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A B S T R A C T

Fuelwood is the primary source of heat energy for tea processing, but its availability is declining 
due to population growth and logging restrictions. This study aimed to optimize the economics of 
biomass fuel mixtures for tea processing boilers by integrating macadamia nutshells as a sup
plementary fuelwood. The objective was to develop a cost-effective fuel mix strategy using 
Response Surface Methodology (RSM) and MATLAB simulations. The methodology involved 
proximate and ultimate analyses to assess the energy potential of fuelwood and macadamia 
nutshells. Various scenarios of moisture content and wood availability were simulated to deter
mine the necessary quantities of macadamia nutshells to address fuelwood shortages. RSM was 
then applied to optimize the fuel mix by minimizing costs while maximizing energy efficiency. 
Key findings revealed that macadamia nutshells have a higher bulk density (680–745 kg/m³) and 
lower moisture content (7.86–10 %) than eucalyptus wood (322–358 kg/m³, 15–50 % moisture 
content). Additionally, macadamia nutshells have a superior calorific value (21,296.56 kJ/kg) 
compared to eucalyptus (18,765.24 kJ/kg), though they are more expensive (USD 0.10/m³ vs. 
USD 0.04/m³). The regression analysis showed that moisture content significantly increased fuel 
costs (18 % per unit increase), while wood availability reduced costs by 17 % per unit increase. 
The quadratic model (R2 = 0.9995) confirmed these interactions. The study supports the use of 
macadamia nutshells as a viable alternative or supplementary fuel source, enhancing the sus
tainability of tea processing operations.

1. Introduction

Tea (Camellia sinensis), which is globally cherished beverage, has been a significant part of Kenya’s socioeconomic growth since its 
introduction in 1903 [1]. Despite the success of the tea industry, there are multiple challenges it faces including escalating fuel costs 
[2]. Tea processing, which includes withering, rolling, fermentation, and drying, is primarily focused on moisture removal during 
withering, rolling, and drying stages, reducing the moisture content from 80 to 3 % on a wet basis [3,4]. Over 90 % of the thermal 
energy needed for this process is provided by fuelwood, which serves as the primary energy source [5]. It is regarded as a renewable, 
carbon-neutral energy source widely used in both domestic and industrial settings in Kenya. Moreover, it has a significant impact on 
reducing greenhouse gas emissions [6,7] associated with the production of the beverage.

The quality of fuelwood is crucial for energy efficiency, particularly during combustion, and is determined by factors such as 
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moisture content (MC), volatile matter (VM), fixed carbon (FC), ash content (A), calorific value (CV) and bulk density [8,9]. High 
moisture content can significantly reduce the gross calorific value (GCV) of fuelwood, increase transportation costs, and raise drying 
expenses [10]. High ash content decrease combustion efficiency, leading to increased disposal costs due to accelerated equipment 
wear, frequent maintenance, a larger volume of ash management, strict environmental compliance, decreased boiler efficiency, and 
operational challenges [11]. On the other hand, a higher FC improves the GCV, making ignition easier, while a higher VM to FC ratio 
enhances the ignitability of biomass [12].

Building on the pursuit of sustainability in the biomass sector, green energy solutions can also be beneficial for steam systems which 
are crucial part of nearly all major industrial processes today [13]. Industry sectors that depend on steam systems include 
manufacturing, district heating systems, power plants, food and beverage, and refineries. In the past, fossil fuels have been a major 
component of steam generation, but resulted in significant carbon emissions and environmental concerns. By incorporating sustainable 
practices, such as utilizing biomass as a clean energy resource, steam generation can be transformed into a more environmentally 
friendly process [13,14].

Further, recent studies have explored the potential of renewable energy, particularly solar power, in sustainable steam generation 
[15]. There is also a growing interest in utilizing agricultural biomass as a renewable energy resource through various technologies 
[16]. While biomass is regarded as a carbon-neutral energy source, policymakers are tasked with developing strategies to effectively 
incorporate it into the energy mix to ensure environmental sustainability [17]. Research has extensively covered various facets of 
biomass combustion, including its processes, heating value, ash properties, and comparisons with other fuels, as well as co-firing with 
coal and biomass transportation logistics [10,17–19]. Despite these advancements, the co-combustion of biomass with diverse 
characteristics remains underexploited.

Challenges in sourcing affordable, high-quality and dry fuelwood due to limited land availability have necessitated the optimi
zation of the supply chain to mitigate transport uncertainties [20,21]. Transport and logistic optimization models entail critical 
components such as managing fuelwood demand and supply, storage at intermediate facilities, considerations of fuelwood quality 
deterioration, inter-modal distribution for long-distance transport, operational transportation planning, and fuelwood pre-processing 
[22]. The uncertainty in fuelwood supply chains is compounded by factors like varying MC, ash content, volatile matter, and lower 
heating value [22,23]. Seasonal fluctuations of fuelwood availability also affect the quality, quantity, and cost of fuelwood, partic
ularly concerning moisture content and the need for drying and storage [24–26].

As sustainable alternatives many sectors including the tea sector are actively exploring green energy sources and alternative 
biomass fuels. This shift has raised interests among researchers and investors [27,28], and there has been an increase in biomass supply 
chain modelling studies within the research sphere. Such studies provide in-depth analysis of logistics pricing [29] and are focussed in 
designing an efficient supply chain networks for the smooth transportation of materials from the source to the end user. Although 
biomass itself is not very expensive, logistics represent a significant portion of the overall costs [30]. Various modeling approaches 
have been used to enhance the efficiency and sustainability of biomass supply and logistics. These methods range from the general field 
of mathematical optimization to more specialized techniques, such as uncertainty analysis through stochastic optimization [31], 
sensitivity analysis [32], and quality analysis with some studies employing a combined approach [33]. Among these, a novel 
multi-objective mixed integer linear programming model has been implemented, highlighting the substantial impact of biomass 
procurement costs and maximum transportation distance on the supply chain’s expenses and structural configuration [34]. In a similar 
vein, another advanced mathematical model was developed to assist decision-makers in navigating uncertainties surrounding biomass 
feedstock availability, aiming to reduce the overall costs of the biomass supply chain [35]. These models demonstrate the diverse 
strategies employed to address different challenges within the sector.

