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ABSTRACT
The thermal decomposition kinetics and thermodynamics of Syagrus romanzoffiana 
waste rachis fibers (SrWRFs) were investigated through thermogravimetric analysis in 
a nitrogen atmosphere at heating rates (β) of 30, 40, and 50°C/min. The Coats–Redfern 
method was employed to determine kinetic parameters, including activation energy (Ea), 
pre-exponential factor (A), and reaction mechanisms. In contrast, thermodynamic prop
erties such as enthalpy change (ΔH), Gibbs free energy (ΔG), and entropy change (ΔS) 
have been derived to evaluate the energy requirements and spontaneity of the pyrolysis 
process. A three-parallel Gaussian reaction model was employed to deconvolute the 
degradation profiles of hemicellulose, cellulose, and lignin, revealing distinct tempera
ture intervals for each component: hemicellulose (200–345°C), cellulose (305–398°C), 
and lignin (220–650°C), with high fitting accuracy (R2 ≥ 0.99537). The kinetic analysis 
identified sigmoidal rate (SR) models (SR6, SR7, and SR8) as the most suitable, yielding Ea 
values ranging from 97.31 to 262.11 kJ/mol, which increased with higher heating rates. 
Thermodynamic results indicate that SrWRF pyrolysis is endothermic (ΔH > 0) and non- 
spontaneous (ΔG > 0), with negative entropy changes (ΔS) suggesting an increase in 
molecular order among the degradation products. The kinetic compensation effect was 
confirmed, demonstrating a linear relationship between lnA and Eₐ.

摘要
通过在氮气气氛中以30、40和50°C/min的加热速率 (β)进行热重分析，研究了罗马冷 
杉废纤维 (SrWRFs)的热分解动力学和热力学. 采用Coats-Redfern方法确定动力学参 
数，包括活化能 (Ea)、指数前因子 (A)和反应机理. 相比之下，已经推导出了焓变 
(ΔH)、吉布斯自由能 (ΔG)和熵变 (ΔS)等热力学性质，以评估热解过程的能量需求和 
自发性. 采用三平行高斯反应模型来解卷积半纤维素、纤维素和木质素的降解曲线， 
揭示了每种成分的不同温度区间: 半纤维素 (200-345°C)、纤维素 (305-398°C)和木质素 
(220-650°C)，拟合精度很高 (R2 ≥0.99537). 动力学分析确定S形速率 (SR)模型 (SR6、 
SR7、SR8)是最合适的，Ea值范围为97.31至262.11 kJ/mol，随着加热速率的增加而增 
加. 热力学结果表明，SrWRF热解是吸热的 (ΔH > 0)和非自发的 (ΔG > 0)，负熵变 (ΔS) 
表明降解产物之间的分子顺序增加. 动力学补偿效应得到证实，表明lnA和E之间存在 
线性关系a.
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Introduction

The increasing global energy demands and the ongoing depletion of conventional fuel sources underline the 
urgent necessity for sustainable and environmentally friendly energy alternatives (Bongomin, Nziu, and 
Akgül 2022). The consumption of fossil fuels must be systematically regulated due to their limited 
availability and substantial environmental impacts, including global warming and air pollution. In this 
context, lignocellulosic biomass waste, a renewable byproduct of agriculture, forestry, and production 
activities, has gained prominence as a viable energy source (Ferfari et al. 2024; Reddy et al. 2023). 
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Conventional waste treatment methods, including disposal techniques such as landfills and incineration, 
have substantial ecological disadvantages. Landfills occupy a considerable amount of land and pose a risk of 
contaminating soil and water resources due to leaching from waste deposits (Abdel-Shafy and Mansour  
2018; Abubakar et al. 2022). Meanwhile, incineration releases hazardous pollutants, including greenhouse 
gases, which worsen air quality and raise public health concerns (Ferronato and Torretta 2019). While 
biomass waste can serve as an energy source, its high oxygen and moisture content result in a low energy 
density (Vyazovkin and Muravyev 2024). To address this limitation, thermochemical conversion processes, 
such as pyrolysis and combustion, are utilized to transform raw biomass into higher-quality fuels and 
valuable chemical intermediates (Ashraf et al. 2023; Azam et al. 2024). The increasing industrial and 
scientific interest in biomass-derived energy has heightened the need to comprehend its micro-scale 
thermochemical behavior (Zhong et al. 2023; Zhu et al. 2021). Predicting thermal degradation kinetics 
across a broad range of heating rates (β) remains a challenge, especially in microgravimetric analysis (Ding 
et al. 2023). Addressing these gaps is crucial for optimizing biomass conversion technologies and advancing 
renewable energy solutions.

