0 = [22.525 82.9 8 0 0]';                     % initial temperature and initial moisture 
setInitialConditions(pdem,u0); 
result = solvepde(pdem, tlist)               % Solution of PDE. 
  
u = result.NodalSolution(:,1,:);             % Bean temperature  
moist =  result.NodalSolution(:,2,:);     % Bean moisture 
aroma1 = result.NodalSolution(:,3,:); 
aroma2 = result.NodalSolution(:,4,:); 
aroma3 = result.NodalSolution(:,5,:); 
  
save result.mat u moist aroma1 aroma2 aroma3 
getClosestNode = @(p,x,y) min((p(1,:) - x).^2 + (p(2,:) - y).^2); 
% Call this function to get a node near the center of the right edge. 
  
[~,nida] = getClosestNode( msh.Nodes, b, (c/2));  
ua = u(nida,:);  
  
save centre.mat ua  
  
%% Calculate average aroma 
me = 445; 
for ac2=1:((troast/5)+1) 
  asum1 =0; 
  asum2 =0; 
  asum3 =0; 
  msum = 0;  
  for n2=1:me 
        as1 = aroma1(n2,1,ac2); 
        as2 = aroma2(n2,1,ac2); 
        as3 = aroma3(n2,1,ac2); 
        ms = moist(n2,1,ac2); 
         
        asum1 = asum1 + as1; 
        asum2 = asum2 + as2; 
        asum3 = asum3 + as3; 
        msum =  msum + ms; 
   end 
    a1ave(ac2) = asum1/me; 
    a2ave(ac2) = asum2/me; 
    a3ave(ac2) = asum3/me; 
    mave(ac2) = msum/me; 
end 
  
save aavesumFast.mat  a3ave a1ave a2ave mave 

 

%% Results validations & visualisation 
 
figure (1) 
plot(tlist, a3ave, 'k');  
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figure (2) 
for j=1:(troast/5) 
    pdeplot(pdem, 'XYData', aroma1(:,j)) 
    colormap(autumn); 
    axis([0 d2 0 c]); 
    Mv(j) = getframe; 
end 
  
figure (3) 
for j=1:(troast/5) 
    pdeplot(pdem, 'XYData', aroma2(:,j)) 
    colormap(summer); 
    axis([0 d2 0 c]); 
    Mv(j) = getframe; 
end 
  
figure (4) 
for j=1:(troast/5) 
    pdeplot(pdem, 'XYData', aroma3(:,j)) 
    colormap(jet); 
    axis([0 d2 0 c]); 
    Mv(j) = getframe; 
end 
 

 

function gmatrix = gfast(~,state) 
global va d2 A1 A2 A3 o1 o2 S1 S2 S3 B1 B2 B3 F1 F2 F3 Rgas K1 K2 K3 
  
load FN1.mat  
Ta = interp1(air4(:,1),air4(:,2),state.time);      % experimental air Temperature 
Tf = (Ta + max(state.u(:,1)))/2;                       % Film temperature 
Xair = 0.783*exp(-0.035*Ta);                        % air RH (kg/m3) 
  
%HTC calc 
Ta1 = [20 30 40 50 60 70 80 90 100 110 120 130 140 150 160 170 180 190 200 210 220 230 240 250 260]; 
ka1 = [0.025684 0.026424 0.027152 0.02788 0.028592 0.029304 0.030006 0.030698 0.03139 0.03206 0.03273 

0.0334 0.03407 0.03474 0.035382 0.036024 0.036666 0.037308 0.03795 0.038564 0.039178 0.039792 

0.040406 0.04102 0.041634]; 
ua1 = [18.232E-6 18.718E-6 19.194E-6 19.67E-6 20.13E-6 20.59E-6 21.044E-6 21.492E-6 21.94E-6 22.366E-6 

22.792E-6 23.218E-6 23.644E-6 24.07E-6 24.474E-6 24.878E-6 25.282E-6 25.686E-6 26.09E-6 26.467E-6 

26.844E-6 27.221E-6 27.598E-6 27.975E-6 28.352E-6]; 
Cpa1 = [1006.8 1007.2 1007.6 1008 1008.8 1009.6 1010.4 1011.2 1012 1013.2 1014.4 1015.6 1016.8 1018 

1019.6 1021.2 1022.8 1024.4 1026 1028 1030 1032 1034 1036 1038]; 
rhoa1 = [1.1894 1.15 1.114 1.078 1.0468 1.0156 0.98658 0.95974 0.9329 0.91084 0.88878 0.86672 0.84466 

0.8226 0.8052 0.7878 0.7704 0.753 0.7356 0.72276 0.70992 0.69708 0.68424 0.6714 0.65856]; 
  
ka2 = interp1(Ta1,ka1,Tf);            % Thermal conductivity of air at T (W/m.C) 
ua2 = interp1(Ta1,ua1,Tf);            % Dynamic viscosity of air at T (kg/m/s) 
us2 = interp1(Ta1,ua1,state.u(1)); % Dynamic viscosity of bean at T (kg/m/s) 
Cpa2 = interp1(Ta1,Cpa1,Tf);       % Specific heat of air at T (J/kg.C) 
rhoa2 = interp1(Ta1,rhoa1,Tf);      % Density of air at T (kg/m3) 
Re = rhoa2*va*d2/ua2;                  % Reynolds number 
Pr = ua2*Cpa2/ka2;                       % Prandtl number 
Nu = 2+((0.4*(Re^0.5))+(0.06*(Re^(2/3))))*(Pr^0.4)*((ua2/us2)^0.25); % Nusselt number (flow over sphere) 
h = Nu*ka2/d2;                              % HTC (W/m2.C) 
hm = h/(rhoa2*Cpa2);                   % mass diffusive 
  
S1=(B1*(state.u(1)+273.15))+F1+K1; 
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S2=(B2*(state.u(1)+273.15))+F2+K2; 
S3=(B3*(state.u(1)+273.15))+F3+K3; 
kc1 = A1*(exp(S1/(Rgas*(state.u(1)+273.15)))); % reaction rate in function of Temperature 

kc2 = A2*(exp(S2/(Rgas*(state.u(1)+273.15)))); 
kc3 = A3*(exp(S3/(Rgas*(state.u(1)+273.15)))); 
  
gmatrix = [h*Ta hm*Xair 0 (kc1*(state.u(3).^o1)) (kc2*(state.u(4).^o2))]'; 
  
end 
 

 

function qmatrix = qfast(~,state) 
global va d2 A1 A2 A3 S1 S2 S3 B1 B2 B3 F1 F2 F3 Rgas K1 K2 K3 
  
load FN1.mat  
Ta = interp1(air4(:,1),air4(:,2),state.time); % experimental air Temperature 
Tf = (Ta + max(state.u(:,1)))/2;                  % Film temperature 
  
%HTC calc 
Ta1 = [20 30 40 50 60 70 80 90 100 110 120 130 140 150 160 170 180 190 200 210 220 230 240 250 260]; 
ka1 = [0.025684 0.026424 0.027152 0.02788 0.028592 0.029304 0.030006 0.030698 0.03139 0.03206 0.03273 

0.0334 0.03407 0.03474 0.035382 0.036024 0.036666 0.037308 0.03795 0.038564 0.039178 0.039792 

0.040406 0.04102 0.041634]; 
ua1 = [18.232E-6 18.718E-6 19.194E-6 19.67E-6 20.13E-6 20.59E-6 21.044E-6 21.492E-6 21.94E-6 22.366E-6 

22.792E-6 23.218E-6 23.644E-6 24.07E-6 24.474E-6 24.878E-6 25.282E-6 25.686E-6 26.09E-6 26.467E-6 

26.844E-6 27.221E-6 27.598E-6 27.975E-6 28.352E-6]; 
Cpa1 = [1006.8 1007.2 1007.6 1008 1008.8 1009.6 1010.4 1011.2 1012 1013.2 1014.4 1015.6 1016.8 1018 