The Kenya Tea Development Agency (KTDA) faces significant challenges in securing a sustainable fuel supply due to the national 
ban on fuelwood procurement from forests, implemented in 2018. This has exacerbated issues related to the quality, availability, 
sustainability, and cost of fuelwood, leading to increased competition, higher prices, and reduced profit [12–14]. Despite exploring 
alternative energy sources like solar, wind, and biomass briquettes, economic hurdles remain due to high initial setup costs, fuel price 
fluctuations, and inconsistent biomass supply chains. Suryani et al. [36] notes that the high cost of biomass briquettes limits their use in 
Kenya’s tea industry, while Thirunavukkarasu & Sawle, 2022) [37] highlights that the economic feasibility of hybrid energy systems 
depends on operational scale and local energy market conditions. These factors continue to pose financial challenges in the tea 
processing sector. Significant research has been conducted on biomass combustion processes, heating value, and supply chain opti
mization. However, the co-combustion of biomass with varying characteristics, such as macadamia nutshells and eucalyptus fuelwood, 
remains largely unexplored. The Kenyan tea processing industry is currently grappling with rising fuel costs and restrictions on 
fuelwood procurement, lacking an optimized biomass fuel mix strategy to address economic and sustainable energy challenges. This 
study aims to develop a cost-effective fuel mix strategy by utilizing stochastic assessment and optimization techniques to assess the 
calorific value and availability of fuelwood and macadamia nutshells. By doing so, this research offers a sustainable solution to the 
economic hurdles faced by the tea industry.

2. Materials and methods

2.1. Experimental procedures

The study used eucalyptus fuelwood and macadamia nutshells sourced from Makomboki Tea Factory in Murang’a County, Kenya 
(located at 0◦48′14″N 36◦50′39″E and an altitude of 2160 m). The experimental analysis was conducted at the Kenya Industrial 
Research and Development Institute (KIRDI) in Nairobi and Lab Works East Africa in Nairobi. The mix biomass fuel was characterized 
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by species, density, moisture content, and cost. Data on seasonal biomass availability were obtained from the factory’s historical 
records. MATLAB (Version 2020b) was employed for simulation and stochastic data generation, while Design Expert software (Version 
13) was utilized for optimization.

2.1.1. Biomass characterization
In order to optimize the fuel mix for tea processing boilers, it was crucial to thoroughly characterize the biomass materials being 

used. The primary objective of this assessment was to analyze the key physical properties of the two main biomass options: eucalyptus 
wood and macadamia nutshells. The characterization process involved a thorough analysis of the moisture content, proximate 
analysis, ultimate analysis, and calorific value of the biomass. These parameters are crucial in determining the heating value and, 
subsequently, the efficiency of the combustion process. The annual production of macadamia nutshells in the study area was 
approximately 84,380 kg, with peak production between February and July. The biomass characterization in this study was specif
ically tailored to reflect the actual characteristics of the biomass used in the boilers at the factory under investigation. The analyses 
ensured that the results accurately represent the conditions and performance of the biomass in real-world operations.

2.1.2. Proximate analysis
The proximate analysis was carried out following the ASTM D 3172-73(84) method [38] Moisture content was determined as per 

ASTM E871-82 [39], volatile matter and ash content were assessed based on ASTM E872-82 and ASTM D1102-84 [40,41], respec
tively. The measurements were conducted on a mass basis, with the biomass weight recorded before and after each test to calculate the 
mass difference. The biomass was weighed after drying at 105 ◦C for 24 h to determine the weight loss from moisture evaporation. The 
remaining sample was then heated to 950 ◦C for 7 min and weighed to determine the mass loss from volatile matter. Ash content was 
determined by combusting the remaining material at approximately 700 ◦C in oxygen for approximately 2 h. Fixed carbon was 
calculated using equation (1). A muffle furnace (Thermo Scientific Lindberg/Blue M Moldatherm Box Furnace) was used for the tests 

FC(%)=100 − MC(%) − Ash(%) − VM(%) (1) 

2.1.3. Ultimate analysis
In the ultimate analysis, samples of fuelwood and macadamia nutshells were burned in an Element Analyzer (Leco CHNS-932, USA) 

to measure the weight percentages of carbon, hydrogen, nitrogen, and sulfur. This procedure determined the total carbon, hydrogen, 
and nitrogen simultaneously from the same sample in the analyzer. The ASTM standards were applied to ensure precision in mea
surement: ASTM E 777 [42] for Carbon and Hydrogen, ASTM E 775 [43] for Sulfur, and ASTM E 778 [44] for Nitrogen. The percentage 
of oxygen was calculated by subtracting the combined percentages of carbon, hydrogen, sulfur, nitrogen, and ash from 100. This 
analysis provides a convenient method to report the primary organic elemental composition of the analyzed biomass fuels.

