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ABSTRACT 

	[bookmark: _Hlk134589874]The project aims to design a torrefaction reactor and evaluate the energy content of torrefied coconut shells using artificial neutral network (ANNs), random forest and linear regression. The best method for predicting the HHV of coconut shell was determined. The designed reactor enables optimal torrefaction, facilitating the production of high-quality torrefied coconut shell. Machine learning algorithms, including Artificial Neural Networks (ANN), Random Forest, and Linear Regression, are employed to predict the Higher Heating Value (HHV) of the torrefied coconut shell. The evaluation reveals strong correlations between the predicted HHV values and the actual HHV values extracted from literature sources. The ANN model had the highest level of accuracy followed by the linear regression model and then the random forest model. The ANN achieved a Mean Absolute Error (MAE) of 1.399 and Mean Squared Error (MSE) of 4.083 for proximate datasets and a Mean Absolute Error (MAE) of 1.046 and Mean Squared Error (MSE) of 2.565 for ultimate datasets. Torrefied biomass feature importance analysis highlights the significant influence of fixed carbon, ash, and volatile matter on HHV prediction. The findings contribute to understanding the torrefaction process, optimising reactor design, and advancing machine learning techniques for predicting torrefied coconut shell's energy content. It was deduced that the R2 of the empirical formula generated for HHV Proximate is better at predicting accurately the HHV of Coconut shell as it has a R2 value of 0.9162 as compared to 0.9254 obtained for the ultimate on artificial neutral network (ANN).
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1. INTRODUCTION 

Energy consumption is steadily increasing as the world's population and industrialization rise. Biomass is a renewable resource that has received a lot of attention recently as a result of increased energy demand and environmental concerns. Because it is carbon-neutral and generated sustainably, biomass is quickly becoming a key part of the energy mix. According to Bajwa using raw biomass fuels, on the other hand, has major effects during biomass thermal conversion (Bajwa et al., 2015).
Biomass is one of the most widely used renewable energy sources in the world. Torrefaction is a thermal treatment process that has gained attention in recent years, as it improves the properties of biomass by reducing its moisture content and increasing its energy density (Basu, 2013). However, accurate measurement of the heating value of torrefied biomass is essential for proper utilization in industrial applications (Tan et al., 2015).

Currently, the most widely used method for measuring the heating value of torrefied biomass is the bomb calorimeter. However, this method is time-consuming and expensive. An alternative approach is to predict the heating value from the proximate and ultimate analysis of the torrefied biomass using statistical and artificial intelligence (AI) techniques (Tumuluru et al., 2011).

Rationale: The prediction of the heating value of torrefied biomass from its proximate and ultimate analysis is an important research area as it can provide a quick and cost-effective means for determining the quality of torrefied biomass. This information can be used by industries that use torrefied biomass as a fuel source to optimize their processes and ensure a consistent and reliable fuel supply.

[bookmark: _Toc134553708][bookmark: _Toc135433796]Therefore, the aim of this study is to develop and compare ANNs, random forest, and linear regression models for predicting the heating value of torrefied biomass from its proximate and ultimate analysis. The results of this study will provide valuable insights into the accuracy and efficiency of these techniques for predicting the heating value of torrefied biomass, and their potential for industrial applications.

Torrefaction is the slow heating of biomass at temperatures between 200°C and 300°C in an inert or oxygen-deficient atmosphere. Heating rate, reaction temperature, reactor environment, residence time, air pressure, feedstock flexibility, particle size, and moisture content are all factors that influence the torrefaction process. Before torrefaction, biomass is typically pre-dried to a moisture content of less than 10%. Furthermore, the particle size of the feedstock has an impact on the torrefaction process kinetics, reaction mechanisms, and residence duration for a given heating rate (Tumuluru et al., 2011). Moisture is evaporated during the torrefaction process, and some of the organic components of organic compounds that include hydrogen and oxygen are thermally destroyed, producing volatile organic chemicals (Beckman et al., 2012). At the end of the torrefaction process, a solid homogenous product with reduced moisture and higher energy content is created. 

1.1 [bookmark: _Toc140521269]Aim Objective of the Study
       Objectives of the study are to:
a) design a reactor for torrefaction process
b) simulate the designed torrefaction reactor using ANSYS tool
c) employ Machine Learning Techniques: Artificial Neural Network (ANNs), random forest and linear regression to determine the higher heating value of torrefied biomass from proximate and ultimate analysis data.
d) determine the most suitable model for predicting the heating value of torrefied biomass from its proximate and ultimate analysis.

[bookmark: _Toc135433804]1.2.   	Limitations of the study
i. The process requires the use of specialised equipment, which can be expensive,
ii. The process is energy-intensive, and the energy input required to perform the torrefaction may offset some of the energy gains achieved by the use of torrefied biomass as a fuel.
iii. The need for specialised equipment, and the high energy input required to perform the torrefaction
iv. Regression models can be limited by the assumptions they make about the relationships between the inputs and outputs, which may not always hold in real-world scenarios.
v. ANNs, on the other hand, can be difficult to interpret and can be sensitive to the choice of inputs, the training data, and the model parameters, which can affect the accuracy of the predictions.


2. literature review 

Torrefaction of biomass beyond 250 °C is usually exothermic and the excess energy can be captured and utilized within the system. The thermal energy required for the drying and torrefaction processes can be potentially supplied by combustion of torgas (Nuries et al., 2012) which is yet to be verified for an integrated biomass torrefaction system. In addition, the scale-up studies would change the energy integration within the system along with the direct impacts on the equipment size and system parameters. 

Biomass leftovers show particular potential among renewable energy sources because of their intrinsic ability to retain solar energy and their ability to be converted into convenient solid, liquid, and gaseous fuels. Coconut (Cocos nucifera L) is an agricultural product grown throughout the year in contrast with other fruits (Yerima and Grema, 2018). The major world coconut-producing countries are the Philippines, Indonesia, India, Malaysia, Hawaii, Africa, South America, the Pacific islands, and other locations with tropical climates. The world production of coconut accounts for almost ten million hectares in 92 countries, with 75% of the mass production from Asian countries (Yerima and Grema, 2018). Annually, a high amount of coconut fruits is processed for different purposes. Coconut is an excellent source of potassium and is used in many products. The economic importance and potentials of coconut fruit increase its demand. Hence, it contributes to the growth of coconut water, oil and milk processing industries, which discard coconut shells (see figure.1) globally as biomass waste in all tropical countries (Ahmed et al., 2020).

