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Abstract

The higher heating value (HHV) is a critical thermodynamic parameter for characterising biomass fuel
quality and bioenergy system design. However, direct experimental determination of HHV is laborious,
cost-intensive, and time-consuming, creating a practical need for accurate, accessible predictive
alternatives. This study develops and validates novel proximate analysis-based regression models for
reliable HHV estimation across diverse lignocellulosic biomass feedstocks. A comprehensive dataset of
210 biomass samples was assembled, combining experimental proximate analysis data from 10 carefully
selected lignocellulosic biomass species with 200 complementary data sourced systematically from peer-
reviewed literature. Multiple regression models were developed using Minitab and R statistical
computing environments, with volatile matter, fixed carbon, moisture, and ash content as independent
predictive variables. Model performance was rigorously evaluated against established statistical
indicators including Average Absolute Error (AAE), Average Bias Error (ABE), and Root Mean
Squared Error (RMSE), benchmarked against existing correlations from the literature. Two regression
models were developed and comparatively evaluated. Model 2 demonstrated superior predictive
performance over Model 1, achieving AAE, ABE, and RMSE values of 0.80%, 8.25%, and 1.33%,
respectively as compared to 1.06 %, 6.23 % and 1.56 % for model 1. With higher ABE values
confirming the model fit .Both models estimated HHV within a maximum error threshold of 10%, with
Model 2 exhibiting consistently lower deviation across the full compositional range of the dataset,
confirming its robustness and generalizability across diverse biomass types. The validated proximate
analysis-based models presented in this study provide accurate, computationally simple, and
experimentally accessible tools for HHYV estimation of lignocellulosic biomass feedstocks. By
eliminating the need for expensive calorimetric equipment, these models offer significant practical value
for bioenergy researchers, process engineers, and industrial practitioners involved in biomass fuel
characterisation, combustion system design, and renewable energy feasibility assessments —
particularly in resource-limited settings where advanced analytical infrastructure are unavailable.
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INTRODUCTION

The use of biomass as a renewable energy source has attracted significant attention due to its
potential to address environmental concerns and lessen reliance on fossil fuels. Biomass
energy is a sustainable and clean energy source, crucial for the low-carbon transition of the
energy system (Feng et al., 2026).

Estimating the HHV of biomass remains difficult despite its importance as a measure of
energy potential. HHV is influenced by factors such as moisture content (MC), ash content
(AC), and species characteristics. Existing predictive models are often too narrow or
inaccurate across different biomass types (Devara et al., 2025). Rising global energy demand,
fossil fuel depletion, and environmental concerns are driving the search for alternative energy
sources (Zhang, 2024). Biomass stands out as a promising option because it is widely available
and considered nearly carbon-neutral, with emissions from combustion roughly balanced by
carbon uptake during growth (Chowdhury et al., 2025). These advantages make biomass an
important component of efforts to reduce greenhouse gas emissions and diversify the global
energy mix.

The HHV is the most critical factor in assessing biomass fuel quality, as high HHV yields more
energy (Ozyuguran et al., 2015). It is vital for catalytic conversion processes, catalyst design,
and selecting suitable reaction parameters (Feng et al., 2026). Biomass feasibility studies often
include analysing the composition of raw materials through proximate and ultimate chemical
analyses. Various HHV prediction correlations for specific biomass have been established
based on characterisation data from different organic materials, including fossil fuels like coal
and various biomass residues from diverse regions (Mahmut ef al., 2024).

However, accurately estimating the HHV of biomass species remains challenging.
Experimentally, HHV can be measured using an adiabatic bomb calorimeter, but this
equipment can be costly, time-consuming, and require expertise, which may not always be
available (Wei et al., 2025). Therefore, developing reliable empirical models using data from
simpler experiments becomes necessary.

Despite extensive research on biomass energy, comprehensive predictive models for
estimating the HHV of biomass species are lacking or biomass-specific, resulting in
inaccuracies in energy yield estimates. This paper aims to develop and validate predictive
models for estimating HHVs of several lignocellulosic biomass as a single species or in
combination with other biomass species.

via proximate analysis.