2.1.4. Calorific value analysis
The gross calorific value of biomass fuels was determined using an oxygen bomb calorimeter (model XRY-1A, China), following 

ASTM standard procedure D5865 [45]. The biomass samples were shredded, weighed (ranging from 0.999 to 1.0 g) using an analytical 
balance, and placed into the stainless steel bomb cup using a spatula. To ensure calibration accuracy, 1 g of benzoic acid was added to 
the calorimeter. A combustible wire, 10 cm in length, was measured and connected to the bomb’s positive and negative terminals, 
traversing the sample. The bomb was then sealed within the oxygen bomb chamber, and oxygen was introduced at pressures between 
2.8 and 3.0 MPa via a pipe; 3000 g of distilled water was also added to the calorimeter. The ignition wires were connected, and both the 
power and stir switches were activated. The ignition button was pressed to start the experiment. The calorimeter automatically 
documented the temperature rise and was switched off upon reaching the peak temperature. The calorific value was calculated using 
equation (2), where E represents the standard energy value of the bomb, ΔT denotes the temperature change, Φ is the constant heat of 

Fig. 1. Steam system generation and utilization.
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combustion of the wire, V indicates the correction term for heat exchange with the surrounding environment, and M is the mass of the 
sample. 

QCV =
EΔT − Φ − V

M
(2) 

2.2. Simulation procedures

2.2.1. Mathematical modelling
The simulation procedures were based on a mathematical model that replicated the operational dynamics of biomass-fueled boilers 

in tea processing factories. The factory uses a Thermax woodpac (model wp-3p-40, India) horizontal three pass biomass boiler, known 
for its high efficiency due to the three-pass heat exchange design. The model considered key parameters like steam pressure, tem
perature, and energy requirements per operational cycle to provide an accurate framework for assessing fuel performance The specific 
boiler under examination had been designed to produce 4000 kg of saturated steam per hour at a pressure of 10 bar and a temperature 
of 180 ◦C, which are crucial for the withering and drying stages in tea production. This operational configuration necessitates a 
significant energy input, estimated at 18.7 GJ per hour [46]. The steam system setup is illustrated in Fig. 1.

For analysis, the moisture content of macadamia nutshells was assumed to be constant, resulting in a stable calorific value as 
determined by proximate analysis. In contrast, fuelwood was sourced from various suppliers, leading to variability in wood quality and 
moisture content. Fig. 2 illustrates the biomass feedstock (fuel wood and macadamia) and the biomass boiler used in the study. The 
calorific value of fuelwood, however, fluctuated with its moisture content, as demonstrated in equation (3), which is derived from 
established empirical relationships in the field of biomass energy. This relationship is commonly used to estimate the calorific value of 
wood fuels based on their moisture content and aligns with data from standard fuel analysis sources. Specifically, the net calorific value 
(NCV) is a function of the moisture content (MC), as supported by Dyjakon [47]. 

Fig. 2. Biomass feedstock (fuel wood and macadamia) and biomass boiler.
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NCVMC =
19 × (1 − MC) − 2.44 × MC

1
(3) 

2.2.2. Simulation model in MATLAB environment
The simulation relied on the Monte Carlo approach to generate stochastic variables that represented moisture content and wood 

availability. This approach allowed accounting for the natural variability and uncertainty in these parameters. Forty (40) sets of 
moisture content and wood availability values were generated, covering a range from 12 to 50 % and 50 and 100 %, respectively. Each 
set underwent 20 iterations, resulting in a comprehensive dataset for optimization analysis. The MATLAB environment was employed 
to manage various tasks: inputting key variables such as biomass type, availability, and moisture content; running the Monte Carlo 
simulations to generate stochastic variables and model the variability in biomass properties; and calculating outputs including fuel mix 
ratios, total energy input, and fuel costs.

2.2.3. Cost and energy output calculations
The simulation served two key purposes: evaluating the energy output of the biomass mix and assessing the economic feasibility by 

analyzing the associated costs. The cost per unit of biomass, denoted as c, and the quantity available, denoted as i, were critical 
variables in the economic assessment of the fuel mix. To factor in the uncertainties associated with biomass sourcing, a stochastic 
variable ξ was introduced, representing the probability of variations in both biomass quality defined by its net calorific value and its 
availability. The cost of biomass is determined by its availability and quality. Low-quality biomass, with a lower NCV, requires a larger 
quantity to meet energy output targets, resulting in higher consumption and overall costs. On the other hand, high-quality biomass, 
with a higher NCV, is more efficient, reducing the required quantity and lowering costs. The model’s objective function was twofold: to 
maximize the energy output of the fuel mix and to minimize the associated purchasing costs subject to constraints of availability and 
moisture content. This was modelled using a probabilistic approach, where different scenarios were generated to account for vari
ability. In the model, N is the total number of scenarios generated, ξ is the scenario representation for the stochastic variable, pξ is 
probability of the scenario of each stochastic variable, Pi, ξ is the stochastic biomass quantity from source i based on scenario ξ, and 
PNCV,ξ is the stochastic low heat value of the biomass source in relation to moisture content based on scenario ξ. The model aimed to 
maximize energy output through equation (4), which considered the stochastic variables for biomass quantity and NCV, while 
minimizing cost through equation (5), which focused on the stochastic variables for biomass cost. The available biomass was con
strained by equation (6), while moisture content was addressed by equation (3). 

Max
∑2

i=1
i
∑2

NCV=1
NCV

∑N

ξ
pξPi,ξPNCV,ξ (4) 

Min
∑2

ci=1
ci
∑N

ξ
pξPci,ξ (5) 

Subject to.
Quantity of biomass available 

available biomass=
∑2

1
i (6) 

In addition, Table 1 outlines the criteria for optimizing the fuel mix, which involved minimizing moisture content (targeted between 
0.1217 and 0.4997), ensuring wood availability (set at 0.75), and minimizing the cost of the energy mix (falling between 5755.11 and 
11385). Each of these variables was given equal importance (rating of 5), as they were all critical to the optimization process. The 
reliability of wood availability, consistently above 75 % throughout the seasons based on historical data, further supported the op
timization’s effectiveness in ensuring a steady supply for the energy mix and improving overall cost-efficiency.