1019.6 1021.2 1022.8 1024.4 1026 1028 1030 1032 1034 1036 1038]; 
rhoa1 = [1.1894 1.15 1.114 1.078 1.0468 1.0156 0.98658 0.95974 0.9329 0.91084 0.88878 0.86672 0.84466 

0.8226 0.8052 0.7878 0.7704 0.753 0.7356 0.72276 0.70992 0.69708 0.68424 0.6714 0.65856]; 
  
ka2 = interp1(Ta1,ka1,Tf);           % Thermal conductivity of air at Tf (W/m.C) 
ua2 = interp1(Ta1,ua1,Tf);           % Dynamic viscosity of air at Tf (kg/m/s) 
us2 = interp1(Ta1,ua1,state.u(1));% Dynamic viscosity of bean at T (kg/m/s) 
Cpa2 = interp1(Ta1,Cpa1,Tf);      % Specific heat of air at Tf (J/kg.C) 
rhoa2 = interp1(Ta1,rhoa1,Tf);     % Density of air at Tf (kg/m3) 
Re = rhoa2*va*d2/ua2;                 % Reynolds number 
Pr = ua2*Cpa2/ka2;                      % Prandtl number 
Nu = 2+((0.4*(Re^0.5))+(0.06*(Re^(2/3))))*(Pr^0.4)*((ua2/us2)^0.25);  % Nusselt number (flow over sphere) 
h = Nu*ka2/d2;                             % HTC (W/m2.C) 
hm = h/(rhoa2*Cpa2);                  % mass diffusive 
  
S1=(B1*(state.u(1)+273.15))+F1+K1; 
S2=(B2*(state.u(1)+273.15))+F2+K2; 
S3=(B3*(state.u(1)+273.15))+F3+K3; 
kc1 = A1*(exp(S1/(Rgas*(state.u(1)+273.15)))); % reaction rate in function of Temperature 
kc2 = A2*(exp(S2/(Rgas*(state.u(1)+273.15)))); 
kc3 = A3*(exp(S3/(Rgas*(state.u(1)+273.15)))); 
  
qmatrix = [h 0 0 0 0; 0 hm 0 0 0; 0 0 kc1 0 0; 0 0 0 kc2 0; 0 0 0 0 kc3]; 
end 
 

 

function dmatrix = d(region, ~) 
  
n1 = 15; 
nr = numel(region.x); 
dmatrix = zeros(n1,nr); 
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dmatrix(1,:) = 1; 
dmatrix(3,:) = 1; 
dmatrix(6,:) = 1; 
dmatrix(10,:) = 1; 
dmatrix(15,:) = 1; 
  
end 
 

 

function cmatrix = cf(region, state) 
global Da Ea Rgas C1 C2 C3 C4 E1 E2 A1 A2 A3 S1 S2 S3  B1 B2 B3 K1 K2 K3 F1 F2 F3 
ka = (C1*(state.u(1).^2))+(C2*state.u(1))+(C3*state.u(2))+C4;  % bean thermal conductivity (W/m.C) 
rho = 1400;                                                                                    %  bean density (kg/m3) 
Cp = 1950;                                                                                     % bean specific heat (J/kg.C) 
Ea = (E1*state.u(1))+E2; 
Dea = Da*(exp(-Ea/(Rgas*(state.u(1)+273.15))));                       % bean moisture diffusivity (m2/s) 
S1=(B1*(state.u(1)+273.15))+F1+K1; 
S2=(B2*(state.u(1)+273.15))+F2+K2; 
S3=(B3*(state.u(1)+273.15))+F3+K3; 
kc1 = A1*(exp(S1/(Rgas*(state.u(1)+273.15))));                         % reaction rate in function of Temperature 
kc2 = A2*(exp(S2/(Rgas*(state.u(1)+273.15)))); 
kc3 = A3*(exp(S3/(Rgas*(state.u(1)+273.15)))); 
  
n1 = 15; 
nr = numel(region.x); 
cmatrix = zeros(n1,nr); 
cmatrix(1,:) = ka/(rho*Cp); 
cmatrix(3,:) = ka/(rho*Cp); 
cmatrix(4,:) = Dea; 
cmatrix(6,:) = Dea;  
cmatrix(7,:) = kc1; 
cmatrix(9,:) = kc1;  
cmatrix(10,:) = kc2; 
cmatrix(12,:) = kc2;  
cmatrix(13,:) = kc3; 
cmatrix(15,:) = kc3; 
end 
 

 

function fmatrix = f(region, ~) 
n1 = 5; 
nr = numel(region.x); 
fmatrix = zeros(n1,nr); 
fmatrix(1,:) = 0;  
fmatrix(2,:) = 0;  
fmatrix(3,:) = 0;  
fmatrix(4,:) = 0;  
fmatrix(5,:) = 0;  
 end 
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A-4: LSTM Neural Network – Average Aroma concentration 

prediction.  

 

 

function[YPred,Rsquared,D1]=RepDeepLSTM_pred_MN 
run data_prep_MN 
numResponses = size(ytrain{1},1); 
featureDimension = size(xtrain{1},1); 
numHiddenUnits1 = 80; 
numHiddenUnits2 = 80; 
 

%% create network layers 
layers = [ ... 
    sequenceInputLayer(featureDimension) 
    lstmLayer(numHiddenUnits1) 
    lstmLayer(numHiddenUnits2) 
    fullyConnectedLayer(numResponses) 
    regressionLayer]; 
  
options = trainingOptions('adam', ... 
    'InitialLearnRate',0.0001, ... 
    'MaxEpochs',100,... 
    'GradientThreshold',1, ... 
    'MiniBatchSize',5, ... 
    'Shuffle','every-epoch',... 
    'Plots','training-progress',... 
    'Verbose',1); 
  
%% Train the network 
net = trainNetwork(xtrain,ytrain,layers,options); %% Prediction 
YPred = predict(net,xtest);                                    %% Plot the result 
 
troast = 965; 
D1 = cell2mat(YPred); 
t1 = 0; 
a1 = 0; 
t2 = 0; 
a2 = 0; 
at = 0; 
n2 = (troast/5)+1; 
for n=1:n2 
    t1 = t1 + (n*5); 
    a1 = a1 + D1(n); 
    t2 = t2 + ((n*5).^2); 
    a2 = a2 + ((D1(n)).^2); 
    at = at + ((n*5)*(D1(n))); 
end 
atas = (n2*at)-(t1*a1); 
bawah =(((n2*t2)-(t1.^2))*((n2*a2)-(a1.^2))).^0.5; 
r = atas/bawah; 
Rsquared = r.^2; 
end 
 

 

%load test data 
load MN1.mat 
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load MN2.mat 
load MN3.mat 
load MN4.mat 
load MN5.mat 
load MN6.mat 
load MN7.mat 
load MN8.mat 
load MN9.mat 
load MN10.mat 
load MN11.mat 
load MN12.mat 
load MN13.mat 
load MN14.mat 
load MN15.mat 
  
 

%load training data 
load SN1.mat 
load SN2.mat 
load SN3.mat 
load SN4.mat 
load SN5.mat 
load SN6.mat 
load SN7.mat 
load SN8.mat 
load SN9.mat 
load SN10.mat 
load SN11.mat 
load SN12.mat 
load SN13.mat 
load SN14.mat 
load SN15.mat 
 
load FN1.mat 
load FN2.mat 
load FN3.mat 
load FN4.mat 
load FN5.mat 
load FN6.mat 
load FN7.mat 
load FN8.mat 
load FN9.mat 
load FN10.mat 
load FN11.mat 
load FN12.mat 
load FN13.mat 
load FN14.mat 
load FN15.mat 
  
FNX1data=num2cell(FNX1,[1 2]); 
FNX2data=num2cell(FNX2,[1 2]); 
FNX3data=num2cell(FNX3,[1 2]); 
FNX4data=num2cell(FNX4,[1 2]); 
FNX5data=num2cell(FNX5,[1 2]); 
FNX6data=num2cell(FNX6,[1 2]); 
FNX7data=num2cell(FNX7,[1 2]); 
FNX8data=num2cell(FNX8,[1 2]); 
FNX9data=num2cell(FNX9,[1 2]); 
FNX10data=num2cell(FNX10,[1 2]); 
FNX11data=num2cell(FNX11,[1 2]); 
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FNX12data=num2cell(FNX12,[1 2]); 
FNX13data=num2cell(FNX13,[1 2]); 
FNX14data=num2cell(FNX14,[1 2]); 
FNX15data=num2cell(FNX15,[1 2]); 
  