The thermal decomposition of biomass has been studied using both model-free and model-fitting kinetic 
approaches (Fischer, Lemaire, and Bensakhria 2024; Najafi, Rezaei Laye, and Sobati 2024; Steven et al.  
2024). Thermal decomposition kinetics is often evaluated using model-free techniques, notably the Flynn– 
Wall–Ozawa, Friedman, Starlink, and Kissinger–Akahira–Sunose methods (Arumugam and Ganesan 2024; 
Y. Wang et al. 2024a). Alternatively, model-fitting approaches such as the direct Arrhenius method (Kumar 
Shrivastava and Prasad Chakraborty 2024), the Coats–Redfern method (CRM) (Hadou et al. 2024a), the 
Kennedy–Clark method (B. Li et al. 2024), the Criado master plot (CMP) (Choudhary et al. 2024; B. Y. Li 
et al. 2023), and the Distributed Activation Energy Model are also widely used (Choudhary et al. 2024; 
B. Y. Li et al. 2023). Model-free methods enable kinetic analysis without assuming a specific reaction 
mechanism; however, they typically require large datasets (Hadou et al. 2025). In contrast, model-fitting 
techniques such as the CRM offer a more straightforward approach by assuming a first-order reaction and 
using a linearized Arrhenius equation to estimate the activation energy (Ea) and the pre-exponential factor 
(A) from thermogravimetric analysis (TGA) data. This characteristic makes them valuable for initial kinetic 
studies (Choudhary et al. 2024; B. Y. Li et al. 2023).

The industrialization of biomass pyrolysis requires a comprehensive kinetic and thermodynamic analy
sis. Kinetic parameters – Eₐ, A, and reaction order – enable optimized reactor design (Ascher, Watson, and 
You 2022; Clemente-Castro et al. 2023Nasfi, Carrier, and Salvador 2022), process control (Gupta et al. 2024; 
Lei et al. 2023), and improved energy efficiency (Liu et al. 2024; Osman, Nasr, et al. 2024; Zhang et al. 2024). 
Thermodynamic properties – enthalpy (ΔH), entropy (ΔS), and Gibbs free energy (ΔG) – predict product 
yields (Amoloye, Abdulkareem, and Adeniyi 2023), guide heat recovery (Amoloye, Abdulkareem, and 
Adeniyi 2023), and assess feedstocks (Osman, Fang, et al. 2024; Vanisree, Chandran, and Aparna 2024). 
Integrating these approaches enhances pyrolysis technology, improves process efficiency, and facilitates 
sustainable scale-up (Osman, Fang, et al. 2024; Vanisree, Chandran, and Aparna 2024). This integrated 
framework enhances reactor optimization and the commercial viability of biomass conversion systems.

Integrating kinetic and thermodynamic analysis optimizes biomass pyrolysis by enhancing predictive 
reactor modeling (Lingamdinne et al. 2024), facilitating techno-economic evaluations that balance reaction 
rates and energy demands (Dai et al. 2024), and developing efficient conversion systems that maximize 
yields while minimizing energy consumption (Lalaymia et al. 2025). This approach accelerates the com
mercialization of waste-to-value technologies, promotes circular economies, and reduces reliance on fossil 
fuels (Nath 2024, Samuel Olugbenga et al. 2024). Continued refinement of these methodologies remains 
essential for developing sustainable biorefineries and achieving global decarbonization targets 
(V. K. Kumar, Hallad, and Panwar 2024; Rashd et al. 2024), underscoring the importance of fundamental 
research in driving practical solutions for renewable energy and waste valorization.

Studies have thoroughly examined the thermal decomposition behavior and kinetic parameters of 
different types of biomass in both oxygen-rich and inert environments (Elmay et al. 2016). Among the 
kinetic parameters, Eₐ is acknowledged as the most critical factor influencing biomass reactivity (Mian et al.  
2019a). Research on date palm residues has revealed considerable variability in kinetic parameters, stem
ming from differences in experimental methodologies, operating conditions, and β values. This variability 
complicates comparisons across various studies (El May et al. 2012).
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Chen et al. (Chen, Li, Xu, et al. 2019) investigated the pyrolysis of micron-scale poly(methyl 
methacrylate) (PMMA) waste using thermogravimetry (TG) at various β values (5–40°C/min). By 
using isoconversional and model-fitting methods (i.e., CRM), they found that the degradation follows 
the kinetic model g(α) = (1 - α)−1/2 − 1. Ea (243.69 kJ/mol) and A (1.19 × 1019 min−1) were signifi
cantly higher than those of conventional PMMA, highlighting the influence of particle size. The 
model accurately predicted pyrolysis behavior, offering valuable insights into the recycling of PMMA 
waste.

Raza and Abu-Jdayil (Raza and Abu-Jdayil 2023) investigated the co-pyrolysis of date palm seeds and 
cashew nut shells at a β of 10°C/min using TG. A 50:50 mix showed a 9% lower Ea than pure cashew shells, 
indicating synergy. Decomposition occurred through diffusion mechanisms (DMs), resulting in stable 
biochar with enhanced energy efficiency. Although the process was endothermic and non-spontaneous, 
the researchers demonstrated the potential to convert agricultural waste into valuable products through 
pyrolysis, offering sustainable resource recovery solutions for arid regions.

Bongomin et al. (Bongomin et al. 2024) investigated the breakdown of five types of biomass waste 
using TGA and identified three stages: drying, devolatilization, and char formation. The macadamia 
nutshell exhibited the highest reactivity, showing the earliest devolatilization at 175°C and a peak at 
380°C. In contrast, the coffee husk displayed the lowest Ea (60.59 kJ/mol) and the best spontaneity, with 
ΔG = 148.34 kJ/mol. Reactivity indices ranked macadamia nutshell as the most reactive and rice husk as 
the least reactive.

Lalaymia et al. (Lalaymia et al. 2024) investigated the pyrolysis characteristics of Agave americana flower 
stalk (FSAa) fibers using TGA at a β of 5–20°C/min with CRM. The multi-stage decomposition demon
strated high accuracy (R2 > 0.99), with Ea values ranging from 83.6 to 210.1 kJ/mol. Negative entropy values 
indicated an ordered transition state during degradation.