Malaysia has an interesting biomass-production potential as a positive energy trade balance region. It has the means of capitalizing the country on renewable energy resources to supplement limited petroleum and coal reserves. It has a healthy forest and agro-industries which generates a huge amount of biomass wastes due to the growing generation of agricultural products, particularly the palm family (Goh, 2019) for commercial applications in the industry. Malaysia was ranked the 12th major producing coconut country in the world (FOA, 2019) with about 517.6 k tons volume, and the crop stands as the fourth enormous industrial crop. Smallholders encounter hardship as a result of the decline in palm oil prices. This rise the market for coconuts, which makes its prices go up (Yun, 2019). The coconut industry is emerging in Malaysia and the demand is expanding exponentially. Coconut fruit was utilized for the production of oil only in the past two decades. Currently, apart from the usage of coconut fruit for oil, it is also used for health, beauty, energy, and foods (beverages, cooking oil, powdered milk, fresh milk, and coconut water. As a result, abundant biomass wastes are being generated from coconut industries. 
[image: ]
Figure.1. (a) As received coconut fibrous unclean, (b) cleaned, and (c) powdered coconut shell. (Rabi, et al. 2020)
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Figure 2. Torrefied Coconut shell (Rabi, et al. 2020)
2.1.1 [bookmark: _Toc140521275]Understanding Coconut Fuel Production
Charcoal, an energy-dense fuel has an advantage over the use of raw biomass. Thus, reduces the emission of greenhouse gases into the atmosphere. The progress in climate change and economic growth can be achieved by a low-carbon economy. It was known that the coconut shells contain high lignin content (Basu, 2010), this makes it a promising viable alternative biomaterial for the production of charcoal and different raw materials in chemical industries. A more detailed understanding of the complex elements, functional groups, chemical structure, crystalline structure, and morphological composition of the biomass is important for charcoal production. This is important because it demonstrates how the biomass composition influences several factors. Preferably, coconut shells can be transformed to charcoal for additional value-added items using existing technologies for various applications. Coconut shells provide more or less significant benefits that constitute a viable feedstock for charcoal production. It is usable all year round, does not produce any net contribution to the atmosphere when carbonized properly. Furthermore, its usage reduces the dependence on non-renewable fuel, minimizes if not do away with the issue of waste disposal and increase energy supply. Generating effective techniques to utilize and convert biomass will reduce waste disposal and create revenues (Amin, 2019). For these reasons, the pyrolysis of coconut shells into charcoal provides a good base for solid products that can be used directly and serve as fuel.

2.3 [bookmark: _heading=h.49x2ik5][bookmark: _heading=h.2p2csry][bookmark: _heading=h.147n2zr][bookmark: _heading=h.3o7alnk][bookmark: _Toc134553730][bookmark: _Toc135433816][bookmark: _Toc140521283]Torrefaction Reactors
In as much as the torrefaction process is carried out to improve the energy density of biomass, such improvement is almost impossible to be done without an efficient torrefaction reactor. However, the importance of a reactor can be stretched to providing an enclosed environment with adequate pressure-temperature interaction. Also, it allows collection of torrefaction by-products which are in the form of solid residue, gaseous matter, liquid materials and the torrefied biomass itself. Furthermore, it moderate the oxygen exposure of the biomass which can pre-ignite the biomass throughput when superheated during the process. Torrefaction reactors vary in structure, production capacity, heating medium, size, feedstock e.t.c. The one we choose must be able to satisfy the job requirement (I.e. capacity of produce). Examples of torrefaction reactors are: Rotary drum (see fig. 3), Microwave (see fig. 4), Fixed bed (see fig. 5), Fluidized bed, Screw reactor and Multiple hearth furnace (Megan, 2016)
[image: ]
Figure 3. Rotary Drum Reactor (Nitipong, et al. 2020)

[bookmark: _heading=h.ihv636][image: ]
Fig 4 : Torrefaction process 
2.4 [bookmark: _heading=h.vx1227][bookmark: _Toc134553737][bookmark: _Toc135433817][bookmark: _Toc140521284]Artificial Neural Network (ANN)
ANNs are complex models that can be used to model non-linear relationships between the inputs and outputs. ANNs can provide accurate predictions even when the relationships between the inputs and the heating value are complex and difficult to model using traditional regression models. The strength of ANNs lies in their ability to capture complex relationships and provide accurate predictions, even when the relationships between the inputs and outputs are not well understood.
Higher heating value (HHV) is a very useful parameter for assessing the design and large-scale operation of biomass-fueled energy systems. HHV provides an indication of biomass quality as it defines the optimum energy recovery potential of the biomass. Compared to the lower heating value (LHV), the HHV includes the latent heat of the evaporation of water in the fuel and the products of the reaction (Cai, et al. 2017).
[image: ]
Figure 5. Differences between experimental and model HHV values. Reprinted/adapted with permission (Vaezi et al., 2012)

Data-driven machine learning (ML) has been shown to provide improved accuracy in predicting HHV values of different types of biomass materials (Ighalo, et al, 2020). Compared to empirical models, ML methods provide improved accuracy and can also be used to estimate the relative contribution of each input variable on the predicted HHV values. ML methods have been applied for HHV predictions of different types of biomasses (Taki, et al. 2022). However, a robust ML model considering different biomass classifications is scarcely reported. ANN methods are suitable for modelling input-output relationships of complex systems. In addition, they can learn and generalise from the examples provided during the training phase (Taki, et al. 2022). 

Nhuchhen et al, used Microsoft Excel to develop linear and nonlinear correlations from proximate analysis of 250 biomass samples, including by-products of fruits, agri-wastes, wood chips/tree species, grasses/leaves/fibrous materials, briquettes/charcoals/pellets, and other waste materials. The results showed that the nonlinear correlation gave a better performance.  Garcia et al. developed linear (Estiati, et al, 2016) and non-linear correlations (Garcia, et al, 2014) with MATLAB from ultimate and proximate analysis of 100 Spanish biomass samples including commercial fuels, industry wastes and forest wastes. Those proposed correlations are proved to be able to approximately estimate the HHV of biomass, but are not universal for various biomass and sometimes make large deviations due to the complex chemical and physical properties of biomass (Nchuhhen, et al, 2012). This indicates the complex nonlinear relation between HHV and ultimate and proximate analysis results cannot be well characterised by empirical linear or non-linear correlations. Thus, more advanced approaches are desirable to well characterise the complex nonlinear relation to develop a universal model for accurately estimating HHV of various biomass. 