MNX1data=num2cell(MNX1,[1 2]); 
MNX2data=num2cell(MNX2,[1 2]); 
MNX3data=num2cell(MNX3,[1 2]); 
MNX4data=num2cell(MNX4,[1 2]); 
MNX5data=num2cell(MNX5,[1 2]); 
MNX6data=num2cell(MNX6,[1 2]); 
MNX7data=num2cell(MNX7,[1 2]); 
MNX8data=num2cell(MNX8,[1 2]); 
MNX9data=num2cell(MNX9,[1 2]); 
MNX10data=num2cell(MNX10,[1 2]); 
MNX11data=num2cell(MNX11,[1 2]); 
MNX12data=num2cell(MNX12,[1 2]); 
MNX13data=num2cell(MNX13,[1 2]); 
MNX14data=num2cell(MNX14,[1 2]); 
MNX15data=num2cell(MNX15,[1 2]); 
  
FNY1data=num2cell(FNY1,[1 2]); 
FNY2data=num2cell(FNY2,[1 2]); 
FNY3data=num2cell(FNY3,[1 2]); 
FNY4data=num2cell(FNY4,[1 2]); 
FNY5data=num2cell(FNY5,[1 2]); 
FNY6data=num2cell(FNY6,[1 2]); 
FNY7data=num2cell(FNY7,[1 2]); 
FNY8data=num2cell(FNY8,[1 2]); 
FNY9data=num2cell(FNY9,[1 2]); 
FNY10data=num2cell(FNY10,[1 2]); 
FNY11data=num2cell(FNY11,[1 2]); 
FNY12data=num2cell(FNY12,[1 2]); 
FNY13data=num2cell(FNY13,[1 2]); 
FNY14data=num2cell(FNY14,[1 2]); 
FNY15data=num2cell(FNY15,[1 2]); 
  
MNY1data=num2cell(MNY1,[1 2]); 
MNY2data=num2cell(MNY2,[1 2]); 
MNY3data=num2cell(MNY3,[1 2]); 
MNY4data=num2cell(MNY4,[1 2]); 
MNY5data=num2cell(MNY5,[1 2]); 
MNY6data=num2cell(MNY6,[1 2]); 
MNY7data=num2cell(MNY7,[1 2]); 
MNY8data=num2cell(MNY8,[1 2]); 
MNY9data=num2cell(MNY9,[1 2]); 
MNY10data=num2cell(MNY10,[1 2]); 
MNY11data=num2cell(MNY11,[1 2]); 
MNY12data=num2cell(MNY12,[1 2]); 
MNY13data=num2cell(MNY13,[1 2]); 
MNY14data=num2cell(MNY14,[1 2]); 
MNY15data=num2cell(MNY15,[1 2]); 
  
SNX1data=num2cell(SNX1,[1 2]); 
SNX2data=num2cell(SNX2,[1 2]); 
SNX3data=num2cell(SNX3,[1 2]); 
SNX4data=num2cell(SNX4,[1 2]); 
SNX5data=num2cell(SNX5,[1 2]); 
SNX6data=num2cell(SNX6,[1 2]); 
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SNX7data=num2cell(SNX7,[1 2]); 
SNX8data=num2cell(SNX8,[1 2]); 
SNX9data=num2cell(SNX9,[1 2]); 
SNX10data=num2cell(SNX10,[1 2]); 
SNX11data=num2cell(SNX11,[1 2]); 
SNX12data=num2cell(SNX12,[1 2]); 
SNX13data=num2cell(SNX13,[1 2]); 
SNX14data=num2cell(SNX14,[1 2]); 
SNX15data=num2cell(SNX15,[1 2]); 
  
SNY1data=num2cell(SNY1,[1 2]); 
SNY2data=num2cell(SNY2,[1 2]); 
SNY3data=num2cell(SNY3,[1 2]); 
SNY4data=num2cell(SNY4,[1 2]); 
SNY5data=num2cell(SNY5,[1 2]); 
SNY6data=num2cell(SNY6,[1 2]); 
SNY7data=num2cell(SNY7,[1 2]); 
SNY8data=num2cell(SNY8,[1 2]); 
SNY9data=num2cell(SNY9,[1 2]); 
SNY10data=num2cell(SNY10,[1 2]); 
SNY11data=num2cell(SNY11,[1 2]); 
SNY12data=num2cell(SNY12,[1 2]); 
SNY13data=num2cell(SNY13,[1 2]); 
SNY14data=num2cell(SNY14,[1 2]); 
SNY15data=num2cell(SNY15,[1 2]); 
  
%XTrain 
xtrain(1,1)=FNX1data; 
xtrain(2,1)=FNX2data; 
xtrain(3,1)=FNX3data; 
xtrain(4,1)=FNX4data; 
xtrain(5,1)=FNX5data; 
xtrain(6,1)=FNX6data; 
xtrain(7,1)=FNX7data; 
xtrain(8,1)=FNX8data; 
xtrain(9,1)=FNX9data; 
xtrain(10,1)=FNX10data; 
xtrain(11,1)=FNX11data; 
xtrain(12,1)=FNX12data; 
xtrain(13,1)=FNX13data; 
xtrain(14,1)=FNX14data; 
xtrain(15,1)=FNX15data; 
  
xtrain(16,1)=SNX1data; 
xtrain(17,1)=SNX2data; 
xtrain(18,1)=SNX3data; 
xtrain(19,1)=SNX4data; 
xtrain(20,1)=SNX5data; 
xtrain(21,1)=SNX6data; 
xtrain(22,1)=SNX7data; 
xtrain(23,1)=SNX8data; 
xtrain(24,1)=SNX9data; 
xtrain(25,1)=SNX10data; 
xtrain(26,1)=SNX11data; 
xtrain(27,1)=SNX12data; 
xtrain(28,1)=SNX13data; 
xtrain(29,1)=SNX14data; 
xtrain(30,1)=SNX15data; 
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%Ytrain 
ytrain(1,1)=FNY1data; 
ytrain(2,1)=FNY2data; 
ytrain(3,1)=FNY3data; 
ytrain(4,1)=FNY4data; 
ytrain(5,1)=FNY5data; 
ytrain(6,1)=FNY6data; 
ytrain(7,1)=FNY7data; 
ytrain(8,1)=FNY8data; 
ytrain(9,1)=FNY9data; 
ytrain(10,1)=FNY10data; 
ytrain(11,1)=FNY11data; 
ytrain(12,1)=FNY12data; 
ytrain(13,1)=FNY13data; 
ytrain(14,1)=FNY14data; 
ytrain(15,1)=FNY15data; 
  
ytrain(16,1)=SNY1data; 
ytrain(17,1)=SNY2data; 
ytrain(18,1)=SNY3data; 
ytrain(19,1)=SNY4data; 
ytrain(20,1)=SNY5data; 
ytrain(21,1)=SNY6data; 
ytrain(22,1)=SNY7data; 
ytrain(23,1)=SNY8data; 
ytrain(24,1)=SNY9data; 
ytrain(25,1)=SNY10data; 
ytrain(26,1)=SNY11data; 
ytrain(27,1)=SNY12data; 
ytrain(28,1)=SNY13data; 
ytrain(29,1)=SNY14data; 
ytrain(30,1)=SNY15data; 
  
%xtest 
xtest=MNX3data; 
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A-5: GLCM analysis for coffee bean powder images 

 

 

%% 

load('bean_image.mat') 

%% 

NumL=4; 

Offset=[0 20]; 

  