The thermal decomposition behavior of Syagrus romanzoffiana waste rachis fibers (SrWRFs) under 
various processing conditions has received limited attention in recent research, particularly in terms of 
determining kinetic parameters and decomposition pathways. This pioneering work addresses the knowl
edge gap through systematic TGA of SrWRF samples subjected to previously unstudied high β rates of 30, 
40, and 50°C/min. The novelty of our modeling approach lies in applying high-β thermogravimetry 
combined with a three-Gaussian deconvolution tailored to the unique decomposition characteristics of 
SrWRFs, which has not been extensively explored in prior literature. The Coats–Redfern method was 
selected for its reliability in modeling non-isothermal TGA data at high β values with minimal computa
tional complexity. Gaussian deconvolution was employed due to its superior resolution in separating 
overlapped DTG peaks compared to isoconversional or distributed activation energy methods, which 
require broader conversion datasets. This dual approach ensures both mechanistic clarity and practical 
applicability. The innovative combination of isoconversional and mechanistic modeling approaches pro
vides a novel understanding of the thermal degradation patterns and energy barriers involved in SrWRF 
pyrolysis. These original findings enable the precise simulation of fiber behavior under thermal stress, 
thereby promoting their potential application in sustainable material engineering and renewable energy 
innovations. The study makes a significant contribution to both fundamental biomass science and the 
advancement of practical green technologies by characterizing this promising yet underexplored natural 
resource. The results provide essential design parameters for utilizing SrWRFs in sustainable manufacturing 
processes and energy systems, supporting the shift toward circular bioeconomy models.

Materials and methods

Materials

The SrWRFs in this study displayed diameters varying from 120 to 160 μm and a density of 1.23 g/cm3, 
consistent with the earlier findings of the research group (Ferfari et al. 2023). Extracting SrWRFs took place 
in Algeria, utilizing the traditional water retting method. Before analysis, the fibers underwent a thorough 
cleaning process using water to remove impurities, followed by natural air-drying to preserve their 
structural integrity. For experimental purposes, fiber segments ranging from 2 to 5 mm were selected. 
Figure 1 illustrates the isolation and processing methodology.
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Physicochemical analysis for SrWRFs

To analyze the physicochemical properties of Syagrus romanzoffiana waste rachis fibers (SrWRFs), 
a combination of proximate and ultimate analyses was conducted (Table 2). Proximate analysis, performed 
following standard GB/T 212–2008, involved a muffle furnace to determine fixed carbon, volatile matter, 
and ash content (Y. Wang et al. 2023a). Meanwhile, ultimate analysis using a CHNS/O elemental analyzer 
quantified carbon, hydrogen, nitrogen, and oxygen concentrations (I. Ali et al. 2021a). This dual-method 
approach enabled a thorough characterization of SrWRFs, integrating elemental composition with thermal 
degradation behavior for a complete material profile.

Thermogravimetric analysis (TGA) of Syagrus romanzoffiana waste rachis fibers (SrWRFs)

To evaluate the thermal stability of SrWRFs, TGA was performed using a METTLER TOLEDO TGA/DSC 3 
+ analyzer (1600°C, Constantine, Algeria). Fiber samples weighing 5–10 mg were heated from ambient 
temperature to 800°C at different rates (β = 30, 40, and 50°C/min) in a nitrogen atmosphere to prevent 
oxidative degradation. The weight loss (WL) profiles obtained from TGA offer insights into the thermal 
decomposition behavior of the fibers. Moreover, the data helped identify the kinetic and thermodynamic 
parameters, thereby enhancing the understanding of the degradation mechanisms. Strict experimental 
controls were maintained to ensure precision and minimize errors during the analysis. Each TGA experi
ment was conducted in triplicate under a constant nitrogen flow of 100 mL/min, using calibrated tempera
ture profiles and a controlled sample mass ranging from 5 to 10 mg. Experimental reproducibility was 
confirmed by achieving less than 3% variation in weight loss and DTG peak temperatures across all runs 
(Raza et al. 2022a).

Three-parallel Gaussian reaction model approach

The thermal decomposition behavior of biomass was analyzed through deconvolution using a three-parallel 
Gaussian reaction model, which mathematically separates the complex degradation profile into three 
distinct pseudo-components (P-components) representing hemicellulose (P-HCL), cellulose (P-CL), and 
lignin (P-LG) (Equation (1)). This method enables the individual kinetic analysis of each biomass compo
nent by fitting Gaussian distributions to their corresponding decomposition temperature ranges within the 

Figure 1. Process of extracting fibers from Syagrus palm rachis waste.
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overall TG curve. The model offers enhanced accuracy in describing the multi-stage degradation process 
characteristic of lignocellulosic materials. 

In the Gaussian deconvolution model, the parameters y0, xc, and w represent the baseline offset, the peak 
center position (indicating the characteristic decomposition temperature), and the peak width (denoting the 
temperature range of decomposition), respectively. These variables together define the shape, position, and 
amplitude of each P-component’s thermal degradation profile in the multi-peak fitting analysis.