3. materials and methodology 

The materials and method adopted for the design and thermal assessment of the designed fixed-bed torrefaction reactor from biomass were considered in this section. The method adopted and materials required for fabrication of the reactor are commercially available and affordable. 
3.1 [bookmark: _heading=h.g3vjhoh5bprp][bookmark: _Toc140521286]Design of a Reactor for Torrefaction of Biomass
In this study a fixed bed reactor type is designed for. A fixed bed reactor uses a stationary feedstock bed inside a cylindrical tank. Fixed bed reactors are an efficient and reliable type of chemical reactor that offer several advantages in terms of available capacity and desired product quality. Fixed bed reactors also provide good control over reaction conditions, such as temperature, pressure, and reactant flow rate. This level of control helps to ensure consistent product quality and allows for the optimization of the reaction process. Moreover, fixed-bed reactors are relatively easy to operate and maintain, making them suitable for continuous or semi-continuous production processes. 

3.1.1 [bookmark: _heading=h.2u6wntf][bookmark: _Toc140521287]Geometric Specification of the Reactor
The mass of torrefied biomass to be produced in a batch was estimated to be 5 kg. This assumption was made from a literature review. According to Tumuluru et al. (2008) the loss in mass of biomass material during the torrefaction process is around 5 - 30%. Therefore, the initial mass of biomass material assumed to be loaded into the reactor was estimated to be 5.26 kg. For the sake of this design, it was assumed that the biomass in consideration is Obeche wood chips, though the reactor can be used for other biomass. By taking the bulk density of the wood chip as 150 kg m−3 (Oladeji, 2018), the volume of the reactor was estimated to be 0.0245 m3 (24.5L). Taking the ratio of the height to the diameter as 2, an inner diameter of 25cm and a height of 50cm were chosen for the torrefaction reactor.

3.1.1.1 [bookmark: _heading=h.9xf3nkgqb1iw][bookmark: _Toc140521288]Determination of Reactor Size
In the study, the reactor to be designed is cylindrical in shape. Equation 3.1 was used to determine the size(volume) of the reactor. The volume of the reactor is given as:
diameter of the bed, d is 0.25m; height of the bed, h is 0.5m	
The volume of the cylinder, V =          						(3.1)
Thus the volume of the reactor is estimated as, V =     =  0.0245 

3.1.1.2 [bookmark: _heading=h.drr7ob6y2fl4][bookmark: _Toc140521289]Determination of Heat Content of Biomass
Heat content of biomass refers to the amount of energy it can release when burned or converted, determining its fuel value. Equation (3.2) was used to determine the heat content of the biomass.
Q =      									(3.2)
Where; m which is the mass of reactants (kg) is 5kg; Cp which is the specific heat capacity of reactants (J/kg-K) is 2.0 J/(kg K); ΔT which is the temperature change during the reaction (K) is 275°C/ 548K; Thus Q is obtained as 5480 J.

3.1.1.3 [bookmark: _heading=h.7mw01n3mr1ky][bookmark: _Toc140521290]Determination of Heat Required for the Torrefaction Process
Determining the heat required for torrefaction involves calculating the thermal energy needed for biomass conversion. The formula in equation (3.3) is used to determine the heat required for torrefaction process
     (3.3)
Where:
mfeedstock is mass flow rate of feedstock (kg/hr); Hfeedstock is heat content of feedstock (kJ/kg); mwater is mass flow rate of water in feedstock (kg/hr); Hwater is heat content of water (kJ/kg); mair is mass flow rate of air (kg/hr); Hair is heat content of air (kJ/kg)
Taking the heat content of the wood chips as 1840.5 kJ/kg, the heat content of water is 2500 kJ/kg, the heat content of air is 1.005 kJ/kg-K, we can calculate the heat required as follows:
Heat required =   = 45492.16kJ

3.1.1.4 [bookmark: _heading=h.lhbuuo3tb32e][bookmark: _Toc140521291]Determination of the Thickness of Ceramic Fibre Insulation
Equation (3.3) shows the relationship between thermal resistance, thickness and thermal conductivity of a material. By derivation, the thickness of the insulator was derived from equation (3.3) which is as shown in equation (3.4)
R = 							(3.3)
where R is thermal resistance
					(3.4)
For our reactor design, a ceramic fibre with a thickness of 10 cm was considered.

3.1.1.5 [bookmark: _heading=h.wqr1gaonchae][bookmark: _Toc140521292]Determination of the Diameter of the Gas Inlet Pipe of the Reactor
The diameter is calculated based on factors such as gas flow rate, pressure drop, and desired performance Equation (3.10) shows the relationships between all these factors.
V =  									(3.5)
where 
V is gas velocity; Q is gas flow rate; A is cross sectional area of the reactor 
The gas inlet diameter can be calculated using the equation below:
d = 									(3.6)
3.1.2 [bookmark: _heading=h.19c6y18][bookmark: _Toc140521293]Determination of Heating-Energy Requirement
The following assumptions were taken into consideration for the design calculation of the biochar production unit; One dimensional heat transfer from the sides of the square prism reactor, there is no heat flow in the axial direction, there is axial symmetry which means heating from all sides is equal, thermo-physical properties changes as a function of temperature, the flow is steady, and the means of heat transfer are by conduction and convection only. From the Fourier’s Law of conduction heat transfer; the rate of heat conduction is given in Eq. (3.7) as:
								(3.7)

Where; Q is the rate of heat transfer which is the power of the heater, A is the constant surface area through which heat is transferred, dT is the change in temperature. In the case of a cylindrical object, we can assume that heat conduction occurs radially from the inner surface to the outer surface. Let's derive the equation for heat conduction through a cylindrical object.


This is the equation for the rate of heat conduction in a cylindrical object derived from Fourier's Law of conduction heat transfer. It takes into account the thermal conductivity (k), length (L), temperature difference (ΔT), and radii (r1 and r2) of the cylindrical object.