The optimization involved an iterative algorithm that evaluated a cost fuel mix, adjusting the contributing variables within their 
defined ranges to achieve the best possible combination of moisture content and wood availability for the optimum cost of the energy 
mix.

Table 1 
Optimization criteria.

Name of Variable Goal Lower Limit Upper Limit Importance

Moisture content (θ) Minimize 0.1217 0.4997 5
Wood availability(α) is target = 0.75 0.5 1 5
Cost of energy mix (C) Minimize 39.13 77.42 5
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2.3. Analytical procedures

2.3.1. Regression analysis
Regression analysis played a key role in the study by providing a quantitative framework to evaluate the impact of moisture content 

and wood availability on biomass fuel mix costs. Using data from simulations, a regression model was developed to establish the 
relationships between these variables and overall fuel mix costs. The analysis aimed to quantify the effects of moisture content and 
wood availability on costs. By employing multiple regression techniques, the model identified significant predictors of cost, assessed 
the strength of these relationships, and estimated their impacts. The coefficients obtained from the regression offered insights into how 
changes in moisture content or wood availability could influence the cost of the fuel mix. This analytical approach was essential for 
guiding optimization strategies and ensuring decisions were supported by robust statistical evidence.

2.3.2. Response surface methodology
This study also utilized response surface methodology (RSM) for experimental design, employing statistical and mathematical 

techniques to optimize processes influenced by multiple variables [48]. RSM was specifically applied to optimize moisture content and 
biomass availability, which are crucial factors in managing fuelwood and macadamia nutshells to minimize the total cost of the fuel 
mix. The experimental setup used a 2k full factorial design with Design Expert (Version 13), performing 800 randomized runs to 
explore how the independent variables affect the response. The analysis employed a second-order model, often referred to as the 
"Imperial equation" (Equation (8)) [49], to capture both linear and non-linear interactions between the variables.

In this model, Y represents the response variable (cost of the fuel mix), β0 the Intercept of the model, indicating the expected mean 
value of Y when all xi (predictors) are zero. The model includes linear terms (

∑k
i=1 βixi) where the coefficients βi quantify the individual 

effects of each variable (moisture content and availability). It also includes interactive terms, (
∑k

i=1
∑k

j=1 βijxixj), with coefficients βij 

representing the effects of interactions between moisture content and wood availability variables. Additionally, the quadratic terms 
(
∑k

i=1 βiix2
ii) model non-linear relationships, indicating curvature in the response surface. and Lastly, the error term (ε) accounts for any 

variation in Y not explained by the predictors. The optimization goal was to reduce the wood’s moisture content while maintaining 
wood availability at 75 %, in order to reduce the overall cost of the fuel mix. The second-order model provided a detailed analysis of the 
response surface, capturing the complex interactions between moisture content and availability that affect the fuel mix’s economic 
performance. 

Y = β0 +
∑k

i=1
βixi +

∑k

i=1

∑k

j=1
βijxixj +

∑k

i=1
βiix2

ii + ε (8) 

2.4. Model validation

Model validation was conducted to ensure the robustness and accuracy of the predictive models used in this study. The experi
mental design for optimizing biomass combustion integrates methodologies from RSM and stochastic programming, drawing from 
established models in the fields of bioenergy supply chains, biomass combustion characteristics, and optimization under uncertainty. 
The validation of the results involves comparative analysis with existing literature on bioenergy optimization, focusing on economic 
feasibility, supply chain dynamics, and biomass combustion characteristics. Previous research by Ref. [50] on economic and opera
tional feasibility [51], on supply chain dynamics, and [52] on biomass combustion characteristics are referenced for further insights.

3. Results and discussion

3.1. Biomass characterization

Table 2 presents results summarizing key operational variables used in optimization of the biomass fuel mix in the boilers. The 
results show that mean moisture content, wood availability and cost of energy mix were 0.3085 ± 0.1108, 0.7478 ± 0.1375 and USD 
59.58 ± 8.60, respectively. The results in Table 2 form the foundation for the subsequent analysis, linking theoretical models to 
practical financial implications for sustainable biomass fuel use.

Table 3 compares the characteristics of eucalyptus wood and macadamia nut shells used in tea processing. Eucalyptus wood had a 
moisture content range of 15–50 %, indicating variability that can impact energy yield, as noted in literature [53], In contrast, 
macadamia nut shells have a narrower moisture range of 9.8–10 %, suggesting more consistent levels and potentially more predictable 
energy output, as supported by Ref. [54]. In terms of average density in a dry state, eucalyptus wood has a lower density of 358 ± 30 
kg/m³ compared to macadamia nut shells with a higher density of 745 ± 25 kg/m³. This aligns with findings from Ref. [55] for 
eucalyptus and [56] for macadamia nut shells, indicating that the higher density of macadamia nut shells results in greater energy per 

Table 2 
Descriptive statistics of optimization variables for biomass fuel mix.

Variable Moisture content (%) Wood availability (%) Energy mix cost (USD)

Mean 30.85 ± 11.08 74.78 ± 13.75 59.58 ± 8.60.
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unit volume, making them more efficient for storage and transportation. Regarding cost, eucalyptus wood is priced at 0.04 USD/m³, 
making it a more economical choice than macadamia nut shells at 0.10 USD/m³. The higher cost of macadamia nut shells may be 
justified by their higher density and lower moisture content, offering higher energy efficiency.