  

for i=1:9 

        for j=1:4 

            BW=rgb2gray(Bean_image_crop_final{i,j}); 

    stats(i,j)=graycoprops(graycomatrix(BW,'NumLevels',NumL,'Offset',Offset)); 

    end  

 end 

  

%% 

% PCA 

clear X 

for i=1:9 

    X(i,:)=[mean([stats(i,:).Contrast]) mean(([stats(i,:).Correlation]))... 

         mean([stats(i,:).Energy]) mean([stats(i,:).Homogeneity])]; %mean(~isnan([stats(i,:).Correlation])) 

end 

  

 [coeff, score, latent, tsquared] = pca(X); 

  

 % select PC number 

for i=1:length(latent) 

    var_per(i)=latent(i)/sum(latent); 

end 

  

for i=1:length(latent) 

    var_accum(i)=sum(var_per(1:i)); 

end 

  

figure(5) 

bar(var_accum,'FaceColor',[0.9 0.9 0.9],'EdgeColor',[0 0 0],'LineWidth',2); 

xlabel('Principal component number', 'fontsize',14) 

ylabel('Cumulative variance (%)','fontsize',14) 

ylim([0 1]) 

yticks([0 0.2 0.4 0.6 0.8  1.0]) 

yticklabels({'0','20','40','60','80','100'}) 

figure(6) 

%plot(latent,'*r') 

plot(latent,'--rs','LineWidth',2, 'MarkerEdgeColor','k',... 

    'MarkerFaceColor','g','MarkerSize',10) 

xlabel('Principal component number', 'fontsize',12) 

ylabel('Eigenvalues','fontsize',12) 

  

figure(7) 

clf 

plot(score(:,1),score(:,2),'rp','LineWidth',1, 'MarkerEdgeColor','r',... 

    'MarkerFaceColor','g','MarkerSize',12) 

hold on 

  

  

clear obls; 
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obls=['A' 'B' 'C' 'D' 'E' 'F' 'G' 'H' 'I']; 

  

%obls=['A' 'B' 'C' 'H' 'I' 'G' 'F' 'D' 'E'] 

for i=1:1 

text(score(i,1)+0.02,score(i,2),obls(i),'HorizontalAlignment','left') 

end 

i=2; 

text(score(i,1)+0.02,score(i,2)+0.003,obls(i),'HorizontalAlignment','left') 

i=3; 

text(score(i,1)+0.02,score(i,2)-0.002,obls(i),'HorizontalAlignment','left') 

i=4; 

text(score(i,1)+0.02,score(i,2),obls(i),'HorizontalAlignment','left') 

  

i=5; 

text(score(i,1)+0.02,score(i,2),obls(i),'HorizontalAlignment','left') 

  

for i=6:7 

text(score(i,1)+0.02,score(i,2),obls(i),'HorizontalAlignment','left') 

end 

  

i=8; 

text(score(i,1)-0.03,score(i,2)-0.002,obls(i),'HorizontalAlignment','left') 

  

i=9; 

text(score(i,1)+0.02,score(i,2),obls(i),'HorizontalAlignment','left') 

  

hold on 

% drawing two lines cross (0, 0) point 

line([min(score(:,1)),max(score(:,1))+5],[0,0],'Color','blue','LineStyle','--') 

line([0,0],[min(score(:,2)),max(score(:,2))+2],'Color','blue','LineStyle','--') 

xlim([min(score(:,1)) max(score(:,1))]) 

ylim([min(score(:,2)) max(score(:,2))]) 

xlabel(['1st Principal Component','  ','(',num2str(round(var_per(1)*100)),'%',')']) 

ylabel(['2nd Principal Component','  ','(',num2str(round(var_per(2)*100)),'%',')']) 

  

%% 

vbls={'Contrast' 'Correlation' 'Energy' 'Homogenity'} 

figure(8) 

clf 

plot(coeff(:,1),coeff(:,2),'rs','LineWidth',2, 'MarkerEdgeColor','r',... 

    'MarkerFaceColor','y','MarkerSize',10) 

hold on 

for i=1:4 

text(coeff(i,1),coeff(i,2),vbls(i),'HorizontalAlignment','left') 

end 

  

xlabel(['1st Principal Component','  ','(',num2str(round(var_per(1)*100)),'%',')']) 

ylabel(['2nd Principal Component','  ','(',num2str(round(var_per(2)*100)),'%',')']) 
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A-6: PCA and Naïve Bayes analyses for sensory data with different 

roast degrees 

 

 

clear 

  

X=xlsread('SensoryData',1,'B2:J226'); 

%% 

%X=ans(1:25,1:9); 

%load('Data') 

X_name={'Dry Aroma' 'Wet Aroma' 'Flavour' 'Acidity' 'Body' 'Bitterness' 'Aftertaste' 'Roast Degree'}; 

[N K]=size(X(:,2:8)); 

  

Z=zscore(X(:,2:8)); 

Z_new(1:75,:)=Z(1:75,:); % new orders: A B C 

Z_new(76:100,:)=Z(176:200,:); %D 

Z_new(101:125,:)=Z(201:225,:);%E 

Z_new(126:150,:)=Z(151:175,:); %F 

Z_new(151:175,:)=Z(126:150,:); %G 

Z_new(176:200,:)=Z(76:100,:); %H 

Z_new(201:225,:)=Z(126:150,:); %I 

  

Y(1:75)=X(1:75,9); 

Y(76:150)=X(151:225,9); 

Y(151:225)=X(76:150,9); 

% PCA analysis 

[coeff, score, latent, tsquared] = pca(Z_new); 

  

 % select PC number 

for i=1:length(latent) 

    var_per(i)=latent(i)/sum(latent); 

end 

  

for i=1:length(latent) 

    var_accum(i)=sum(var_per(1:i)); 

end 

  

figure(1) 

  

L=var_per; 

bar(var_accum,'FaceColor',[0.9 0.9 0.9],'EdgeColor',[0 0 0],'LineWidth',2); 

xlabel('Principal component number', 'fontsize',14) 

ylabel('Cumulative variance (%)','fontsize',14) 

ylim([0 1]) 

yticks([0 0.2 0.4 0.6 0.8  1.0]) 

yticklabels({'0','20','40','60','80','100'}) 

figure(2) 

%plot(latent,'*r') 

plot(latent,'--rs','LineWidth',2, 'MarkerEdgeColor','k',... 

    'MarkerFaceColor','g','MarkerSize',10) 

xlabel('Principal component number', 'fontsize',12) 

ylabel('Eigenvalues','fontsize',12) 

 T=score; 

  

 %% 

 figure(3) 

 clf; 
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 plot(coeff(1:7,1),coeff(1:7,2),'bp','MarkerSize',12,'MarkerFaceColor',rgb('green'),'MarkerEdgecolor',rgb('red')); 

  

text(coeff(1,1)+0.005, coeff(1,2)-0.02,X_name(1),'Color','Black','fontsize',10,'HorizontalAlignment','left');  

text(coeff(2,1)+0.005, coeff(2,2)+0.02,X_name(2),'Color','Black','fontsize',10,'HorizontalAlignment','left');  

text(coeff(3,1)-0.02, coeff(3,2)+0.08,X_name(3),'Color','Black','fontsize',10,'HorizontalAlignment','left'); 

  

text(coeff(4,1)+0.005, coeff(4,2)+0.05,X_name(4),'Color','Black','fontsize',10,'HorizontalAlignment','left');  

text(coeff(5,1)-0.02, coeff(5,2)+0.01,X_name(5),'Color','Black','fontsize',10,'HorizontalAlignment','left');  

text(coeff(6,1)-0.035, coeff(6,2)+0.01,X_name(6),'Color','Black','fontsize',10,'HorizontalAlignment','left'); 

text(coeff(7,1)-0.035, coeff(7,2)+0.01,X_name(7),'Color','Black','fontsize',10,'HorizontalAlignment','left');  

%text(coeff(8,1)-0.11, coeff(8,2)+0.01,X_name(8),'Color','Black','fontsize',10,'HorizontalAlignment','left'); 

  

xlabel(['1st Principal Component','  ','(',num2str(round(L(1)/sum(L)*100)),... 