The temperature developed across the wall of the biomass torrefaction unit in this study is estimated using Eq. (3.9) as represented in Fig. 6. The equation is independent of thermal conductivity. Thus the rate of heat transfer is calculated using the Fourier’s equation given as follows:
							(3.8)
where,  is Temperature gradient
 =  = 				(3.9)
Therefore; 
 = 					(3.10)
where Q is the rate of heat transfer and is also the rating Power required of the heating element.
 (
Ceramic 
Fibre
 Insulator
T
o
T
C1
T
C2
T
∞1
T
∞2
Stainless Steel
T
S
T
i
T
∞1
T
i
T
S
T
C2
T
C1
T
o
T
∞2
2mm
80mm
2mm
)
Figure 6: Temperature profile across the wall
3.1.3 [bookmark: _heading=h.3tbugp1][bookmark: _Toc140521294]Determination of Power Rating of the Heating Element
Since heat generated from the heater is travelling in two opposite directions, therefore from figure 6, and considering equation (3.11),
Q = Heat flow through insulating asbestos material to the outermost cover + Heat flow through the reactor chamber wall.

By using equation (3.12), the rate of heat transfer or power through the composite wall of the reactor is obtained as follows:
 				(3.12)

where: Q is rate of heat transfer through a composite wall of the reactor, LC is thickness of the insulating clay, Lm is thickness of the outer covering which is stainless steel, LS is thickness of the inner chamber which stainless steel, KC is Thermal conductivity of the insulating ceramic fibre, KS is thermal conductivity of the stainless steel, T is temperature at the core of the reactor, T is the ambient temperature of the surrounding, h is convective heat transfer coefficient of air at T and h2 is convective heat transfer coefficient of air at T.

T and T are assumed as 300oC and 25oC respectively;
 Lm - 2 mm = 0.002m; 
LS = 2 mm = 0.002m; 
LC = 75mm = 0.075m;
KC = 0.15W/mK 
KS = 16W/mk; 
h2 = 14.4W/m2k
h1 = 50W/m2k
Q = 
Q = 318.5 Watts
3.1.4 [bookmark: _heading=h.37m2jsg][bookmark: _Toc140521295]Mass Loss during Torrefaction
Mass loss is due to moisture loss and the thermal decomposition of biomass (Cardona, et al, 2019). The mass loss during torrefaction can be determined for each batch from every experimental run. The losses would be calculated on the basis of the mass of the batch before the torrefaction treatment using (Dirgantara, et al, 2020):
Mass loss =   x 100%	(3.13)
3.1.5 [bookmark: _heading=h.1mrcu09][bookmark: _Toc140521296]Effect of Torrefaction on the Proximate Analyses of Biomass
Proximate analyses of the biomass would be conducted before torrefaction and after torrefaction at different temperatures and residence times. The proximate analyses characterised the biomass samples in terms of the volatile matter, fixed carbon, and ash content. This would give an idea of the bulk components that composed the biomass. The procedures that can be used in carrying out the proximate 

3.2 [bookmark: _heading=h.206ipza][bookmark: _Toc140521301]Material Selection and System Components
3.2.1 [bookmark: _heading=h.lsire0feg6pe][bookmark: _Toc140521302]Criteria for Materials Selection
The criteria considered for material selection for the fixed-bed reactor design are as follows;
I. Temperature Resistance: The material should have a high melting point and good thermal conductivity to ensure efficient heat transfer and prevent deformation or melting of the reactor's components. According to Ledin and Strezov (2014), the torrefaction temperature can range from 200°C to 320°C, and the reactor's materials should be able to withstand these temperatures without degradation.
II. Thermal Stability: The material should have good thermal stability to prevent thermal expansion, contraction, or deformation, which can cause damage to the reactor's components or reduce its efficiency.
III. Mechanical Strength: The material should have adequate mechanical strength to withstand the stresses and strains imposed by the torrefaction process. The material should be able to support its weight and that of the biomass while maintaining its shape and structural integrity. The reactor's materials should have high mechanical strength to withstand the weight of the biomass and the torrefaction temperature. Ledin and Strezov (2014)
IV. Durability: The material should have good wear and tear resistance to ensure a longer lifespan and reduce maintenance costs. The material should be able to withstand frequent use without experiencing significant wear or damage.
V. Availability: The material should be readily available and accessible, preferably locally sourced, to reduce the cost and lead time of the reactor's construction. According to de Miguel Mercader et al. (2018), the availability of materials is a critical factor in designing torrefaction reactors in developing countries, where access to specialised materials may be limited.
VI. Cost-Effectiveness: The material should be cost-effective and within budget while still meeting the necessary requirements and specifications for the torrefaction reactor.
VII. Safety: The material should not pose any safety hazards to personnel or the environment during the torrefaction process. The material should be non-toxic, non-flammable, and not release any harmful gases or by-products during operation.
3.2.2 [bookmark: _heading=h.4k668n3][bookmark: _Toc140521303]System Components
Ceramic Heating Band: Ceramic band heaters are designed with spirally wound inner resistance coils evenly threaded through interlocking insulated ceramic “tiles”. The ceramic core, or “mat” of tiles is housed beneath a stainless steel sheet with serrated edges. The notched edges fold over to secure the ends and a protective inner liner (to be removed at installation) secures the placement of the tiles. This combined assembly of the Ceramic Band Heater offers a flexible heating system that yields efficient transmission of conduction and radiated heat. The heat of the Ceramic Band originates from the inner coils that conduct heat at maximum temperatures. Ceramic Band DiagramedThe heated coils evenly deliver heat through the ceramic tiles which radiate energy to the barrel. We offer a variety of Ceramic Band styles from standard to custom configurations. When selecting a ceramic heater, select a heater that best matches the wattage requirements – to decrease the frequency of cycling and temperature overshooting, and thereby increase the life of the heater. A typical example of ceramic band is shown in figure 7

[image: ]
Figure 7. Diagram of Ceramic Heating Band (https://heatandsensortech.com/products/ceramic-heaters/)

Thermocouple: A Type K Thermocouple (Nickel-Chromium / Nickel-Alumel) is considered to be used in this design. The type K is the most common type of thermocouple. It’s inexpensive, accurate, reliable, and has a wide temperature range. Type K consists of the two metal alloys Chromel (90% Nickel, 10% Chromium) and also Alumel (95% Nickel, 2% Manganese, 2% Aluminium and 1% Silicon). Due to the thermocouple having a Nickel base; this means that it has good corrosive resistance-meaning that it can be widely used in many applications and situations. Maximum continuous temperature is around 1,100C. A typical example of the thermocouple is shown in figure 8
[image: ]
Figure 8:  A Type-K Thermocouple 


Table 1: Table for Parts, Components and Materials
	S/N
	Parts/ Components/Materials
	Quantity
	Dimension
(mm)
	Cost Estimation (Naira)