3.2. Proximate ultimate and calorific value analyses

The proximate, ultimate, and calorific value analyses of eucalyptus wood and macadamia nutshells as biomass fuels are presented 
in Fig. 3(a), (b), and (c), highlighting the impact of the biomass source on the fuel properties. The proximate analysis indicates that 
eucalyptus wood had a moisture content of 12.46 %, while macadamia nut shells have a lower moisture content of 7.86 %. This is 
consistent with previous studies by Ref. [57]), which reported a moisture content range of 10.5–14.4 % for eucalyptus wood and [58], 
which found a lower moisture level of 8 ± 0.1 % in macadamia nut shells. Both eucalyptus wood and macadamia nut shells exhibit 
high volatile matter content, with values of 85.25 % and 84.94 %, respectively, which is advantageous for efficient combustion and 
energy production. These values align with [59] stating that the volatile matter content of biomass materials typically falls between 70 
and 85 %. The ash content is lower in macadamia nut shells (0.25 %) compared to eucalyptus wood (0.66 %), consistent with findings 
by Ref. [60], documenting ash content of 0.76 ± 0.24 for eucalyptus wood and [61]), noting low ash content in macadamia nut shells 
(0.2 %). The fixed carbon content is 6.95 % for macadamia nut shells and 1.63 % for eucalyptus wood, indicating the amount of 
combustible carbon remaining after volatile matter removal.

The ultimate analysis reveals that eucalyptus wood contains 51.06 % carbon, 4.82 % hydrogen, 40.49 % oxygen, and 0.00 % sulfur, 
while macadamia nut shells contain 49.65 % carbon, 5.43 % hydrogen, 41.73 % oxygen, and 0.64 % sulfur. These values are in line 
with [60] for eucalyptus wood and [62] for macadamia nut shells, reporting similar ranges for carbon content. The higher carbon 
content in eucalyptus wood (51.06 %) compared to macadamia nut shells (49.65 %) suggests a potential for higher energy content in 
eucalyptus wood. However, the negligible sulfur content in eucalyptus wood (0.00 %) compared to macadamia nut shells (0.64 %) is 
beneficial for reducing SO2 emissions, contributing to cleaner combustion.

The calorific value analysis indicates that macadamia nut shells have a higher heating value (HHV) of 21.30 MJ/kg, compared to 
18.77 MJ/kg for eucalyptus wood, supporting findings by Refs. [63,64] reporting calorific values of 18.5–19.23 MJ/kg for eucalyptus 

Table 3 
Characteristics of eucalyptus wood and macadamia nut shells.

Species of biomass Moisture content range (%) Average density dry basis (kg/m3) Cost (USD/m3)

Eucalyptus Wood 15–50 358 ± 30 0.04
Macadamia nutshells 9.8–10 745 ± 25 0.10

Fig. 3. Biomass fuel analysis; (a) Proximate analysis, (b) Ultimate analysis, (c) Calorific values.
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wood and 18.78–26.02 MJ/kg for macadamia nut shells. The analysis reveals that macadamia nut shells possess a higher calorific value 
due to their lower moisture content, higher fixed carbon, and low ash content. Furthermore, the ultimate analysis shows that euca
lyptus wood contains a slightly higher carbon content at 51.06 % compared to 49.65 % in macadamia nut shells. However, macadamia 
nut shells have higher hydrogen and oxygen content than eucalyptus wood, indicating greater energy potential. These elements, in 
conjunction with carbon, act as active reactants in the combustion process, enhancing energy production.

3.3. Simulation

3.3.1. Mathematical modeling and stochastic simulation
The simulation analysis used mathematical models and stochastic simulations to assess the performance dynamics of various 

biomass fuel mixes under different operational conditions. The study examined how fluctuations in moisture content and wood 
availability could affect energy output and economic viability, generating a comprehensive dataset for optimization. For eucalyptus 
wood, the study found that moisture content ranges from 0.132 to 0.408, with a negative correlation between moisture content and 
calorific value, decreasing from 16.49 MJ/kg to 11.25 MJ/kg. This aligns with previous research, such as [65] which showed that 
higher moisture content reduces the calorific value of biomass fuels, impacting energy conversion efficiency during combustion.

The availability of eucalyptus wood fluctuates between 0.56 and 0.98 %, resulting in energy outputs ranging from 10,449 to 
17,657 MJ and associated costs varying from USD 23.34 to 53.37. In comparison, macadamia nut shells have energy outputs ranging 
from 1912.3 to 7592.7 MJ, with required masses between 89.8 and 356.52 kg and costs from USD 9.16 to 36.37. The total cost for the 
energy mix of eucalyptus wood and macadamia nut shells ranges USD 44.14 to 59.89, showcasing the economic advantages of using a 
combination of these biomass types. This is consistent with [66]who highlighted the economic viability of macadamia nut shells as a 
biomass fuel due to their high heating value (21.12 MJ/kg) and low ash content (1.6 %), making them a cost-effective option for 
industrial fuel use (see Table 4). The data indicates that macadamia nut shells, with their stable moisture content and high calorific 
value, offer a more consistent energy output and cost efficiency compared to eucalyptus wood. Leveraging the lower costs of euca
lyptus wood and the high energy content of macadamia nut shells, this combination optimizes energy production while managing costs 
effectively, making it a financially viable choice for biomass fuel for boilers.

Such data is essential for stakeholders considering biomass-based energy production, offering a clear comparison of energy po
tential and costs for wood and macadamia, both individually and in combination. It encapsulates economic considerations alongside 
energy yields for these biomass energy resources.

3.4. Analytical results

3.4.1. Regression analysis
Table 5 shows the results of the regression analysis for the model. The analysis reveals a highly significant overall model p-value of 

0.0001, indicating a rejection of the null hypothesis that there is no relationship between the dependent variable (total cost of the fuel 
mix) and the independent variables (moisture content of wood and wood availability). This confirms that the full quadratic model, 
incorporating both moisture content of wood and wood availability, significantly impacts the total cost of the fuel mix. The p-values for 
the linear terms associated with the moisture content of wood and wood availability are both less than 0.01, signifying their significant 
influence on the cost of the fuel mix. Additionally, the p-value for the quadratic term related to the moisture content of wood is also less 
than 0.01, further supporting its substantial effect on the total cost. However, the quadratic term for wood availability has a p-value of 
0.756, indicating that it does not significantly affect the cost of the fuel mix.