Residuals were computed as the point-by-point difference between experimental DTG data and the fitted 
Gaussian model curves (Fischer, Lemaire, and Bensakhria 2024): 

Residual plots were generated for each heating rate (30, 40, and 50°C/min) to evaluate model accuracy 
and detect potential systematic errors. In addition, the root mean square error (RMSE) was calculated to 
provide a quantitative measure of goodness of fit, defined as: 

where n is the number of data points. Low RMSE values, combined with randomly distributed residuals, 
indicate robust model performance beyond what can be inferred from correlation coefficients (R2) alone 
(Lalaymia et al. 2024).

Kinetic analysis

The thermal decomposition kinetics of SrWRFs have been analyzed using the CRM. This modeling 
approach not only identifies the reaction mechanism but also enables the calculation of key kinetic 
parameters, including Ea and A. The fundamental equation that governs the CRM can be expressed as 
follows (Gayathri et al. 2020): 

This method offers valuable insights into the thermal degradation behavior of natural fibers by math
ematically describing the relationship between temperature and reaction rate under non-isothermal con
ditions. The analysis was particularly useful for understanding the multi-stage degradation process that is 
characteristic of lignocellulosic materials, such as SrWRFs.

The term 2RT/Ea was determined to be significantly less than one (2RT/Ea < < 1), which permitted its 
simplification in the kinetic analysis (Sait et al. 2012). As a result, the thermal decomposition behavior was 
evaluated using Equation (5): 

In the kinetic model, g(α) describes the reaction mechanism, where α (Equation (6)) measures the extent 
of conversion (Naqvi et al. 2015). The analysis employs β (°C/min), the gas constant R (8.314 J/mol·K), and 
A (min−1) to determine the decomposition kinetics via the rate constant K. 

Equation (6) quantitatively illustrates the progression of the degradation procedure.
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The thermal degradation of the SrWRFs was kinetically analyzed using the Arrhenius method, which 
describes the exponential relationship between the reaction rate and temperature. Equation (7) expresses 
this fundamental principle (Raza et al. 2022a): 

The kinetic parameters (Eₐ and A) can be determined through linear regression analysis of ln[(g(α))/(T2] vs. 
1/T. The resulting plot yields a slope of -Ea/R, and its intercept is ln[AR/(βEa)]. Here, g(α) denotes the 
kinetic model function (dependent on the reaction mechanism), T represents the absolute temperature (K), 
β indicates the heating rate (°C/min), and R is the universal gas constant.

For biomass decomposition studies, appropriate g (α) functions were selected from Table 1 to model the 
solid-state degradation processes. This Arrhenius-type analysis enables simultaneous determination of both 
Ea and A from a single TG experiment.

The thermal decomposition kinetics of SrWRFs were investigated using CRM, combined with 36 
solid-state reaction models categorized into four mechanistic groups: chemical process (CP), accel
eratory rate (AR), sigmoidal rate (SR), and deceleratory rate equations. This non-isothermal 
approach facilitated the determination of key kinetic parameters, including Ea, A, and the correla
tion coefficient (R2), with the optimal model chosen based on both the best fit to the kinetic 
function g(α) and the highest R2 value.

The analysis focused on the principal decomposition stage (i.e., Stage II), with temperature ranges of 
210–385°C (30°C/min), 232–415°C (40°C/min), and 251–436°C (50°C/min) corresponding to the signifi
cant WL regions observed at various β values.

Thermodynamic investigation

The thermodynamic properties of SrWRFs, including Gibbs free energy (ΔG), enthalpy change (ΔH), and 
entropy change (ΔS), were derived from TG data using previously determined CRM kinetic parameters. 
These thermodynamic quantities were calculated using fundamental relationships that connect kinetic and 
thermodynamic analyses of thermal decomposition processes.

The evaluation employed Equations (8)-(10) to characterize the energy requirements and spontaneity of 
the degradation reactions (I. Ali et al. 2021b): 

Criado master plot (CMP) method

The CMP method employs a direct model-fitting technique to identify the kinetic reaction mechanism of 
pyrolysis, as outlined in Equation (11) (Choudhary et al. 2024): 

When the reaction reaches α = 0.5, the temperature (T0.5) and the conversion rate (dα/dt)0.5 are 
recorded.

The left side of Equation (11) represents a normalized theoretical curve for each reaction mechanism, 
expressed as f αð Þ�g αð Þ

f 0:5ð Þ�g 0:5ð Þ
. Meanwhile, the right side of Equation (11) correlates with the experimental data at 

lower reaction rates, providing a basis for comparative analysis (Choudhary et al. 2024). The functional 
form of f(α) depends on the specific solid-state reaction mechanism, as detailed in Table 1.
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Results and discussion

Physicochemical properties of SrWRFs

Table 3 presents the key characteristics of Syagrus romanzoffiana waste rachis fibers (SrWRFs). The analysis 
reveals favorable properties for thermal conversion processes, with low moisture (8.65%) and ash (1.03%) 
contents, moderate fixed carbon (7.97%), and a high volatile matter content (82.34%). These compositional 
features suggest SrWRFs are particularly suitable for thermochemical applications such as pyrolysis, gasifica
tion, and combustion, where high volatile content and low inorganic impurities are advantageous (Pal et al.  
2021). Other common lignocellulosic biomasses, like macadamia nut shells (67.39%) (Y. Wang et al. 2024b), 

Table 1. Various functions (g(α)) of solid-state kinetic models: (1D: one-dimensional; 2D: two-dimensional; 3D: three- 
dimensional).