MATERIALS AND METHODS

Sample Collection

The biomass species for this research were leaves of the 10 most common and readily available
experimental samples in the sampling area, the premises of Usmanu Danfodiyo University,
Sokoto (UDUS), Nigeria. The samples were made up of forestry biomass comprising
eucalyptus (EU), African mahogany (AM), baobab (BB), shortleaf fig (SL), apple ring acacia
(AR), sacred fig (SF), Madagascar almond (MA), large jujube (L]), desert date (DD) and mango
(MN) leaves. Also, 200 datasets compiled from open literature were collected in semi-
structured form. Hence, a total of 210 data points were used, with all missing data and
duplicate values removed.
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Sample Preparation

The samples were obtained and authenticated at the Herbarium Unit, Department of Plant
Science, UDUS. Fresh leaves of the biomass species were thoroughly and separately washed
with distilled water. Afterwards, the leaves were dried in the oven by exposing them to a
constant temperature of 45°C for 3-4 days until the moisture content was less than 10% on a
dry basis. The leaves were then ground into using a dried ceramic pestle and mortar. The
ground biomass was passed through a 0.5 mm sieve and thereafter stored in airtight
containers (Sanchumpu et al., 2024).

Determination of Proximate Composition of Selected Biomass

The proximate composition of the samples was determined in accordance with the method of
Association of Official Analytical Chemists (AOAC) 2023 and ASTM standards. These
include, respectively, the determination of AC, MC, VM, and FC using AOAC 942.05, 930.15,
ASTM E870 and the equation:

FC (%) =100 — (MC(%) + AC (%) + VM (%)) 1)

In proximate analysis, MC, AC, VM, and FC are not independent variables. They are
constrained by the mass balance shown in Equation (1):

Thus, once three of the parameters are known, the fourth is automatically determined. This
creates perfect multicollinearity. Adding all four in a regression model will make the model
statistically unstable and the coefficients non-identifiable. Hence, to avoid that redundancy,
empirical HHV models typically use three variables at most, or collapse the model further to
two dominant predictors, often VM and AC, or FC and AC (Jiang et al., 2025).

Determination of Higher Heating Values

The HHYV of the samples was determined according to ASTM D5865-19 using an adiabatic
bomb calorimeter model Parr 6400 series. The calorimeter’s heat capacity was determined
through the combustion of benzoic acid as the primary calibration standard. Duplicate
analyses were made for every sample.

Data Cleaning and Standardisation

Missing values in the literature-derived dataset were imputed using the median. The median
was preferred over the mean because the distributions of key proximate analysis variables
were skewed and potentially contained outliers, which could bias mean estimates. Median
imputation provides a robust measure of central tendency under such conditions and
preserves the dataset's distributional integrity without introducing extreme values.
Additionally, the proportion of missing data was relatively low, making single imputation a
practical and computationally efficient approach that does not substantially distort overall
trends.

Data Analysis

Exploratory Data Analysis (EDA) using scatter plots and histograms was used to visualise the
relationships between variables and terms to identify potential patterns. Correlation Analysis
was conducted in accordance with the approach of (Brandi¢ et al., 2024) and , and the
correlation coefficient was calculated to understand the relationships between proximate
analysis variables and HHVs. Pearson correlation was used to determine the relationship
between the proximate composition and the HHVs of the biomass. The analysis involved
deriving correlation equations with varying goodness-of-fit values through linear regressions
applied to the final analysis data using Minitab statistical software and using Equation (2).
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Where X and Y are the values, while X; and Y; are the means of the variables.

Derivation of the Model
The results of the proximate analysis and HHVs of the compiled datasets were used to
generate linear regression correlations in accordance with the approach established by (Jiang
et al., 2025). The correlation indicates the influence and effect of the proximate composition on
the HHVs of the biomass material. To formulate the equation for computing the HHV from
proximate analysis, HHV is assumed to be a function of MC, AC, VM and FC as indicated in
Equation (3).