    '%',')'],'fontsize',12) 

ylabel(['2nd Principal Component','  ','(',num2str(round(L(2)/sum(L)*100)),... 

    '%',')'],'fontsize',12) 

%% 

figure(4) 

 clf; 

  ha=tight_subplot(2,1,[0.05 0.05],[0.12 0.05],[0.1 0.02]); 

 axes(ha(1)) 

  

plot(T(1:75,1),T(1:75,2),'cs')        %A B C 

  

hold on 

   %D E F 

 plot(T(76:150,1),T(76:150,2),'b^')  

hold on 

 plot(T(151:end,1),T(151:end,2),'rp') %G H I 

hold off 

%legend('A', 'B', 'C', 'D', 'E', 'F', 'G','H','I') 

legend('Light','Midium','Dark') 

%title(sprintf('PCA scores plot (samples = %4i)',N)); 

  

 text(-4.8,2.1,'(a)','fontsize',12,'color','k') 

axes(ha(2)) 

  

%[x,y] = meshgrid(-5:.1:5,-4:.1:4); 

%x = x(:); 

%y = y(:); 

cp = cvpartition( Y,'KFold',5)  

nbGau = fitcnb(T(:,1:4), Y) %fitting Naive Bayes model 

%nbGau = fitcnb(T(:,1:2), X(:,9),'DistributionNames','kernel', 'Kernel','box'); 

nbGauResubErr = resubLoss(nbGau) % prediciton errors % for test data 

nbGauCV = crossval(nbGau, 'CVPartition',cp); 

nbGauCVErr = kfoldLoss(nbGauCV) % prediction errors % for training data  

  

labels = predict(nbGau, T(:,1:4)); 

  

gscatter(T(:,1),T(:,2),labels,'cbr','s^p') 

%gscatter(labels,'cbr','sod') 

xlim([-5 5]) 

legend('Light', 'Midium', 'Dark','Location','northeast') 

 text(-4.8,2.1,'(b)','fontsize',12,'color','k') 

xlabel(['1st Principal Component','  ','(',num2str(round(L(1)/sum(L)*100)),... 

    '%',')'],'fontsize',13) 

ylabel(['2nd Principal Component','  ','(',num2str(round(L(2)/sum(L)*100)),... 

    '%',')'],'fontsize',13) 

% confusion matrix  

% order: 1-> 2 -> 3 
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ldaClass = predict(nbGau,T(:,1:4));[ldaResubCM,grpOrder] = confusionmat(Y,ldaClass); 

  

ldaResubCM./75 

  

%% 

figure(5) 

 clf; 

  

 subplot(3,1,1) 

 Y=1:8; 

 plot(T(1:75,1),T(1:75,2),'cs')        %A 

hold on 

 plot(T(26:50,1),T(26:50,2),'b^')      %B 

hold on 

 plot(T(51:75,1),T(51:75,2),'rp')      %C 

legend('A', 'B', 'C') 

  subplot(3,1,2) 

  

plot(T(76:100,1),T(76:100,2),'cs')    %D 

hold on 

 plot(T(101:125,1),T(101:125,2),'b^')  %E 

hold on 

 plot(T(126:150,1),T(126:150,2),'rp')  %F 

hold off 

legend('D', 'E', 'F') 

  

   subplot(3,1,3) 

  

plot(T(151:175,1),T(151:175,2),'cs')  %G 

hold on 

 plot(T(176:200,1),T(176:200,2),'b^')  %H 

hold on 

 plot(T(201:225,1),T(201:225,2),'rp')  %I 

%} 

hold off 

%legend('A', 'B', 'C', 'D', 'E', 'F', 'G','H','I') 

legend('G', 'H', 'I') 

%title(sprintf('PCA scores plot (samples = %4i)',N)); 

  

%% 

  

% Naive Bayes Classifiers 

[x,y] = meshgrid(-5:.1:5,-4:.1:4); 

x = x(:); 

y = y(:); 

cp = cvpartition( X(:,9),'KFold',5) % data partition for validation  

                                    % this one is K-folder, you can also 

figure(6)   

ha=tight_subplot(2,1,[0.05 0.05],[0.12 0.05],[0.1 0.02]); 

 axes(ha(1)) 

  

plot(T(1:75,1),T(1:75,2),'cs')        %A B C 

  

hold on 

   %D E F 

 plot(T(76:150,1),T(76:150,2),'b^')  

hold on 

 plot(T(151:end,1),T(151:end,2),'rp') %G H I 

hold off 

%legend('A', 'B', 'C', 'D', 'E', 'F', 'G','H','I') 
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legend('Light','Midium','Dark') 

%title(sprintf('PCA scores plot (samples = %4i)',N)); 

  

 text(-4.8,2.1,'(a)','fontsize',12,'color','k') 

  

axes(ha(2)) 

nbGau = fitcnb(T(:,1:2), X(:,9)) 

%nbGau = fitcnb(T(:,1:2), X(:,9),'DistributionNames','kernel', 'Kernel','box'); 

nbGauResubErr = resubLoss(nbGau) % prediciton errors % for test data 

nbGauCV = crossval(nbGau, 'CVPartition',cp); 

nbGauCVErr = kfoldLoss(nbGauCV) % prediction errors % for training data  

xlabel(['1st Principal Component','  ','(',num2str(round(L(1)/sum(L)*100)),'%',')']) 

ylabel(['2nd Principal Component','  ','(',num2str(round(L(2)/sum(L)*100)),'%',')']) 

labels = predict(nbGau, [x y]); 

  

gscatter(x,y,labels,'crb','sod') 

 text(-5.2,3.1,'(b)','fontsize',12,'color','k') 

% confusion matrix  

% order: 1-> 2 -> 3 

ldaClass = predict(nbGau,T(:,1:2)); 

[ldaResubCM,grpOrder] = confusionmat(X(:,9),ldaClass); 

  

ldaResubCM./75 
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A-7: PCA and Naïve Bayes analyses for sensory data with different 

temperature profiles 

 

 

clear 

  

X=xlsread('SensoryData',1,'B2:J226'); 

%% 

%X=ans(1:25,1:9); 

%load('Data') 

X_name={'Dry Aroma' 'Wet Aroma' 'Flavour' 'Acidity' 'Body' 'Bitterness' 'Aftertaste' 'Roast Degree'}; 

[N K]=size(X(:,1:8)); 

  

Z=zscore(X(:,1:8)); 

 [coeff, score, latent, tsquared] = pca(Z); 

  

 % select PC number 

for i=1:length(latent) 

    var_per(i)=latent(i)/sum(latent); 

end 

  

for i=1:length(latent) 

    var_accum(i)=sum(var_per(1:i)); 

end 

  

figure(1) 

  

L=var_per; 

bar(var_accum,'FaceColor',[0.9 0.9 0.9],'EdgeColor',[0 0 0],'LineWidth',2); 

xlabel('Principal component number', 'fontsize',14) 

ylabel('Cumulative variance (%)','fontsize',14) 

ylim([0 1]) 

yticks([0 0.2 0.4 0.6 0.8  1.0]) 

yticklabels({'0','20','40','60','80','100'}) 

figure(2) 

%plot(latent,'*r') 

plot(latent,'--rs','LineWidth',2, 'MarkerEdgeColor','k',... 