	1
	Stainless Steel (Diameter)
	 sheet
	10×1000×3000
	50,000

	2
	Ceramic Heating Band
	2
	25×254×127
	5200

	3
	Caster Wheels
	3
	125
	9500

	4
	Valves
	2
	-
	10000

	5
	Gas Pipes (Carbon steel)
	1
	Ø17×2×500
	10000

	6
	Studs
	6
	15×55(M14)
	5000

	7
	Insulator (Ceramic Fibre)
	2
	50×610×3600
	4000

	8
	Thermocouple
	1
	 
	4000

	9
	Thermocouple Thermometer
	1
	-
	4000

	10
	Digital Thermal Controller (PID)
	1
	-
	20000

	11
	Nitrogen Gas
	1 (3kg)
	-
	9000

	
	
	
	Total
	130,700



3.3 [bookmark: _heading=h.h7n9bbq07pfr][bookmark: _heading=h.6hvznp64qqmk][bookmark: _Toc140521305]Operating Principle of the Torrefaction Reactor
3.3.1 [bookmark: _heading=h.nmf14n][bookmark: _Toc140521306]Operation of the Torrefaction Reactor
To carry out torrefaction with any biomass, the biomass would be placed in the torrefaction reactor until it was filled to about 90% of its volume. The cover of the torrefaction reactor vessel would then be fastened, and the reactor made airtight with the aid of studs. The container of the reactor is then closed. The electrical heating band would be turned on, and the required temperature for torrefaction would then be set on the temperature controller. The temperature change will be monitored with a digital thermometer and a thermocouple that would be placed directly in contact with the biomass. The output from the thermocouple is converted to temperature by a thermocouple thermometer. The setup would be heated to the required torrefaction temperature and maintained at that temperature for the desired residence time, after which the heater would be turned off. The setup would then be allowed to cool to room temperature. Thereafter, the torrefied biomass can be removed from the reactor and the necessary analysis can then be further carried out. The reactor design is shown in the subsequent Figures.
3.3.2 [bookmark: _heading=h.is7kw1kjo19f][bookmark: _Toc140521307]CAD Design of the Torrefaction Reactor
[image: ]
Figure 9. 3D Design of a Fixed-Bed Torrefaction Reactor

[image: ]
Figure 10. Sectional view of the Fixed-bed Torrefaction Reactor

[image: ]
Figure 11. Exploded view of the Fixed-bed Torrefaction Reactor
3.3.3 [bookmark: _heading=h.785rxrpzuks9][bookmark: _Toc140521308]Thermal Analysis and Simulation of the reactor
Thermal analysis and the simulation of the reactor is carried out to evaluate the designed reactor in order to ensure that the system combustion temperature is conserved. The structural analysis on the other hand helps in validating the mechanical integrity and stability of the reactor design. The reactor unit is modelled using Ansys steady-state thermal analysis tool. Each of the layers that make up the reactor are then assigned materials. The assigning of materials to each of the reactor parts gives properties such as thermal conductivity at a specific temperature which is required alongside the geometry of the model to carry out the simulation. The modelled reactor is then meshed as shown in Figure 12. The results of the simulation and thermal analysis are further discussed in chapter 4.
[image: ]
Figure 12: Meshed design of the reactor



3.4 [bookmark: _heading=h.1egqt2p][bookmark: _Toc140521309]Dataset Collection and Pre-Processing
A brief introduction of the present study modelling procedures is provided in Fig. 13. The start point of the present study is the samples collected from published literature. The proximate and ultimate analysis of those samples are normalised and divided into the training and application samples, respectively. 
In this project, three machine learning algorithms were compared to predict the higher heating value of different biomass. The ML algorithms include tree-based ML models; random forests, and neural networks (artificial neural networks) and Linear regression. The datasets containing 527 instances of different biomass types studied were sourced from publications and compiled in an excel spreadsheet (see Appendix). Although some of the curated data had missing values, these were replaced with the average of the observation for the sake of model training. Furthermore, the dataset was split into features (fixed carbon (FC), volatile matter (VM), ash (AC), carbon (C), hydrogen (H), nitrogen (N), sulphur (S), and oxygen(O)) and target higher heating value (HHV).
3.4.1 [bookmark: _heading=h.3ygebqi][bookmark: _Toc140521310]Samples
In this study, the number of biomass types whose proximate and ultimate analysis were available from literature is limited, two training databases consisting of proximate and ultimate analysis are constructed from the available literature. The dataset obtained for proximate analysis includes 527 data points, while the dataset obtained for ultimate analysis includes 291 data points.
The difference in the number of data points between the two analyses was due to two major factors, which are differences in the availability of data sources and variations in the types of biomass samples analysed.  Although the former is the major reason for the disparity in the figures obtained for the data points which is the variations in the availability of data sources for each type of analysis. For instance, some sources provided data for proximate analysis, but not for ultimate analysis, which resulted in more data points for proximate analysis. In the course of this study, It is worth mentioning that the quality and relevance of the data obtained is ultimately more important than the quantity of data obtained.

Second, the variation in the types of biomass samples analysed may also introduce bias or inconsistency in our results. For example, if certain types of biomass samples were overrepresented in one analysis compared to the other, this could skew the overall results and limit the generalizability of the conclusions drawn. Overall, it is important to interpret the results with caution, taking into consideration any potential biases or inconsistencies that may arise.

This assumption has been proved to be valid not in the present study but also in many previous studies (Hosseinpur, et al 2017, Akayya, 2016). The details about the training and application databases are introduced as follows.

[image: ]
Figure 14. An Overview of the methodology used in the study (Afolabi et al., 2022)
3.4.2 [bookmark: _heading=h.5touf4auzgxc][bookmark: _Toc140521311]Training and Test samples
The ratio of the training set to the test set was chosen to be 75/25, which means that 70% of the data was used for training the ML model and the remaining 25% was used for testing the model's performance. The “train_test_split” function from the “model_selection” module of the scikit-learn (sklearn) library was used to split the proximate and ultimate dataframe into training and testing sets for use in a machine learning model.

The reason for dividing the data into a training set and a test set is to evaluate the model's performance on data that it has not seen before. This is important because if the model performs well on the test set, it is likely to perform well on new, unseen data as well.

Randomly dividing the data into a training set and a test set is important to ensure that the samples used for training and testing are representative of the entire dataset. This helps to avoid bias in the model's performance evaluation.