The standard error (SE) measured the accuracy of the coefficient estimates, with smaller standard errors indicating more precise 
estimates. The 95 % confidence interval (CI) provided a range within which we can be 95 % confident that the true value of the 
coefficient lied. The variance inflation factors (VIFs) are also included in the table, with VIFs below 10 considered acceptable [67] to 

Table 4 
Simulation results for eucalyptus wood and macadamia nut shells.

Eucalyptus wood Macadamia nut shells Total cost of 
energy mix 
(USD)MC CV 

(MJ/ 
kg)

Availability 
(%)

Energy 
(MJ)

Mass 
(kg)

Cost 
(USD)

MC CV 
(MJ/ 
kg)

Availability 
(%)

Energy 
(MJ)

Mass of 
(kg)

Cost 
(USD)

0.13 16.49 0.72 13434 814.7 27.7 0.08 21.3 0.28 5240.8 246.09 25.11 52.82
0.13 16.47 0.69 12900 783.2 26.63 0.08 21.3 0.31 5774.8 271.16 27.67 54.31
0.13 16.46 0.88 16486 1001.5 34.05 0.08 21.3 0.12 2189.5 102.81 10.49 44.55
0.14 16.39 0.90 16763 1023 34.78 0.08 21.3 0.10 1912.3 89.8 9.16 43.96
0.16 16.02 0.59 11083 691.9 23.52 0.08 21.3 0.41 7592.7 356.52 36.38 59.91
0.23 14.71 0.84 15684 1066.3 36.26 0.08 21.3 0.16 2990.8 140.44 14.33 50.60
0.28 13.67 0.56 10449 764.1 25.98 0.08 21.3 0.44 8226.5 386.28 39.42 65.41
0.30 13.22 0.75 13991 1058.7 36 0.08 21.3 0.25 4684.1 219.95 22.44 58.46
0.31 12.77 0.98 18299 1432.9 48.72 0.08 21.3 0.02 375.9 17.65 1.80 50.54
0.36 12.15 0.67 12516 1029.8 35.01 0.08 21.3 0.32 6159.2 289.21 29.51 64.54
0.41 11.25 0.95 17657 1569.7 53.37 0.08 21.3 0.59 1018.7 47.83 4.88 58.27
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indicate no significant multicollinearity in the model. Furthermore, Table 5 presents the unstandardized coefficients of the coded 
factors B, showing the expected change in the response for a unit change in a factor value while keeping other factors constant. The 
coded variables are shown in equation (9), utilizing Response Surface Methodology (RSM), where θ is the moisture content of wood, α 
is wood availability, and C is the cost of the fuel mix. 

C=66.43 + 11.80 θ − 11.20 α + 3.93θα + 3.30 θ2 − 0.01α2 (9) 

This equation illustrates the relationship between the predictors and the response, emphasizing the significant contributions of the 
linear and interaction terms, with the quadratic term for wood availability deemed not significant.

Table 6 shows the predicted R2 of 0.9993 which closely aligns with the Adjusted R2 of 0.9993. This strong alignment indicates that 
the model parameters effectively explain the variation in the dependent variable, which is the total cost of the fuel mix. Therefore, the 
model holds significant practical value. Additionally, the low coefficient of variation of 0.3790 % suggests high precision and reli
ability of the experiment [54,55].

3.4.2. Response surface methodology
Response Surface Methodology (RSM) was utilized to optimize the biomass fuel mix by investigating the relationship between input 

variables moisture content and wood availability and output response fuel mix cost. This approach involved a methodical examination 
of the response surface with the objective of reducing costs. From the data that was stochastically generated in MATLAB, RSM enabled 
the determination of the ideal levels of moisture content and wood availability to achieve the most economical and effective biomass 
fuel mix. The analysis encompassed the creation of contour plots and response surfaces, which visually depicted the correlation be
tween the variables and the response, providing a clear understanding of how variations in the variables impact the results. Fig. 4
shows the contour of how wood availability and moisture content affect the total cost of the fuel mix. When wood availability is low, 
the usage of macadamia nutshells increases to compensate for the shortage, thereby raising the cost due to their higher price. Similarly, 
using wood with high moisture content also leads to a cost increase. This happens because more energy is consumed as latent heat of 
vaporization to reduce the moisture, necessitating the use of additional fuelwood to meet the minimum energy requirements for 
operating the boiler.

The resultant 3D response surface evaluating how various combinations of independent variables influence the desirability of the 
model are presented in Fig. 5. It was noted that the model’s desirability increased with a decrease in the moisture content of the 
fuelwood and an increase in its availability.

The study also included 3D response surface and contour plots to analyze how different combinations of independent variables 
affect the cost of the fuel mix as depicted in Fig. 6. It was observed that the cost increases with higher moisture content in the fuelwood 
and decreases with less availability of the fuelwood. This increase in cost is attributed to the higher consumption of fuelwood, needed 
to account for the latent water of vaporization of water and the greater use of macadamia nutshells to compensate for the energy 
deficit, which are costlier options.

3.5. Discussion

The economic assessment of biofuel supply chains conducted by Ref. [50] supports the economic validation of this study. Their 
analysis of the profitability of biofuel networks under varying biomass pricing conditions provides a context for comparing the current 

Table 5 
Regression analysis for the quadratic model predicting total cost of the fuel mix.