    'MarkerFaceColor','g','MarkerSize',10) 

xlabel('Principal component number', 'fontsize',12) 

ylabel('Eigenvalues','fontsize',12) 

 T=score; 

%% 

figure(3) 

 clf; 

  ha=tight_subplot(2,1,[0.05 0.05],[0.15 0.05],[0.08 0.02]); 

 axes(ha(1)) 

  

plot(T(1:75,1),T(1:75,2),'cs')             %A B C 

  

hold on 

 plot(T(76:150,1),T(76:150,2),'b^')    %D E F 

  

hold on 

plot(T(151:end,1),T(151:end,2),'rp')  %G H I 

  

hold off 

%legend('A', 'B', 'C', 'D', 'E', 'F', 'G','H','I') 
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legend('Light', 'Midium', 'Dark') 

%title(sprintf('PCA scores plot (samples = %4i)',N)); 

  

 text(-4.8,2.4,'(a)','BackgroundColor','w','fontsize',14,'color','r') 

axes(ha(2)) 

  

%[x,y] = meshgrid(-5:.1:5,-4:.1:4); 

%x = x(:); 

%y = y(:); 

cp = cvpartition( X(:,9),'KFold',5)  

nbGau = fitcnb(T(:,1:4), X(:,9)) 

%nbGau = fitcnb(T(:,1:2), X(:,9),'DistributionNames','kernel', 'Kernel','box'); 

nbGauResubErr = resubLoss(nbGau) % prediciton errors % for test data 

nbGauCV = crossval(nbGau, 'CVPartition',cp); 

nbGauCVErr = kfoldLoss(nbGauCV) % prediction errors % for training data  

  

labels = predict(nbGau, T(:,1:4)); 

  

gscatter(T(:,1),T(:,2),labels,'cbr','s^p') 

%gscatter(labels,'cbr','sod') 

xlim([-5 5]) 

legend('Light', 'Midium', 'Dark') 

 text(-4.8,2.4,'(b)','BackgroundColor','w','fontsize',14,'color','r') 

xlabel(['1st Principal Component','  ','(',num2str(round(L(1)/sum(L)*100)),... 

    '%',')'],'fontsize',14) 

ylabel(['2nd Principal Component','  ','(',num2str(round(L(2)/sum(L)*100)),... 

    '%',')'],'fontsize',14) 

% confusion matrix  

% order: 1-> 2 -> 3 

ldaClass = predict(nbGau,T(:,1:4)); 

[ldaResubCM,grpOrder] = confusionmat(X(:,9),ldaClass); 

  

ldaResubCM./75 

  

%% 

figure(4) 

 clf; 

 ha=tight_subplot(3,1,[0.05 0.05],[0.12 0.02],[0.1 0.02]); 

axes(ha(1)) 

  

 plot(T(1:25,1),T(1:25,2),'o','MarkerFaceColor',[0.6758    0.8438    0.8984],... 

     'MarkerEdgeColor','k')        %A 

hold on 

 plot(T(26:50,1),T(26:50,2),'^','MarkerFaceColor',[0.6836    0.9297    0.9297],... 

     'MarkerEdgeColor','k')      %B 

hold on 

 plot(T(51:75,1),T(51:75,2),'p','MarkerFaceColor',[0    0.8047    0.8164],... 

     'MarkerEdgeColor','k')      %C 

 text(-4.9,1.7,'(a)','fontsize',12,'color','r') 

legend('A', 'B', 'C') 

xlim([-5 2]) 

ylim([-2.5 2])  

axes(ha(2)) 

plot(T(76:100,1),T(76:100,2),'s','MarkerFaceColor',[0.9375    0.8984    0.5469],... 

     'MarkerEdgeColor','k')    %D 

hold on 

 plot(T(101:125,1),T(101:125,2),'>','MarkerFaceColor',[0.7383    0.7148    0.4180],... 

     'MarkerEdgeColor','k')  %E 

hold on 

 plot(T(126:150,1),T(126:150,2),'d','MarkerFaceColor',[1.0000    0.9792    0.8008],... 
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     'MarkerEdgeColor','k')  %F 

hold off 

legend('D', 'E', 'F') 

text(-4.9,1.7,'(b)','fontsize',12,'color','r') 

xlim([-5 2]) 

ylim([-2.5 2])  

  axes(ha(3)) 

  

plot(T(151:175,1),T(151:175,2),'v','MarkerFaceColor',rgb('peru'),... 

     'MarkerEdgeColor','k')  %G 

hold on 

 plot(T(176:200,1),T(176:200,2),'h','MarkerFaceColor',rgb('goldenrod'),... 

     'MarkerEdgeColor','k')  %H 

hold on 

 plot(T(201:225,1),T(201:225,2),'+','MarkerFaceColor',rgb('saddlebrown'),... 

     'MarkerEdgeColor','k')  %I 

%} 

hold off 

%legend('A', 'B', 'C', 'D', 'E', 'F', 'G','H','I') 

legend('G', 'H', 'I') 

text(-4.9,1.7,'(c)','fontsize',12,'color','r') 

xlim([-5 2])   

ylim([-2.5 2])  

%title(sprintf('PCA scores plot (samples = %4i)',N)); 

xlabel(['1st Principal Component','  ','(',num2str(round(L(1)/sum(L)*100)),... 

    '%',')'],'fontsize',12) 

ylabel(['2nd Principal Component','  ','(',num2str(round(L(2)/sum(L)*100)),... 

    '%',')'],'fontsize',12) 

%% 

figure(5) 

 clf; 

 ha=tight_subplot(3,1,[0.05 0.05],[0.12 0.02],[0.1 0.02]); 

axes(ha(1)) 

  

 plot(T(1:25,1),T(1:25,2),'o','MarkerFaceColor',[0.6758    0.8438    0.8984],... 

     'MarkerEdgeColor','k')        %A 

hold on 

 plot(T(26:50,1),T(26:50,2),'^','MarkerFaceColor',[0.6836    0.9297    0.9297],... 

     'MarkerEdgeColor','k')      %B 

hold on 

 plot(T(51:75,1),T(51:75,2),'p','MarkerFaceColor',[0    0.8047    0.8164],... 

     'MarkerEdgeColor','k')      %C 

 text(-4.9,1.9,'(a)','fontsize',12,'color','r') 

legend('A', 'B', 'C') 

  

axes(ha(2)) 

plot(T(76:100,1),T(76:100,2),'s','MarkerFaceColor',[0.9375    0.8984    0.5469],... 

     'MarkerEdgeColor','k')    %D 

hold on 

 plot(T(101:125,1),T(101:125,2),'>','MarkerFaceColor',[0.7383    0.7148    0.4180],... 

     'MarkerEdgeColor','k')  %E 

hold on 

 plot(T(126:150,1),T(126:150,2),'d','MarkerFaceColor',[1.0000    0.9792    0.8008],... 

     'MarkerEdgeColor','k')  %F 

hold off 

legend('D', 'E', 'F') 

text(-1.9,1.75,'(b)','fontsize',12,'color','r') 

  

  axes(ha(3)) 
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plot(T(151:175,1),T(151:175,2),'v','MarkerFaceColor',rgb('peru'),... 

     'MarkerEdgeColor','k')  %G 

hold on 

 plot(T(176:200,1),T(176:200,2),'h','MarkerFaceColor',rgb('goldenrod'),... 

     'MarkerEdgeColor','k')  %H 

hold on 

 plot(T(201:225,1),T(201:225,2),'+','MarkerFaceColor',rgb('saddlebrown'),... 

     'MarkerEdgeColor','k')  %I 

%} 

hold off 

%legend('A', 'B', 'C', 'D', 'E', 'F', 'G','H','I') 

legend('G', 'H', 'I') 

text(-2.9,1.7,'(c)','fontsize',12,'color','r') 

  

%title(sprintf('PCA scores plot (samples = %4i)',N)); 

xlabel(['1st Principal Component','  ','(',num2str(round(L(1)/sum(L)*100)),... 

    '%',')'],'fontsize',12) 

ylabel(['2nd Principal Component','  ','(',num2str(round(L(2)/sum(L)*100)),... 