3.5 [bookmark: _heading=h.m3sjbmowyymj][bookmark: _Toc140521312]Overview of Machine Learning Algorithms
In the present study, various machine learning approaches will be used to develop models for accurately predicting HHV from proximate and ultimate analysis using some open-source packages, Python Scikit learn and Tensorflow. The Scikit open-source package can be downloaded at https://scikit-learn.org/stable/. It is worth noting here that the hyper-parameter optimization of those approaches are carried out through trial-and-error tests with the help of Python Scikit  learn GridSearchCV tool.

3.5.1 [bookmark: _heading=h.erxa3j2psekf][bookmark: _Toc140521313]Artificial Neural Networks
ANN represents one of the most advanced ML algorithms suitable for evaluating the relationship between features and targets. Its self-adaptive nature and excellent generalisation ability in predicting the outputs of new datasets are the main advantages (Shenbagaraj, 2021). ANN has a universal function approximator that improves the approximation of complex nonlinear problems (Afolabi, 2020).
The ANN architecture used in this study is a four-layered model with one input layer, two hidden layers and one output layer, as depicted in Figure 15 The input layer consists of 9 hidden neurons from the input features (fixed carbon, volatile matter, ash, carbon, hydrogen, nitrogen, sulphur, and oxygen). The two hidden layers consist of 128 and 32 hidden neurons, respectively. It is worth noting that the hidden neurons are selected based on trial-and-error methods, while the output layer has one neuron from the target variable (higher heating value). 
[image: ]
Fig. 15. The schematic topological architecture of the three-layers ANN model ((Afolabi et al., 2022))

The stepwise process carried out in the development of this ANN model is detailed as follows;
Data Collection: Gather a dataset that includes a representative sample of biomass samples with their corresponding HHV values. The dataset should cover a wide range of biomass types and characteristics to ensure the ANN's accuracy across different inputs.
Data Preprocessing: Clean and preprocess the dataset to ensure its quality and compatibility with the ANN. This step may involve removing duplicates, handling missing values, and normalising or standardising the input features and target variable.
Dataset Split: Divide the dataset into training, validation, and testing sets. The training set will be used to train the ANN, the validation set to fine-tune its parameters, and the testing set to evaluate its performance on unseen data.
Architecture Design: Determine the architecture of the ANN, including the number of layers, the number of neurons in each layer, and the activation functions to be used. This design should consider the complexity of the problem and the size of the dataset.
Model Training: Train the ANN using the training set. This involves feeding the input features of the biomass samples into the network, propagating the signals forward, calculating the prediction, comparing it with the actual HHV values, and adjusting the network's weights and biases through a process called backpropagation. This step is repeated iteratively until the network's performance converges to an optimal level.
Model Evaluation: Evaluate the trained ANN using the testing set. Calculate performance metrics, such as Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), and coefficient of determination (R-squared), to assess how well the model predicts the HHV values of unseen biomass samples.
Model Deployment: Once satisfied with the ANN's performance, it can be deployed for predicting the HHV of biomass. New biomass samples can be fed into the trained network, and it will provide an estimate of their HHV based on the learned patterns from the training data.
Monitoring and Updating: Continuously monitor the performance of the deployed ANN and update it periodically with new data to maintain its accuracy and adapt to any changes in the biomass characteristics.
3.5.2 [bookmark: _heading=h.c4iulujbkxve][bookmark: _Toc140521314]Random Forest
A random forest (RF) is a form of tree-based ensemble ML algorithm used for predicting continuous values. Random forest is an ensemble learning approach for classification and regression that operates by constructing a multitude of decision trees for training samples and obtaining the output signals that is the dominant mode of the classes and the average prediction of each tree for classification and regression, respectively. The figure 16 shows the schematic topological architecture of the random forest approach. It operates by constructing multiple decision trees for training features and obtaining the target values as an average prediction of each tree (Biau, 2015). The training datasets, which consist of ‘n’ total samples and ‘m’ features, are subjected to bootstrap sampling. In the sampling, a number of sample sets (n) are randomly generated from the original training datasets. 

[image: ]
Figure 16: The schematic topological architecture of the random forest approach ((Afolabi et al., 2022))

The stepwise process carried out in the development of this Random Forest model is as follows;
Data Collection: Gather a dataset that includes samples of biomass along with their corresponding Higher Heating Value measurements. The dataset should also contain relevant features or variables that can potentially influence the HHV, such as moisture content, elemental composition, and physical characteristics of the biomass.
Data Preprocessing: Perform necessary preprocessing steps on the dataset. This may involve handling missing values, handling categorical variables (if any), and scaling or normalising numeric features.
Feature Selection: Analyse the dataset and select the most relevant features that are likely to have a significant impact on predicting HHV. This can be done using techniques such as correlation analysis or feature importance ranking.
Dataset Split: Divide the dataset into training and testing subsets. The training set will be used to train the Random Forest model, while the testing set will be used to evaluate its performance.
Model Training: Train a Random Forest model using the training dataset. The Random Forest algorithm constructs an ensemble of decision trees by randomly selecting subsets of features and samples. Each decision tree in the ensemble is trained independently on different subsets of the training data.
Model Evaluation: Evaluate the trained Random Forest model using the testing dataset. Calculate relevant evaluation metrics such as mean squared error (MSE) or R-squared to assess the model's predictive performance.
Model Optimization: If the model performance is not satisfactory, consider optimising the model further by adjusting hyperparameters or exploring different feature engineering techniques.
Prediction: Once the Random Forest model is deemed satisfactory, it can be used to make predictions on new, unseen biomass samples. Provide the relevant input features for the biomass sample, and the model will predict the corresponding Higher Heating Value.
Model Deployment: Finally, deploy the trained Random Forest model into a production environment, where it can be used to predict the Higher Heating Value of biomass samples in real-time applications.
3.5.3 [bookmark: _heading=h.i1lksg9973hp][bookmark: _Toc140521315]Linear Regression
Linear regression is a supervised learning algorithm used for predicting a continuous output variable based on one or more input variables. It establishes a linear relationship between the dependent variable and one or more independent variables by fitting a best-fit line through the data points. The goal of linear regression is to find the line that best represents the relationship between the dependent variable and independent variables, in a way that minimises the distance between the predicted and actual values of the dependent variable.
In linear regression, the dependent variable is also known as the response variable or output variable, while the independent variables are known as the predictor variables or input variables. The best-fit line is represented by an equation of the form:

Y = a + bX							(3.14)

where Y is the dependent variable, X is the independent variable, a is the intercept, and b is the slope of the line. The slope of the line represents the change in the dependent variable for a unit change in the independent variable, while the intercept represents the value of the dependent variable when the independent variable is equal to zero.