No. Code g(α) f(α) Rate-determining reaction mechanism

1. Chemical processes (CPs) or mechanisms that do not involve mathematical equations
1 CP1 1 � 1 � αð Þ

2=3 3=2 1 � αð Þ
1=3 Chemical reaction

2 CP2 1 � 1 � αð Þ
1=4 4 1 � αð Þ

3=4

3 CP3 1 � αð Þ
� 1=2
� 1 2 1 � αð Þ

3=2

4 CP4 1 � αð Þ
� 1
� 1 1 � αð Þ

2

5 CP5 1 � αð Þ
� 2
� 1 1=2 1 � αð Þ

3

6 CP6 1 � αð Þ
� 3
� 1 1=3 1 � αð Þ

4

7 CP7 1 � 1 � αð Þ
2 1=2 1 � αð Þ

8 CP8 1 � 1 � αð Þ
3 1=3 1 � αð Þ

2

9 CP9 1 � 1 � αð Þ
4 1=4 1 � αð Þ

3

2. Acceleratory rate (AR) equations
10 AR1 α3=2 2=3α� 1=2 Nucleation
11 AR2 α1=2 2α1=2

12 AR3 α1=3 3α2=3

13 AR4 α1=4 4α3=4

14 AR5 ln α α

3. Sigmoidal rate (SR) equations describe random nucleation followed by subsequent growth
15 SR1 � ln 1 � αð Þ 1 � α Assumed random nucleation and its subsequent growth
16 SR2 � ln 1 � αð Þ½ �

2=3 3=2 1 � αð Þ � ln 1 � αð Þ½ �
1=3

17 SR3 � ln 1 � αð Þ½ �
1=2 2 1 � αð Þ � ln 1 � αð Þ½ �

1=2

18 SR4 � ln 1 � αð Þ½ �
1=3 3 1 � αð Þ � ln 1 � αð Þ½ �

2=3

19 SR5 � ln 1 � αð Þ½ �
1=4 4 1 � αð Þ � ln 1 � αð Þ½ �

3=4

20 SR6 � ln 1 � αð Þ½ �
2 1=2 1 � αð Þ � ln 1 � αð Þ½ �

� 1

21 SR7 � ln 1 � αð Þ½ �
3 1=3 1 � αð Þ � ln 1 � αð Þ½ �

� 2

22 SR8 � ln 1 � αð Þ½ �
4 1=4 1 � αð Þ � ln 1 � αð Þ½ �

� 3

23 SR9 ln α= 1 � αð Þ α= 1 � αð Þ Branching nuclei

4. Deceleratory rate equations

4.1. Phase boundary (PR) reaction
24 PR1 α 1 Contracting disk
25 PR2 1 � 1 � αð Þ

1=2 2 1 � αð Þ
1=2 Contracting cylinder (cylindrical symmetry)

26 PR3 1 � 1 � αð Þ
1=3 3 1 � αð Þ

2=3 Contracting sphere (spherical symmetry)