    '%',')'],'fontsize',12) 

  

%% 

  

% Naive Bayes Classifiers 

[x,y] = meshgrid(-5:.1:5,-4:.1:4); 

x = x(:); 

y = y(:); 

cp = cvpartition( X(:,9),'KFold',5) % data partition for validation  

                                    % this one is K-folder, you can also 

                                    % try bootstrap 

subplot(2,1,2) 

nbGau = fitcnb(T(:,1:2), X(:,9)) 

%nbGau = fitcnb(T(:,1:2), X(:,9),'DistributionNames','kernel', 'Kernel','box'); 

nbGauResubErr = resubLoss(nbGau) % prediciton errors % for test data 

nbGauCV = crossval(nbGau, 'CVPartition',cp); 

nbGauCVErr = kfoldLoss(nbGauCV) % prediction errors % for training data  

xlabel(['1st Principal Component','  ','(',num2str(round(L(1)/sum(L)*100)),'%',')']) 

ylabel(['2nd Principal Component','  ','(',num2str(round(L(2)/sum(L)*100)),'%',')']) 

labels = predict(nbGau, [x y]); 

  

gscatter(x,y,labels,'grb','sod') 

  

% confusion matrix  

% order: 1-> 2 -> 3 

ldaClass = predict(nbGau,T(:,1:2)); 

[ldaResubCM,grpOrder] = confusionmat(X(:,9),ldaClass); 

  

ldaResubCM./75 
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A-8: PCA and GLCM analyses for the Hyperspectral images 

 

 

 

NumL=4; 

Offset=[10 10]; 

  

num=1; 

for i='A':'I' 

str1='H:\WEI_UOA\Students\PhD\Current students\Nur Hamizah Abdul Ghani\paper\Sensory paper\HSI 

data\converted HSI - ground\Sample'; 

str2='.mat'; 

str_A=sprintf('%s%s%s',str1,i,str2); 

load(str_A) 

  

for j=1:933 

 stats(num,j)=graycoprops(graycomatrix(image(:,:,j),'NumLevels',NumL,'Offset',Offset)); 

end 

  

num=num+1; 

end 

  

 

%% 

% PCA 

clear X 

for i=1:9 

    B=[stats(i,:).Correlation]; 

    X(i,:)=[mean([stats(i,:).Contrast]) mean(B(~isnan(B)))... 

         mean([stats(i,:).Energy]) mean([stats(i,:).Homogeneity])]; %mean(~isnan([stats(i,:).Correlation])) 

end 

  

 [coeff, score, latent, tsquared] = pca(X); 

  

 % select PC number 

for i=1:length(latent) 

    var_per(i)=latent(i)/sum(latent); 

end 

  

for i=1:length(latent) 

    var_accum(i)=sum(var_per(1:i)); 

end 

  

figure(5) 

bar(var_accum,'FaceColor',[0.9 0.9 0.9],'EdgeColor',[0 0 0],'LineWidth',2); 

xlabel('Principal component number', 'fontsize',14) 

ylabel('Cumulative variance (%)','fontsize',14) 

ylim([0 1]) 

yticks([0 0.2 0.4 0.6 0.8  1.0]) 

yticklabels({'0','20','40','60','80','100'}) 

figure(6) 

%plot(latent,'*r') 

plot(latent,'--rs','LineWidth',2, 'MarkerEdgeColor','k',... 

    'MarkerFaceColor','g','MarkerSize',10) 

xlabel('Principal component number', 'fontsize',12) 

ylabel('Eigenvalues','fontsize',12) 
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figure(7) 

clf 

plot(score(:,1),score(:,2),'rp','LineWidth',1, 'MarkerEdgeColor','r',... 

    'MarkerFaceColor','g','MarkerSize',12) 

hold on 

  

  

clear obls; 

%obls=['A' 'B' 'C' 'D' 'E' 'F' 'G' 'H' 'I']; 

  

obls=['A' 'B' 'C' 'H' 'I' 'G' 'F' 'D' 'E'] 

for i=1:2 

text(score(i,1)+0.002,score(i,2)-0.001,obls(i),'HorizontalAlignment','left') 

end 

i=3; 

text(score(i,1)-0.002,score(i,2)-0.002,obls(i),'HorizontalAlignment','left') 

i=4; 

text(score(i,1)+0.002,score(i,2),obls(i),'HorizontalAlignment','left') 

  

i=5; 

text(score(i,1)+0.002,score(i,2),obls(i),'HorizontalAlignment','left') 

  

for i=6:7 

text(score(i,1)+0.0015,score(i,2)+0.002,obls(i),'HorizontalAlignment','left') 

end 

  

i=8; 

text(score(i,1)+0.002,score(i,2)+0.00,obls(i),'HorizontalAlignment','left') 

  

i=9; 

text(score(i,1)-0.003,score(i,2),obls(i),'HorizontalAlignment','left') 

  

hold on 

% drawing two lines cross (0, 0) point 

line([min(score(:,1)),max(score(:,1))+5],[0,0],'Color','blue','LineStyle','--') 

line([0,0],[min(score(:,2)),max(score(:,2))+2],'Color','blue','LineStyle','--') 

xlim([min(score(:,1)) max(score(:,1))]) 

ylim([min(score(:,2)) max(score(:,2))]) 

xlabel(['1st Principal Component','  ','(',num2str(round(var_per(1)*100)),'%',')']) 

ylabel(['2nd Principal Component','  ','(',num2str(round(var_per(2)*100)),'%',')']) 
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APPENDIX B: Exposition and Conference 

Posters 
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Postgraduate Research Exposition and Competition 2014 

The University of Auckland, New Zealand. 
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12th International Congress on Engineering and Food (ICEF12)  

14th – 18th June 2015, Québec City, Canada. 
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CHEMECA Conference 2016 

25th – 28th September 2016, Adelaide, Australia. 
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4th International Conference on Agricultural and Food Engineering (CAFEi2018)  

7th – 9th November 2018. Putrajaya, Malaysia. 
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APPENDIX C: Coffee Sensory Evaluation and 

Ethics Documents 
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Please read the Participant Information Sheet and sign the Consent Sheet before start the 

Sensory Study. 

Title: Sensory Study of Coffee based on Roasting Temperature 

Description: 

1. This sensory evaluation is a rating test, therefore we wanted to identify the intensity of 

aroma and flavour of each samples and the panellist’s preference towards each samples.  

 

2. Within 1 hour prior to your session, please do not eat spicy food, drink coffee and tea, 

smoke, brush your teeth or chew gum. This is required to maintain your palate as neutral 

as possible. 

 

3. We will provide sparkling water to cleanse your palate before and in between sessions. 

 

4. To avoid confusion, we will present the samples according to 3 stages:  

a. Stage 1: Sample A, B and C. 

b. Stage 2: Sample D, E and F. 

c. Stage 3: Sample G, H, I and J. 

 

5. The rating system is explained by below table. Please feel free to write down comments 

relating to the sample evaluation. 

 

 Aroma/Flavour Intensity Preference  

  Like extremely 9 

  Like very much 8 

  Like moderately 7 

  Like slightly 6 

5 Very strong  Neither like nor dislike 5 

4 Strong Dislike slightly 4 

3 Moderate Dislike moderately 3 

2 Weak Dislike very much 2 

1 Very weak Dislike extremely 1 
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The evaluation consists of 5 parts as shown in below table. The investigator will lead all 

panellists to make sure a consistent evaluation took place. 

Session start 

Participant Information: Panellist will have to complete questionnaire about them.  

Part I – Dry Aroma 

 

Panellist may shake the bottle first and open the lid to have a smell 

of the coffee grounds and fill in the questionnaire of Part I. The 

panellist can start from any stage (Stage 1, 2 and 3) that is available; 

however they have to complete questionnaire for each stage before 

moving to another stage.  

After the panellist have done the Part I, the investigator will pour the hot water into each of 

coffee plunger. After 4 minutes brewing, the investigator will pour the coffee into paper cup 

and the panellist can start analysing the Part II. 

Part II – Wet Aroma Please have a smell on the coffee drink for each sample cup and fill 

in the questionnaire of Part II.  

After the panellists have done the Part II, please proceed with Part III to VIII. Please be 

CAUTION of the beverage HOT temperature. If you need a spittoon, please ask the 

investigator for one. 

Part III – Flavour & 

Taste  

Please take a sip of each sample after you have cleansed your palate 

with water. Take your time to taste each of coffee samples. 

Part IV – Acidity/ 

Sourness 

Please rate the level of sourness from the taste. 

Part V – Mouthfeel/ 

Body 

Please rate the level of mouthfeel, e.g. 1 for ‘thin’ like tea and 5 for 

‘thicker’, full bodied mouthfeel. 