HHV = a + y; FC +y,VM + y3AC + y,MC 3)
Where a is a constant, y1, y2, y3, and yi are coefficients of multiple regressions to be determined
by experimental results from proximate analysis.
The equations generated were solved using the R software. After ensuring the data met the
assumptions, the compiled dataset was divided into training and testing subsets. Based on the
relative sizes of the two data sets, the expected complexity of the models, and the need to test
the models accurately as recommended by Sivakumar et al., (2024), the data set were divided
into
70% for training and 30% for testing.
The training dataset was used to develop the linear regression model. The suitability of the
model was assessed using different performance metrics. Four performance metrics, namely
the coefficient of determination (R2?), Root-Mean-Squared Error (RMSE), Average Absolute
Error (AAE), and Average Bias Error (ABE), were tested. R? was employed as a parameter to
quantify the accuracy of the correlation.

Z{l: value M- value P
R = 12?=1 value M (4)

Where M and P represent the measured and predicted values, respectively.
RMSE = \/ (1/n) Y1 (value M — value P )2 (5)

ABE was evaluated such that positive values are rated higher, indicating a better fit, whereas
negative values suggest a somewhat lower fit. The smaller the value of the ABE, the smaller
the bias of the correlation.

_ 1 on [valueP-valueM
ABE = n “i=1 [ value M ]

Where n is the number of observations.

(6)

RESULTS AND DISCUSSION

Figure 1 presents the results of the proximate analysis. MC of the 10 different biomass species
ranges from 6.5% (desert date) to 10.5% (baobab). Lower MC values, such as in desert date
(6.5%), indicate high HHV and reduced drying costs. On the other hand, higher moisture
content in Baobab (10.5%) may necessitate pre-drying before energy conversion.
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Figure 1: Proximate analysis distribution of selected Biomass Species

The VM was found to be within the range of 52.70 to 71.5%. Madagascar almond, with the
highest volatile matter (71.5%), is expected to yield a significant quantity of bio-oil and syngas,
making it suitable for energy applications requiring high-efficiency gasification. Conversely,
eucalyptus, with lower VM (52.7%), is more appropriate for processes like slow pyrolysis,
where char yield is prioritised. Sukarta et al., (2023) reported a high volatile matter of 71.05%
in a study where wood waste biomass was used as fuel by turning it into fuel pellets. The
observed FC ranges from 12.9% to 31.3%. Eucalyptus, with the highest FC (31.3%),
demonstrates excellent potential for producing high-quality char or briquettes. Madagascar
almond, with lower FC (12.9%), is more suitable for processes prioritising liquid and gaseous
fuel production. FC influences the emissions produced during combustion, such as carbon
monoxide and particulate matter.

Figure 2 shows the HHV of the selected species. The HHV ranged from 16.72 to 20.72 MJ / kg,
with the highest value recorded for Eucalyptus and the lowest for Madagascar almond. These
results align with the typical HHV range for lignocellulosic biomass reported in the literature,
which generally falls between 15 MJ/kg and 21 MJ/kg and as reported by Posadas et al.
(2020), who reported that the HHVs of Napier grass and wild sugarcane ranged from
15.75M] / kg to 19.98 MJ /kg.
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Figure 2: Measured Higher Heating Values (HHV) of selected Biomass

The variations in HHV are attributed to differences in the proximate composition of the
biomass samples, specifically MC, VM, AC, and FC. The observed data in this study indicate
a strong positive correlation between HHV and FC content (R? = 0.85). Eucalyptus exhibited
the highest FC content (31.3%) alongside the highest HHV (20.72 MJ/kg). This trend is
consistent with findings from Basu et al. (2013), where FC was highlighted as a primary
determinant of the calorific value of biomass. AC negatively influenced HHV.
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Figure 3: Normality Plots of the selected Biomass Species: (a) FC, (b) VM, (c) AC and (d) MC
Lignocellulosic biomass species with higher AC, such as Mangifera indica (7.5%),

demonstrated lower HHV (17.38 MJ /kg). The value for SF (17.77 MJ /kg) falls within the range
reported for softwood species, confirming the validity of the experimental approach. Hamza
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et al., (2023) had reported that the HHV of different biomass types is between 16.75 and 19.73
M]/kg in a study evaluating the model performance of selected biomass species.