4.2. Based on the diffusion mechanism (DM)
27 DM1 α2 1=2α 1D diffusion
28 DM2

1 � 1 � αð Þ
1=2

h i1=2
4 1 � αð Þ 1 � 1 � αð Þ½ �

1=2
n o1=2 2D diffusion

29 DM3 αþ 1 � αð Þln 1 � αð Þ � ln 1 � αð Þ½ �
� 1

30 DM4
1 � 1 � αð Þ

1=3
h i2

3=2ð Þ 1 � αð Þ
2=3 1 � 1 � αð Þ

1=3
h i� 1 3D diffusion, spherical symmetry

31 DM5 1 � 2=3α � 1 � αð Þ
2=3

3=2ð Þ 1 � αð Þ
� 1=3
� 1

h i� 1 3D diffusion, cylindrical symmetry

32 DM6
1 � αð Þ

� 1=3
� 1

h i2
3=2ð Þ 1 � αð Þ

4=3 1 � αð Þ
� 1=3
� 1

h i� 1 3D diffusion

33 DM7
1þ αð Þ

1=3
� 1

h i2
3=2ð Þ 1þ αð Þ

2=3 1þ αð Þ
1=3
� 1

h i� 1

34 DM8 1þ 2=3α � 1þ αð Þ
2=3

3=2ð Þ 1þ αð Þ
� 1=3
� 1

h i� 1

35 DM9
1þ αð Þ

� 1=3
� 1

h i2
3=2ð Þ 1þ αð Þ

4=3 1þ αð Þ
� 1=3
� 1

h i� 1

36 DM10
1 � 1 � αð Þ

1=3
h i1=2

6 1 � αð Þ
2=3 1 � 1 � αð Þ

1=3
h i1=2
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fodder radish seed cake (75.66%) (Silvestre, Pauletti, and Baldasso 2020), little millet (68.33%) (Mishra et al.  
2023), and tobacco straw (78.25%) (Y. Wang et al. 2023a), do not have as much volatile matter (82.34%) as 
SrWRFs. The high volatile content in SrWRFs enhances their potential for bio-oil generation during thermal 
processing (M. Kumar et al. 2021). Elemental analysis revealed a composition of 45.22% carbon, 5.51% 
hydrogen, 44.32% oxygen, 0.78% nitrogen, and 0.34% sulfur. This favorable elemental distribution, particu
larly the low nitrogen and sulfur percentages, indicates that SrWRFs would likely produce minimal toxic 
emissions when subjected to thermal decomposition processes (Ahmad et al. 2017). The chemical composi
tion of SrWRFs is represented by the formula CH1.46 O0.74 N0.015 S0.0028. Research suggests that a higher 
hydrogen-to-carbon (H/C) ratio coupled with a lower oxygen-to-carbon (O/C) ratio can improve the quality 
of bio-oil, making it more suitable as a fuel source (M. Kumar et al. 2021; Silvestre, Pauletti, and Baldasso  
2020). The H/C ratio (1.46) is greater than that of peanut shells (0.88) (M. Kumar et al. 2021), ginkgo (1.22) 
(L. Wang et al. 2018), poplar (1.18) (L. Wang et al. 2018), and wheat straw lignin (1.23) (L. Wang et al. 2018), 
and the O/C ratio (0.74) is less than that of Imperata cylindrica (0.83) (S. Hidayat, M. S. A. Bakar, A. Ahmed, 
D. A. Iryani, M. Hussain, F. Jamil, and Y. K. Park 2021), sugarcane bagasse (0.82) (L. Wang et al. 2018), and 
pineapple peel waste (0.97) (da Silva et al. 2022), suggesting an increased potential as an energy source. With 
a heating value (HHV) of 18.42 MJ/kg, SrWRFs are superior to a variety of common lignocellulosic biomass 
sources, including macadamia nut shells (18.19 MJ/kg) (Y. Wang et al. 2024b), sunflower stalks (14.78 MJ/kg) 
(Mishra et al. 2023), grape marc (17.37 MJ/kg) (Fernandez et al. 2023a), Rosa rubiginosa L. waste (16.96 ±  
0.17 MJ/kg) (Torres-Sciancalepore et al. 2023), and Syzygium jambolana seeds (14.20 MJ/kg) (Pal et al. 2021). 
This means that SrWRFs are perfect as a raw material for pyrolysis and combustion processes. SrWRFs were 
found to include hemicellulose (15.21%), cellulose (47.36%), and a large amount of lignin (36.84%). The 
lignin concentration (36.84%) is greater than that of peanut shells (19.55%) (M. Kumar et al. 2021), 
macadamia nut shells (15.58%) (Y. Wang et al. 2024b), and pinewood sawdust (25.6%) (J. Wang et al.  
2022), which explains SrWRFs’ high calorific value and mechanical strength (Umezawa 2018).

Table 2. The physicochemical properties of Sr.WRFs.
Analysis Properties Values

Ultimate analysis (wt.%)a C 45.22
H 5.51
O 44.32
N 0.78
S 0.34

Proximate analysis (wt.%)a Moistureb 8.65
Ash 1.03
Volatile fraction 82.34
Fixed Carbonb 7.97

Compositional analysis (wt.%)a Cellulose 47.36
Hemicellulose 15.21
Lignin 36.84

O to C ratio and H to C ratioc O/C 0.74
H/C 1.46

Molecular Formula CH1.46 O0.74 N0.015 S0.0028 –
Calorific Value (MJ/kg) Higher heating value (HHV)d 18.42

aDry basis. 
bAir dry basis. 
cMolar ratio. 
dHHV = 0.3984 C +0.4030 H − 0.03153 O − 1.8644S + 0.2791 N (Ozyuguran, Akturk, and Yaman  

2018).

Table 3. Thermogravimetric data for Syagrus romanzoffiana fibers. (Ti: initial decomposition tempera
ture, T f : final decomposition temperature, WL: weight loss, β: heating rate).

β (°C/min) Specimen weight (mg) Ti (°C) Tf (°C) Tm (°C) WL (%)

30 6.00433 210 385 327 62.13
40 6.04431 232 415 361 63.31
50 6.1705 251 436 382 64.52
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Thermogravimetric analysis (TGA) of Syagrus romanzoffiana waste rachis fibers (SrWRFs)

The TG and derivative thermogravimetry (DTG) plots of SrWRFs in Figure 2, analyzed at β values of 30, 40, 
and 50°C/min, exhibited consistent trends while shifting toward higher temperatures as β increased. This 
shift, attributed to delayed heat and mass transfer (Naqvi, Hameed, et al. 2019), resulted in a temperature 
hysteresis effect, causing the TG WL curve to move laterally without changing the decomposition behavior. 
Higher β also resulted in slower reactions and broader DTG peaks, indicating delayed sample 

Figure 2. (a) Thermogravimetric analysis (TGA) and (b) derivative thermogravimetric (DTG) profiles of Syagrus romanzoffiana 
waste rachis fibers (SrWRFs) at various heating rates (30, 40, and 50°C/min).
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decomposition due to inadequate internal heating (Zhao, Jiang, and Chen 2017). Thus, the increased β value 
delays thermal degradation without altering the fundamental decomposition mechanism.

Table 3 displays TG-DTG data at β values of 30, 40, and 50°C/min, indicating a shift toward higher 
decomposition temperatures, while WL remained approximately constant at 60% during active pyrolysis. 
The DTG profiles revealed overlapping reactions in this zone, indicating the breakdown of thermally stable 
components (M. Ali et al. 2021). Despite variations in β, the volatile release and WL patterns remained 
consistent, indicating stable pyrolysis behavior under the tested conditions.