Part VI - Bitterness Please rate the level of bitterness from the taste 

Part VII – Aftertaste  After you swallowed or spitted each of the coffee drink, please take 

a moment (at around 1 minute) to feel the sensation perceived. 

Part VIII – Overall Please rate the level of preference of each sample in overall.  

Session finish 
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Participant Information – Questionnaire  

 

Age  < 30 30 - 39 40 - 49 50 - 59 > 59 

     

How often do you drink 

coffee? 

Almost 

everyday 

Several 

times a 

week 

Once a 

week 

Once a 

month 

Less than 

once a 

month 

     

Cups of coffee per day < 1 1 2 3 > 3 
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Sensory Evaluation – Questionnaire  

 

 Aroma/Flavour Intensity Aroma/Flavour Preference  

  Like extremely 9 

  Like very much 8 

  Like moderately 7 

  Like slightly 6 

5 Very strong  Neither like nor dislike 5 

4 Strong Dislike slightly 4 

3 Moderate Dislike moderately 3 

2 Weak Dislike very much 2 

1 Very weak Dislike extremely 1 

 

Samples Part I:  

Dry Aroma 

Part II:  

Wet Aroma 

Intensity 

(1 – 5) 

Preference 

(1 – 9) 

Intensity 

(1 – 5) 

Preference 

(1 – 9) 

Stage 1 A     

B     

C     

Stage 2 D     

E     

F     

Stage 3 G     

H     

I     

Sample J (Ground) is similar to 

 

G H I 
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 Aroma/Flavour Intensity Aroma/Flavour Preference  

  Like extremely 9 

  Like very much 8 

  Like moderately 7 

  Like slightly 6 

5 Very strong  Neither like nor dislike 5 

4 Strong Dislike slightly 4 

3 Moderate Dislike moderately 3 

2 Weak Dislike very much 2 

1 Very weak Dislike extremely 1 

    

 

Samples Part III: 

Flavour 

& Taste 

Part IV: 

Acidity/ 

Sourness 

 

Part V: 

Mouthfeel/ Body 

Aftertaste 

Part VI: 

Bitterness 

Part VII: 

Aftertaste 

Part VII: 

Overall 

Intensity 

(1 – 5) 

Preference 

(1 – 9) 

Stage 

1 

A       

B       

C       

Stage 

2 

D       

E       

F       

Stage 

3 

G       

H       

I       

Sample J (Drink) is similar to 

 

G H I 

   

Thank you! 

Note: All data collected will be kept safe and will be treated confidentially. Any reports 

published will not allow any participant to be identified in any way.  

APPROVED BY THE UNIVERSITY OF AUCKLAND HUMAN PARTICIPANTS 

ETHICS COMMITTEE ON 6 May 2015 for (3) years, Reference Number 014674 
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Department of Chemical and Materials Engineering 

Level 8, Tower Block 

Faculty of Engineering Building 

20 Symonds Street 

Auckland 

+64 9 373 7599 ext 88135 

The University of Auckland 

Private Bag 92019 

Auckland, New Zealand 

 

PARTICIPANT INFORMATION SHEET 

 

Title of Project: Sensory study of coffee based on roasting temperature 

Researchers:  

Ms Nur Hamizah Abdul Ghani (PhD candidate) 

Dr. Wei Yu 

Dr. Gokhan Bingol 

 

Researcher introduction 

Nur Hamizah Abdul Ghani enrolled as a doctoral student at the Department of Chemical and 

Materials Engineering, The University of Auckland and this project is a part of her PhD work. 

She is being supervised by Dr. Wei Yu and Dr. Gokhan Bingol.  

 

Project description and invitation 

This study aims to investigate the preference of consumer on different roasted coffee. Nine 

different roasting temperatures will be applied to each batch of coffee beans and participants 

will need to taste and rate them by preference. The results of this study will be used to 

understand the formation of aromas and flavours during roasting.   

   

You are invited to take part in the above named study. This Participant Information Sheet will 

help you to decide if you’d like to take part of this study. Please take your time to think about 

the information provided, and feel free to discuss it with your whanau, family or significant 

other support people, before deciding whether to take part. 

 

If you agree to take part in this study, you will be asked to sign the Consent Form on the last 

page of this document. You will be given a copy of both the Participant Information Sheet and 

the Consent Form to keep. This document is 3 pages long, including the Consent Form. Please 

make sure you have read and understood all the pages.  

 

Project procedures and eligibility 

If you volunteer to this study, you will be asked to taste ten different cups of coffee and rate 

them based on your preference. The session will take around 30 minutes.  

You are eligible to participate in this study if you: 

- Over the age of 18 years old 

- Medically fit, not on a medication 

- Drink at least a cup in your lifetime 
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Data storage/retention/destruction/future use 

The data collected will be kept safe and stored for 6 years, in a secured locker and secured 

computer within the university premises. After 6 years, all data will be deleted.  

 

Anonymity and confidentiality 

The session is anonymous. The results of this study will be used for research purpose and may 

be published in thesis, journals and proceedings. Any information disseminated will not contain 

your name.   

  

Right to withdraw from participation 

Your participant in this study is entirely voluntary (your choice). If you wish to stop 

participating during the experiment you are free to do so without any consequences. However, 

you cannot withdraw once you have submitted the completed questionnaire.  

  

Contacts details and approval wording 

 

Supervisor: Wei Yu 
  w.yu@auckland.ac.nz  

  +64 9 923 5027 

 

  Gokhan Bingol 
  g.bingol@auckland.ac.nz  

  +64 9 923 4294 

 

Researcher: Nur Hamizah Abdul Ghani (PhD candidate) 

nabd721@aucklanduni.ac.nz 

+64 22 3881308 

 

HOD:  Brent Young 

  b.young@auckland.ac.nz  

  +64 9 373 7599 

 

Chair contact details: - For any queries regarding ethical concerns you may contact the Chair 

 

The University of Auckland Human Participants Ethics Committee 

The University of Auckland 

Research Office 

Private Bag 92019 

Auckland 1142 

+64 9 373 7599 extn. 83711 

ro-ethics@auckland.ac.nz  

 

 

APPROVED BY THE UNIVERSITY OF AUCKLAND HUMAN PARTICIPANTS ETHICS 

COMMITTEE ON 6 May 2015 for (3) years, Reference Number 014674 

  

mailto:w.yu@auckland.ac.nz
mailto:g.bingol@auckland.ac.nz
mailto:nabd721@aucklanduni.ac.nz
mailto:b.young@auckland.ac.nz
mailto:ro-ethics@auckland.ac.nz
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Department of Chemical and Materials Engineering 

Level 8, Tower Block 

Faculty of Engineering Building 

20 Symonds Street 

Auckland 

+64 9 373 7599 ext 88135 

The University of Auckland 

Private Bag 92019 

Auckland, New Zealand 

 

CONSENT FORM 

THIS FORM WILL BE HELD FOR A PERIODS OF 6 YEARS 

 

Title of Project: Sensory study of coffee based on roasting temperature 

Researchers:  

Ms Nur Hamizah Abdul Ghani (PhD candidate) 

Dr. Wei Yu 

Dr. Gokhan Bingol 

 

I have read the Participant Information Sheet, have understood the nature of the research and 

why I have been selected. I have had the opportunity to ask questions and have them answered 

to my satisfaction.  

 I agree to take part in this research and am aware that I will be asked to taste 10 

samples of coffee and rate them. 

 I understand that I am free to withdraw participation at any time, before submitting 

the completed questionnaire. 

 I wish/ do not wish to receive the summary of findings. 

 I understand that data will be kept for 6 years, after which they will be destroyed.  

 

 

 

 

 

Name: ______________________________ 

 

 

Signature: ______________________________   Date: _______________________ 

 

 

 

APPROVED BY THE UNIVERSITY OF AUCKLAND HUMAN PARTICIPANTS ETHICS 

COMMITTEE ON 6 May 2015 for (3) years, Reference Number 014674 

 

 