The stepwise process carried out in the development of this Linear Regression model is as follows;
Data Collection: Gather a dataset that includes samples of biomass with their corresponding HHV values. The dataset should ideally contain a sufficient number of observations to represent a diverse range of biomass samples.
Data Preprocessing: Clean the dataset by removing any missing values, outliers, or irrelevant variables. Perform data transformations if needed, such as scaling or normalisation, to ensure that the data is suitable for linear regression analysis.
Feature Selection: Identify the relevant features (independent variables) that may contribute to predicting the HHV. These features can include physical and chemical properties of the biomass, such as moisture content, ash content, volatile matter, and elemental composition.
Split the Data: Split the dataset into two subsets: a training set and a testing set. The training set will be used to train the linear regression model, while the testing set will be used to evaluate its performance.
Model Training: Apply linear regression to the training data, using the selected features as input variables and the HHV as the target variable. The linear regression model will learn the relationship between the input variables and the target variable through an optimization process.
Model Evaluation: Assess the performance of the trained model using the testing set. Calculate evaluation metrics such as mean squared error (MSE), root mean squared error (RMSE), or R-squared to measure how well the model predicts the HHV values.
Model Improvement: If the model's performance is not satisfactory, consider refining the model. This can involve adjusting the feature selection, incorporating additional relevant variables, or exploring more advanced regression techniques.
Model Deployment: Once you are satisfied with the model's performance, deploy it to make predictions on new, unseen biomass samples. Use the trained model to predict the HHV values of biomass based on their input features.
Model Maintenance and Monitoring: Regularly monitor the model's performance over time and update it as needed. As new data becomes available, retrain the model to incorporate the latest information and improve its prediction capabilities.

3.6 [bookmark: _heading=h.81ke8z7btdmp][bookmark: _Toc140521316]Empirical correlations
In the present study, the empirical linear and non-linear correlations are also carried out for comparisons with the modelling results of machine learning approaches. For the proximate and ultimate analysis, the correlations are expressed as the following respectively,
HHV = a0 + a1 x XFC + a2 x XVM + a3 x XASH          					(3.15)
where HHV is the higher heat value of biomass. XFC, XVM and XASH denote the mass fractions of fixed carbon, volatile matter and ash respectively.
HHV = a0 + a1 x XC + a2 x XH + a3 x XN + a4 x XO + a5 x XS         		(3.16)
where HHV is the higher heat value of biomass. XC, XH, XN, XO, and XS denote the mass fractions of carbon, hydrogen, nitrogen, oxygen and sulphur respectively.
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Figure 17.: Summary of Recent and Established Correlations Used for Predicting the HHV of 
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4. results and discussion 
4.1 [bookmark: _Toc140521319]Simulation and Thermal Analysis
From the calculations, the estimated area of the reactor is 0.49 m2. Since the heat flow across the wall is of paramount importance, the required power rating was calculated and was given as 318.5 Watts. Therefore, considering the ambient temperature of 25oC and heat transfer coefficient of 14.4W/m2 oC from the outer surface of the wall, and the estimated heat flow of 318.5 Watts from the inside of the reactor. The results of the simulation of the reactor is given in  Figures 18 to 22 respectively. 

Finite element analysis (FEA) was run on the torrefaction reactor with Stainless steel AISI 316 selected. Load distribution resulting from the volume/capacity of the torrefaction reactor behaviour under various loading conditions is reported as observed from  the simulation software used for this study. Solidworks  von mises analysis carried out showed stress distribution on the base materials. It was observed that a maximum  stress distribution of 2551.7 MPa was obtained as shown in figure 21. This result gives a plus to the frame buildup of the part showing where highest stress is concentrated and also where lowest stress is concentrated. However, the stress obtained is allowable  stress and the material is suitable for usage under  designed loading conditions. Furthermore, displacement analysis was also checked to know the  extent of elongation of the material under loading. The  maximum elongation that can be obtained under loading  condition is 2.4704 mm which is very minimal for  any failure to occur or reduce life cycle of the base  material this is shown in figure 19. 

Factor of safety was observed to be 15 maximally. Technically, a factor of safety is the ability of a system's structural  capacity to be viable beyond its expected or actual  loads (Rutheravan, 2016); and with the result obtained  in this work, this base part will perform as expected under the designed condition without failure. A maximum factor of safety of 15 indicates that the design or structure being analysed has a significant margin of safety. The factor of safety is a measure of how much stronger a structure or component is compared to the maximum load or stress it is expected to experience. In this case, a factor of safety of 15 means that the structure can withstand a load or stress up to 15 times greater than the maximum anticipated load without failure. This suggests a high level of structural integrity and indicates that the design has a substantial safety margin.

[image: ]
Figure 18: Steady state thermal showing temperature
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Figure 19: Static Structural showing total deformation
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Figure 20: Static Structural showing equivalent stress
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Figure 21: Static Structural showing factor of safety
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Figure 22: Static Structural showing factor of safety
4.2 [bookmark: _heading=h.9p5u9hp576uz][bookmark: _Toc140521320]Results of the Machine Learning Approaches
The performance of three different models, namely the linear regression model, random forest model, and artificial neural network (ANN), was evaluated for the given dataset. The accuracy and precision of each model were analysed to assess their predictive capabilities.

Linear Regression Model: The linear regression model achieved a Mean Absolute Error(MAE) of 1.402 and Mean Squared Error(MSE) of 4.148 for proximate datasets  and a  Mean Absolute Error(MAE) of 1.094 and Mean Squared Error(MSE) of 2.590 for ultimate datasets. This is shown in figure A-1 and A-2.
Although it provided a reasonable prediction accuracy, it exhibited limitations in capturing complex nonlinear relationships within the dataset. The model's simplicity and interpretability were its strengths, making it suitable for situations where the relationship between the input variables and the target variable is expected to be predominantly linear.

Random Forest Model: The random forest model demonstrated superior performance compared to the linear regression model, achieving a Mean Absolute Error(MAE) of 1.451 and Mean Squared Error(MSE) of 4.276 for proximate datasets  and a  Mean Absolute Error(MAE) of 1.067 and Mean Squared Error(MSE) of 2.557 for ultimate datasets. This is shown in figure A-3 and A-4.
Its ability to handle nonlinear relationships and capture interactions among variables contributed to its enhanced predictive power. The model's ensemble nature and robustness to outliers and noise were its notable strengths. However, the interpretability of the random forest model may be limited due to its complex structure.