Figures 3a-d show the probability plot of FC, VM, AC and MC, respectively. A normality test
was carried out using Minitab to assess the distribution of the data set before further analysis.
The probability plot of MC has a mean value of 8.68 and a standard deviation of 1.383. The
same trend is observed in the AC, FC, and VM plots, with P-values of 0.689, 0.768, and 0.009,
respectively. Hence, only the VM shows a meaningful statistical effect.

Figure 4 shows the correlation matrix of the selected biomass species. Correlation analysis is
used to check the relationship that exists between the parameters. Pearson correlation analysis
was employed to check the strength of the relationship existing between the parameters.
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Figure 4: Correlation Matrix plot of selected Biomass Species

MC revealed a 0.501 correlation with AC, indicating that higher MC is associated with an
increase in ash content, possibly because both reflect non-combustible components of the
biomass. A weak positive correlation of 0.183 with HHV, which suggests that moisture has a
minimal impact on HHV, though the relationship may be indirect. The weak negative
correlation with %VM of -0.123 indicates that the moisture slightly reduces the VM
percentage, possibly due to a dilution effect, giving a weak negative correlation with VM. A
negative correlation was also observed with %FC (-0.226). In the same regard, AC revealed a
weak negative correlation with HHV, VM and FC of -0.196, -0.029 and -0.256, respectively.
AC, being non-combustible, slightly reduces the HHV. It also has no significant impact on
VM. It was observed that higher ash levels reduce FC, aligning with its role as non-
combustible residue.

A strong negative correlation was observed between HHV and VM of -0.789. Higher volatile
matter significantly decreases heating value because it contributes less energy compared to
fixed carbon during combustion. In the same regard, a strong positive correlation with FC
(0.718). Further, a strong negative correlation of -0.914 with FC indicates a trade-off between
VM and FC, with the FC showing a strong relationship with HHV of 0.718. The result confirms
that FC is a primary contributor to HHV, emphasising its importance in determining biomass
quality for energy applications.
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The model equations are presented in Table 1. Model 1 was developed from the 10
experimental samples, while model 2 was developed using a literature data set comprising
200 biomass species of different classifications.

Table 1: Correlation Model of selected Biomass Species

S/No. Models % ABE %RMSE %AAE
1. HHYV =30.76 - 0.1891 VM MJ/kg) 6.23 1.56 1.06
2. HHV =14.21 + 0.2299FC - 0.1037AC MJ/kg) 8.25 1.33 0.80

RMSE was calculated to be 0.85, which is similar to the findings of Qian et al., (2020) with
RMSE of 0.932. The ABE was obtained as 6.23% and 8.25% for models 1 and 2 respectively.
Higher ABE values confirm the model fit. A positive ABE value indicated that the average
calculated HHV value was lower than the measured. The correlation's deviation decreases as
the ABE's absolute value decreases.

The regression coefficient analysis is presented in Table 2. The equation is a multiple linear
regression with HHV as the independent variable, while MC, FC, AC and VM are the
dependent variables. From the analysis, for Model 1, VM was found to be the most significant
parameter influencing the HHV. Constant (Intercept), which is the estimated value of the
dependent variable when % VM is equal to zero, was found to be 30.76.