Source B SE B 95 % CI (LL-UL) SS df MS F-value p-value VIF Significance

Intercept 66.43 0.0166 66.40–66.46 75622.98 5 15124.60 231900 <0.0001 – Significant
Wood moisture Content (θ) 11.80 0.0155 11.76–11.83 37837.97 1 37837.97 580200 <0.0001 1.01 Significant
Wood availability (α) − 11.20 0.0165 − 11.23–− 11.17 30099.62 1 30099.62 461500 <0.0001 1.01 Significant
(θα) 3.93 0.0280 3.87–3.98 1279.53 1 1279.53 19620.17 <0.0001 1.02 Significant
(θ2) 3.30 0.0302 3.24–3.36 779.35 1 779.35 11950.52 <0.0001 1.01 Significant
(α2) − 0.01 0.0320 − 0.0728 – 0.0529 0.0063 1 0.0063 0.0967 0.756 1.01 Not Significant
Residual ​ ​ ​ 51.78 794 0.0652 ​ ​ ​ ​
Total ​ ​ ​ 75674.76 799 ​ ​ ​ ​ ​

Table 6 
Model properties.

Model properties Value

Mean 67.40
Std. deviation 0.2554
Coefficient of variation (%) 0.379
R-squared 0.9993
Adjusted R-squared 0.9993
Predicted R-squared 0.9993
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study’s findings on the cost-efficiency of using macadamia nut shells for biomass combustion. The results in this study align with their 
findings on supply chain cost dynamics, confirming the economic feasibility of optimized biomass utilization. Additionally [51], 
present a framework for managing changes in fuel mix within district heating systems, which is similar to the current study’s focus on 
optimizing biomass mix. The model prediction results from this study compares well with their findings on fuel mix efficiencies, 
demonstrating its effectiveness in real-world energy system applications. Regarding biomass combustion characteristics [52], provide 
insights into energy content variations and optimization strategies for biomass fuel mixtures. The calorific value and reactivity profiles 
of eucalyptus reported by Ref. [52] serve as benchmarks for analysis. By understanding how proximate and ultimate compositions 

Fig. 4. Effect of moisture content and wood availability on the fuel mix cost.

Fig. 5. The 3D surface for desirability, wood availability and moisture content of wood.
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influence these parameters, this study optimizes the proportions of macadamia nut shells to achieve desired energy outputs efficiently.

4. Conclusions

This study has successfully outlined an optimized biomass fuel mix strategy to tackle the issue of fuelwood scarcity in tea pro
cessing. The experimental findings demonstrate that macadamia nutshells exhibit a superior calorific value of 21,296.56 kJ/kg and an 
ideal moisture content range of 7.86–10 %, leading to enhanced energy efficiency compared to eucalyptus wood. The simulations have 
revealed crucial interdependencies; for example, a one-unit increase in moisture content correlates with an 18 % rise in fuel mix cost, 
while higher wood availability reduces costs by 17 %, emphasizing the need for a delicate cost management balance. The analytical 
outcomes, supported by robust regression analysis and RSM, have resulted in an optimized fuel mix that ensures economic and 
environmental sustainability. The highly predictive model, with an R2 value of 0.9995, confirms the significant impact of the studied 
variables on the energy mix cost. The inclusion of macadamia nutshells in the fuel mix has been quantitatively validated as a viable 
alternative, meeting the calorific requirements of tea processing while offering a cost-effective solution to the fuelwood challenge in 
the tea industry.
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[51] O. Putna, J. Kůdela, M. Krňávek, M. Pavlas, K. Ondra, Modelling of change in fuel mix within a district heating network, Energies 15 (8) (Apr. 2022) 2879, 

https://doi.org/10.3390/en15082879.
[52] Z. Cai, X. Ma, S. Fang, Z. Yu, Y. Lin, Thermogravimetric analysis of the co-combustion of eucalyptus residues and paper mill sludge, Appl. Therm. Eng. 106 (Aug. 

2016) 938–943, https://doi.org/10.1016/j.applthermaleng.2016.06.088.
[53] B.M. Esteves, H.M. Pereira, Wood modification by heat treatment: a review, BioRes 4 (1) (Dec. 2008) 370–404, https://doi.org/10.15376/biores.4.1.370-404.
[54] M.M. Hasan, M.G. Rasul, M.I. Jahirul, M.M.K. Khan, Fast pyrolysis of macadamia nutshell in an auger reactor: process optimization using response surface 

methodology (RSM) and oil characterization, Fuel 333 (Feb. 2023) 126490, https://doi.org/10.1016/j.fuel.2022.126490.
[55] K. Olale, A. Yenesew, R. Jamnadass, A. Sila, K. Shepherd, A simple field based method for rapid wood density estimation for selected tree species in Western 

Kenya, Scientific African 5 (Sep. 2019) e00149, https://doi.org/10.1016/j.sciaf.2019.e00149.
[56] A. Wechsler, et al., Macadamia (Macadamia integrifolia) shell and castor (Rícinos communis) oil based sustainable particleboard: a comparison of its properties 

with conventional wood based particleboard, Mater. Des. 50 (Sep. 2013) 117–123, https://doi.org/10.1016/j.matdes.2013.03.008.
[57] B. Esteves, A.V. Marques, I. Domingos, H. Pereira, Influence of steam heating on the properties of pine (Pinus pinaster) and eucalypt (Eucalyptus globulus) 

wood, Wood Sci. Technol. 41 (3) (Mar. 2007) 193, https://doi.org/10.1007/s00226-006-0099-0.
[58] L.O. Cortat, N.C. Zanini, R.F.S. Barbosa, A.G. De Souza, D.S. Rosa, D.R. Mulinari, A sustainable perspective for macadamia nutshell residues revalorization by 

green composites development, J. Polym. Environ. 29 (10) (Oct. 2021) 3210–3226, https://doi.org/10.1007/s10924-021-02080-y.
[59] M. Wróbel, J. Hamerska, M. Jewiarz, K. Mudryk, M. Niemczyk, Influence of parameters of the torrefaction process on the selected parameters of torrefied woody 

biomass, in: K. Mudryk, S. Werle (Eds.), Renewable Energy Sources: Engineering, Technology, Innovation, Springer International Publishing, Cham, 2018, 
pp. 691–700, https://doi.org/10.1007/978-3-319-72371-6_68. Springer Proceedings in Energy.