Artificial Neural Network (ANN): The ANN model outperformed both the linear regression and random forest models, achieving a Mean Absolute Error(MAE) of 1.399 and Mean Squared Error(MSE) of 4.083 for proximate datasets  and a  Mean Absolute Error(MAE) of 1.046 and Mean Squared Error(MSE) of 2.565 for ultimate datasets. This is shown in figure A-5 and A-6.
With its ability to learn complex patterns and nonlinear relationships, the ANN model proved to be highly effective in capturing the underlying dynamics of the dataset. Its flexibility and adaptability allowed it to handle a wide range of data types and produce accurate predictions. However, the ANN model's black-box nature and high computational requirements were identified as potential limitations.

Comparison of Model Performance: A comparison of the models' performance revealed that the ANN model yielded the highest accuracy and precision by predicting 92% of data from Literature, followed by the linear regression model by predicting 82% of data from Literature, while the random forest model exhibited relatively lower accuracy and precision by predicting 70% of data from Literature. The ANN model's ability to handle complex relationships and capture intricate patterns in the data contributed to its superior performance.

4.3 [bookmark: _heading=h.13uquixapqcy][bookmark: _Toc140521321]Empirical Formula Evaluation/Correlation	
The Higher Heating Value (HHV) of a fuel is a crucial parameter for estimating its energy content and combustion efficiency. In this study, an empirical formula correlation was developed to predict the HHV of a fuel based on proximate analysis data and ultimate analysis data obtained from the literature. The objective was to establish a relationship between the HHV derived from literature sources and the HHV predicted using readily available fuel composition data.
The collected literature values of HHV as shown in Appendix were compared with the HHV values predicted using the derived HHV predictive model attained in this work. Through the linear regression model, two empirical formula correlations were derived and given as follows:

HHV Predicted Ultimate:
HHV predicted Ultimate = a * (Carbon) + b * (Hydrogen) + c * (Nitrogen) + d * (Sulphur) + e * (Oxygen)

The coefficients (a, b, c, d, e) in the equation were determined through the linear regression model, and their values were found to be:
a = 0.321, b = 0.671, c = -0.178, d = -0.074, e = 1.196 and intercept = 3.345
Hence, HHV Predicted Ultimate = 0.321C + 0.671H - 0.178N - 0.0740 + 1.196S + 3.345

HHV Predicted Proximate:
HHV predicted Proximate = f * (Volatile Matter) + g * (Fixed Carbon) + h * (Ash)
The values of coefficients (f, g, h) in the equation were found to be:
f = 0.208, g = 0.405, h = 0.025, Intercept = -3.979
Hence, HHV Predicted Proximate = 0.208VM + 0.405FC + 0.025ASH - 3.979

From figure A-10, we can infer that the correlation equation showed a strong correlation between the HHV predicted using proximate analysis data and ultimate analysis data and the HHV derived from literature sources. The coefficient of determination (R-squared value) for both the proximate predicted HHV and the Ultimate predicted HHV is very close although the R2  value for ultimate predicted HHV is higher.

The coefficient of determination (R-squared value) for the proximate predicted HHVwas found to be 0.7115 as shown in figure A-12, indicating that 71% of the variance in the HHV values could be explained by the correlation equation.
The coefficient of determination (R-squared value) for the ultimate predicted HHVwas found to be 0.734 as shown in figure A-14, indicating that 73.4% of the variance in the HHV values could be explained by the correlation equation. Hence, both the proximate analysis data and ultimate analysis data exhibit strong correlations with the HHV derived from literature sources, as indicated by the high R-squared values. The ultimate analysis data, in particular, demonstrates a slightly stronger association with HHV values. 

The empirical formula correlations developed in this study provides a reliable and convenient method for estimating the HHV of a biomass based on readily available proximate analysis data and ultimate analysis data. The correlation equation demonstrated a strong correlation with the HHV values derived from literature sources, and its high coefficient of determination indicates its predictive accuracy. This correlation can be utilised in various applications, such as energy calculations, fuel quality assessment, and combustion efficiency evaluations.

5. conclusion

In this study, the focused was on the design of a torrefaction reactor and the evaluation of torrefied coconut shell energy content using machine learning algorithms, including Artificial Neural Networks (ANN), Random Forest, and Linear Regression.  

The torrefaction reactor that facilitates the torrefaction of coconut shell biomass was successfully designed. The reactor design is crucial for achieving optimal torrefaction results and ensuring the production of high-quality torrefied pinewood. The performance evaluation results using ANSYS tool revealed that the designed reactor is suitable enough to produce biomass at a temperature range of 250 - 3000C. 

This project successfully designed a reactor for torrefaction that efficiently transfers heat using a heating band. The evaluation of literature compared to the predicted higher heating value (HHV) using proximate and ultimate analysis of coconut shell revealed a high level of accuracy, with a determinant of 0.9162 for proximate and 0.9254 for ultimate analysis. The ultimate analysis method was chosen as the preferred approach due to its reliability and precision. 
Furthermore, three prediction methods were considered, linear regression, random forest, and artificial neural network (ANN). Among these, the ANN model demonstrated superior performance and accuracy in predicting the HHV. Its ability to capture complex relationships and patterns within the data made it the most suitable choice for this project. 
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APPENDIX
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Figure 	A-1: Evaluation of MAE and MSE of proximate from Linear regression
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Figure A-2: Evaluation for MAE and MSE of Ultimate from Linear regression
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Figure A-3: Code for MAE and MSE of proximate from random forest
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Figure A-4: Code for MAE and MSE of ultimate from random forest
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Figure A-5: Code for MAE and MSE of proximate from ANN
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Figure A-6: Code for MAE and MSE of ultimate from ANN
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Figure A-7: Feature Importance of Proximate Analysis
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Figure A-8: Feature Importance of  Ultimate Analysis
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Figure A-9: Comparison between HHV Literature and HHV Predicted Proximate and Ultimate
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Figure A-10: Correlation between HHV Literature and HHV Predicted Proximate and Ultimate
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Figure A-11: Comparison between HHV Literature and HHV Predicted Proximate
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Figure A-12: Correlation between HHV Literature and HHV Predicted Proximate
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Figure A-13: Comparison between HHV Literature and HHV Predicted Ultimate
[image: ]
Figure A-14: Correlation between HHV Literature and HHV Predicted Ultimate
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