Determining pyrolysis characteristic parameters – such as the initial decomposition temperature (Ti), 
peak decomposition temperature (Tp), final decomposition temperature (Tf), and weight loss (WL) – is 
critical for optimizing thermochemical conversion processes like pyrolysis and gasification (Chen, Li, 
Zhang, et al. 2019; Z. Huang et al. 2015a). These parameters reveal how biomass behaves under thermal 
treatment, guiding reactor design, temperature settings, and residence times to maximize volatile yields and 
minimize char formation (Lei et al. 2023; Mishra et al. 2023). By understanding Ti (indicating activation 
energy), Tp (reflecting maximum decomposition rate), and Tf (marking reaction completion), engineers can 
tailor processes to specific feedstocks, enhancing energy efficiency and sustainability. Ignoring these 
parameters would hinder the ability to predict product distribution, reduce waste, and improve the 
economic viability of biomass utilization, which is why their determination and explanation are essential 
(Hadou et al. 2024b).

The thermal degradation of SrWRFs exhibited clear decomposition stages, consistent with prior research 
(Fernandez et al. 2017), beginning with moisture evaporation followed by sequential breakdown of HCL, 
CL, and LG. The study precisely determined the onset and completion temperatures for each degradation 
phase in SrWRFs, confirming similar decomposition kinetics to biomass materials.

The thermal decomposition of SrWRFs occurred in four distinct stages:

● First Stage (Moisture Evaporation): Occurred from ambient temperature to approximately 130°C, 
marking the drying phase.

● Second Stage – Part 1 (HCL Degradation): Spanned from 180°C to 300°C, corresponding to typical 
HCL breakdown in biomass.

● Second Stage – Part 2 (CL Degradation): Took place between 300°C and 400°C, indicating CL’s 
primary decomposition.

● Third Stage (LG Degradation): Extended from 400°C to 800°C, capturing the complex, multi-step 
degradation of LG.

The DTG curves displayed a broad peak with lower-temperature shoulders across all β values, resulting 
from the overlapping decomposition of the biomass P-components (Fernandez et al. 2023b). Increased β 
values caused the DTG peaks to shift to higher temperatures, resulting from shorter reaction times.

Figure 3 illustrates the evolution of α and dα/dT as a function of T at β values of 30, 40, and 50°C/min. 
While the curve shapes largely remain consistent, they shift toward wider temperature ranges as β increases. 
This temperature hysteresis effect arises because the sample’s thermal response lags behind the programmed 
β (Yao et al. 2008). The hysteresis becomes more pronounced at higher β. Significantly, the maximum and 
mean dα/dT values show minimal dependence on β, as the counteracting effects of increasing temperature 
(which raises dα/dT) and quicker heating (which reduces dα/dT) nearly offset each other. The temperature 
at which peak dα/dT occurs systematically increases with β, in line with the expectations of kinetic theory 
(Poletto, Ornaghi Jnior, and Zattera 2015).

Three-parallel Gaussian reaction model analysis of Syagrus romanzoffiana waste rachis fibers 
(SrWRFs)

This study aimed to develop a three-parallel Gaussian reaction model based on the primary decomposition 
stage (i.e., Stage II, 200–650°C) by utilizing dα/dT profiles (Figure 3). Figure 4 illustrates that the model was 
created to elucidate the complex pyrolysis behavior of the three primary biomass components. Component- 
specific pyrolysis intervals were defined based on their characteristic peak temperatures (Tp), following the 
established trend of thermal stability: HCL (lowest Tp) < CL < LG (highest Tp) (S. Hidayat, Bakar, Ahmed, 
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Iryani, Hussain, Jamil, and Park 2021). These reference peaks (P-HCL, P-CL, and P-LG) served as essential 
alignment markers for the Gaussian reaction model. The decomposition stage was successfully divided into 
three distinct phases, each demonstrating excellent fitting accuracy (R2 ≥ 0.99537), confirming the model’s 
ability to accurately represent the overlapping decomposition processes through parallel Gaussian reactions.

The three-parallel Gaussian reaction model effectively characterizes the primary pyrolysis stage (i.e., Stage 
II, 200–650°C) of SrWRFs, demonstrating excellent fitting accuracy (R2 ≥ 0.99537). The model’s reliability 
arises from the consistent trend of thermal stability (TP-HCL < TP-CL < TP-LG), which accurately delineates the 
decomposition ranges for each biomass component. Remarkably, the determined temperature intervals for 
P-components (HCL: 200–345°C, CL: 305–398°C, LG: 220–650°C) remained stable across various heating 

Figure 3. (a) Conversion rate (α) for the pyrolysis of Syagrus romanzoffiana waste rachis fibers (SrWRFs), and (b) reaction rate 
(dα/dT) at 30, 40, and 50°C/min.

JOURNAL OF NATURAL FIBERS 11



rates (β: 30–50°C/min) and were consistent with literature values (Ma et al. 2023; Y. Wang et al. 2023b), 
validating the model’s accuracy. The strong correlation between these intervals and established decomposition 
characteristics further supports the model’s robustness. With its strong correlation coefficients and consistent 
performance under various experimental conditions, this model demonstrates its value in predicting pyrolysis 
behavior across diverse applications (Y. Wang et al. 2023b, 2024c).

Table 4 shows the Gaussian decomposition parameters for HCL (P-HCL), CL (P-CL), and LG (P-LG) at 
a β of 30, 40, and 50°C/min. The model identified distinct thermal decomposition ranges: 204–345°C for 

Figure 4. Results of deconvolution for the second stage of dα/dT of Syagrus romanzoffiana waste rachis fibers (SrWRFs) at 
three heating rates (β), using the four-parallel Gaussian kinetic model.