[60] C. Mendoza-Martinez, et al., Fast oxidative pyrolysis of eucalyptus wood residues to replace fossil oil in pulp industry, Energy 263 (Jan. 2023) 126076, https:// 
doi.org/10.1016/j.energy.2022.126076.

[61] I. Mansuri, R. Farzana, R. Rajarao, V. Sahajwalla, Carbon dissolution using waste biomass—a sustainable approach for iron-carbon alloy production, Metals 8 
(4) (Apr. 2018) 290, https://doi.org/10.3390/met8040290.

[62] S.O. Bada, R.M.S. Falcon, L.M. Falcon, M.J. Makhula, Thermogravimetric investigation of macadamia nut shell, coal, and anthracite in different combustion 
atmospheres, J. S. Afr. Inst. Min. Metall 115 (8) (Aug. 2015) 741–746, https://doi.org/10.17159/2411-9717/2015/v115n8a10.

[63] B.L.C. Pereira, A.C. Oliveira, A.M.M.L. Carvalho, A.D.C.O. Carneiro, L.C. Santos, B.R. Vital, Quality of wood and charcoal from Eucalyptus clones for ironmaster 
use, International Journal of Forestry Research 2012 (2012) 1–8, https://doi.org/10.1155/2012/523025.

[64] F. Fan, Z. Yang, H. Li, Z. Shi, H. Kan, Preparation and properties of hydrochars from macadamia nut shell via hydrothermal carbonization, R. Soc. Open Sci. 5 
(10) (Oct. 2018) 181126, https://doi.org/10.1098/rsos.181126.

[65] I. Rosyadi, N.K. Caturwati, A. Fauzi, Effect of water content on characteristics fuel from the municipal solid waste through the pyrolysis process, r.e.m 5 (2) (Feb. 
2021) 9–16, https://doi.org/10.21070/r.e.m.v5i2.974.

[66] E.K. Kipyego, Optimization of biomass use and performance as an industrial fuel: experimental study, Thesis, 2013 [Online]. Available: http://localhost/xmlui/ 
handle/123456789/734. (Accessed 20 May 2024).

[67] R.M. O’brien, A caution regarding rules of thumb for variance inflation factors, Qual Quant 41 (5) (Sep. 2007) 673–690, https://doi.org/10.1007/s11135-006- 
9018-6.

V.K. Ngunzi et al.                                                                                                                                                                                                      Heliyon 10 (2024) e40875 

13 

http://refhub.elsevier.com/S2405-8440(24)16906-X/sref49
http://refhub.elsevier.com/S2405-8440(24)16906-X/sref49
https://www.ethicalteapartnership.org/wp-content/uploads/2019/09/Thermal-Training-manual-new.pd
https://www.ethicalteapartnership.org/wp-content/uploads/2019/09/Thermal-Training-manual-new.pd
https://doi.org/10.3390/en11071680
https://doi.org/10.3390/en11071680
http://refhub.elsevier.com/S2405-8440(24)16906-X/sref52
http://refhub.elsevier.com/S2405-8440(24)16906-X/sref53
https://doi.org/10.1080/24725854.2020.1869870
https://doi.org/10.3390/en15082879
https://doi.org/10.1016/j.applthermaleng.2016.06.088
https://doi.org/10.15376/biores.4.1.370-404
https://doi.org/10.1016/j.fuel.2022.126490
https://doi.org/10.1016/j.sciaf.2019.e00149
https://doi.org/10.1016/j.matdes.2013.03.008
https://doi.org/10.1007/s00226-006-0099-0
https://doi.org/10.1007/s10924-021-02080-y
https://doi.org/10.1007/978-3-319-72371-6_68
https://doi.org/10.1016/j.energy.2022.126076
https://doi.org/10.1016/j.energy.2022.126076
https://doi.org/10.3390/met8040290
https://doi.org/10.17159/2411-9717/2015/v115n8a10
https://doi.org/10.1155/2012/523025
https://doi.org/10.1098/rsos.181126
https://doi.org/10.21070/r.e.m.v5i2.974
http://localhost/xmlui/handle/123456789/734
http://localhost/xmlui/handle/123456789/734
https://doi.org/10.1007/s11135-006-9018-6
https://doi.org/10.1007/s11135-006-9018-6

	Optimization of economics of biomass fuel mix for boilers in tea processing through response surface methodology
	1 Introduction
	2 Materials and methods
	2.1 Experimental procedures
	2.1.1 Biomass characterization
	2.1.2 Proximate analysis
	2.1.3 Ultimate analysis
	2.1.4 Calorific value analysis

	2.2 Simulation procedures
	2.2.1 Mathematical modelling
	2.2.2 Simulation model in MATLAB environment
	2.2.3 Cost and energy output calculations

	2.3 Analytical procedures
	2.3.1 Regression analysis
	2.3.2 Response surface methodology

	2.4 Model validation

	3 Results and discussion
	3.1 Biomass characterization
	3.2 Proximate ultimate and calorific value analyses
	3.3 Simulation
	3.3.1 Mathematical modeling and stochastic simulation

	3.4 Analytical results
	3.4.1 Regression analysis
	3.4.2 Response surface methodology

	3.5 Discussion

	4 Conclusions
	CRediT authorship contribution statement
	Declaration of generative AI and AI-assisted technologies in the writing process
	Declaration of competing interest
	Acknowledgements
	References