Table 2: Regression Coefficient of the developed Models

Model Coefficients Standard t-statistics value P-value
number error (SE)
constant 30.76 341 9.02 0.000
1 VM 0.1891 0.0521 -3.6300 0.007
Constant 14.21 1.95 11.43 0.000
2 FC 0.2299 0.0293 3.34 0.007
AC -0.1037 0.0525 7.2300 0.000

This represents the baseline value of the dependent variable before considering the effect of
% VM. Coefficient of VM equals -0.1891. This is also the slope of the regression line, indicating
how the dependent variable changes as VM changes. The constant, SE, was recorded to be
3.41, representing the uncertainty in the estimate of the constant. A standard error of 3.41
suggests some variability. The standard error for the %VM coefficient is 0.0521, which
indicates the degree of variability in the slope estimate for % VM. For Model 2, both FC and
AC were found to be significant.

In this analysis, the t-value for the constant is 9.02, which is quite high, suggesting that the
constant is statistically significant. This means the intercept is significantly different from zero
and is an important part of the model. The t-value for %VM is -3.63, which is also high. This
also provides evidence that the coefficient for %VM is significantly different from zero. The
p-value for % VM is 0.007, which is lower than the commonly used significance level of 0.05.
Table 3 shows the goodness of fit of the developed models. The standard error of coefficients
(SE) measures the precision of the estimated coefficients. A smaller standard error indicates
more precise estimates. Thus, Model 2, with a lower SE OF 0.1465 as compared to the SE of
0.8226 of Model 1, is a better predictive model for predicting the HHV of lignocellulosic
biomass. An R? of 62.20% means that 62.2% of the variation in the dependent variable can be
explained by the independent variable (% VM) in this model. While this is a relatively strong
relationship, it also means that 37.8% of the variation is unexplained, which could be due to
other factors not included in the model, more especially the sample size.
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Table 3. Goodness of Fit Analysis of the Developed Model

Model Number R R2 (%) R2(qj) (%) SE
1 0.567 62.20 57.47 0.8228
2 0.497 78.22 65.47 0.1465

The reported R2 and adjusted R2 values in this range using different equations to test for the
best fit model. The adjusted R-squared accounts for the number of predictors in the model
and provides a more accurate measure of fit, especially when multiple predictors are
involved. Augusto et.al., (2023). In this analysis, 57.47% adjusted R? suggests that, after
considering the number of predictors, the model still explains a significant portion of the data
set, which was partitioned into training and testing subsets in a ratio of 80 to 20.

The parity plot, as shown in Figure 5, compares the experimental and predicted HHV by the
models for the 10 experimental samples. The plot shows that the predicted HHVs are within
10% of the experimental data. Most of the HHV values in the Figure consistently fall close to,
but below, the parity line. Hence, the models generally predicted HHV values lower than the
experimental values with less than 10% deviation.

The developed HHV models demonstrate practical utility for the rapid estimation of biomass
energy potential, particularly in scenarios where calorimetric measurements are impractical.
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Figure 5. Parity plot for HHV of biomass species.

However, the relatively small sample size limits the statistical robustness and generalizability
of the models, with an increased risk of overfitting and unstable regression coefficients. The
absence of external validation further constrains confidence in the predictive performance
when applied to independent biomass datasets. Finally, the lack of comparative analysis with
existing published models restricts the ability to benchmark performance and assess the
relative contribution of the proposed models.

CONCLUSION

The study developed regression-based models for estimating the HHV of lignocellulosic
biomass using proximate analysis parameters (MC, VM, AC, and FC). The achieved
prediction errors below 10% and demonstrating their utility as rapid, low-cost tools for
biomass energy assessment and preliminary process design is novel. The experimentally
determined HHVs (17.38-20.72 MJ/kg) were consistent with typical biomass values,
supporting the reliability of the dataset and model trends. However, the relatively small
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experimental sample size limits statistical robustness and generalizability. Also, the absence
of comparison with existing published models makes it difficult to benchmark performance
and novelty. Additionally, the lack of external validation constrains confidence in the model’s
applicability to independent datasets. Future research should incorporate larger and more
diverse biomass samples, perform external validation using independent datasets, and
systematically compare model performance with established correlations. Overall, the models
provide a useful foundation for rapid HHV estimation, but further validation and
benchmarking are necessary to confirm their broader applicability and reliability.
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