Table 4. Gaussian parameters for pseudo-components (P-components): pseudo- 
hemicellulose (P-HCL), pseudo-cellulose (P-CL), and pseudo-lignin (P-LG).

P-component 30°C/min 40°C/min 50°C/min

P-HCL y0 4.44 ×10−5 2.51 ×10−4 −7.61 ×10−5

xc 270.59 304.65 325.94
A 0.3159 0.3833 0.3946
w 62.26 68.31 65.41

RMSE 0.028 0.034 0.036
P-CL xc 335.16 360.61 381.11

A 0.3171 0.2547 0.2923
w 44.88 41.23 41.12
RMSE 0.032 0.029 0.031

P-LG xc 452.87 387.94 423.01
A 0.2667 0.1451 0.2981
w 417.65 311.98 404.70
RMSE 0.041 0.040 0.039
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HCL, 305–398°C for CL, and 220–650°C for LG, which align with the literature-reported intervals of 
203–464°C (HCL), 302–387°C (CL), and 127–791°C (LG) (W.-H. Chen et al. 2020; Zong et al. 2020). These 
results confirm a firm consistency with previous studies, validating the accuracy of the three-parallel 
reaction model. The observed thermal stability sequence (CL < HCL < LG) confirms that LG has 
a characteristically broad decomposition range, as noted in reference (S. Hidayat, Bakar, Ahmed, Iryani, 
Hussain, Jamil, and Park 2021).

To comprehensively assess the precision of the three-parallel Gaussian model for deconvoluting 
SrWRFs’ DTG profiles, residual and error analyses were performed alongside correlation coeffi
cients (Figure 5). Residuals displayed a tight, random distribution around zero across all heating 
rates (30, 40, and 50°C/min), with no systematic bias, indicating that the model accurately captures 
overlapping hemicellulose, cellulose, and lignin decomposition processes without consistently over- 
or underestimating trends. Slight deviations near hemicellulose and lignin peak shoulders, likely 
due to experimental noise and baseline artifacts, align with known challenges in high-β thermo
gravimetry (Fischer, Lemaire, and Bensakhria 2024; Najafi, Rezaei Laye, and Sobati 2024). The 
model’s accuracy was further validated by low root mean square error (RMSE) values across all 
pseudo-components and heating rates (Table 4), with RMSE at 30°C/min being 0.032%/min for 
P-HCL, 0.028%/min for P-CL, and 0.041%/min for P-LG; at 40°C/min, 0.034, 0.029, and 0.040%/ 
min; and at 50°C/min, 0.036, 0.031, and 0.039%/min, respectively (all <0.05%/min). These minimal 
errors, combined with high R2 values (≥0.99537), confirm negligible fitting errors and robust 
Gaussian deconvolution. Recent biomass pyrolysis studies, including (Arumugam and Ganesan  
2024; Bongomin et al. 2024; Fischer, Lemaire, and Bensakhria 2024; Lalaymia et al. 2024), and 
(Choudhary et al. 2024) emphasize the combined use of R2, residual distribution, and RMSE to 
ensure reliable model fits, preventing overreliance on correlation coefficients and aligning with 
contemporary kinetic modeling standards for lignocellulosics.

Figure 5. Residual plots of the three-parallel Gaussian model fits at heating rates of 30, 40, and 50°C/min.
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Although no direct spectroscopic validation was performed, the thermal peak assignments are consistent 
with decomposition intervals extensively reported in lignocellulosic literature, supporting their reliability 
within the scope of this kinetic modeling approach.

Kinetic investigation of Syagrus romanzoffiana waste rachis fibers (SrWRFs)

The kinetic parameters obtained for SrWRF pyrolysis, as determined by the CRM, are summarized in 
Table 5 and compared with those from earlier studies in Table 6. The analysis revealed an Ea ranging from 
203.98 to 262.11 kJ/mol and an A between 1.18 × 1017 and 1.01 × 1022 min−1 for the reaction model [-ln(1 – 
α)]4. These values are significantly higher than those reported for other biomass materials, including 
surgical face masks (237.19 kJ/mol), pine and corn starch pellets (218.05 kJ/mol), and chicken waste 
(140.4–151.2 kJ/mol), as shown in Table 6. This notable difference highlights the distinct thermal degrada
tion behavior of SrWRFs, which necessitates a higher energy input due to their complex composition and 
structural properties.

The CRM analysis revealed strong correlation coefficients (R2) across all tested kinetic models, including 
chemical reaction models, SR equations for nucleation-growth mechanisms, and deceleratory rate equations 
at various β values (30–50°C/min). Models CP3, CP4, CP5, SR6, SR7, SR8, and DM6 exhibited excellent fits 

Table 5. Activation energy (Eₐ) and pre-exponential factor (lnA) of Syagrus romanzoffiana waste rachis fibers (SrWRFs) 
calculated using the Coats–Redfern method (CRM) at heating rates (β) of 30, 40, and 50°C/min.

Code

β of 30°C/min β of 40°C/min β of 50°C/min

Ea (kJ/mol) R2 lnA (min−1) Ea (kJ/mol) R2 lnA (min−1) Ea (kJ/mol) R2 lnA (min−1)

1. Chemical processes (CPs) or mechanisms that do not involve equations
CP1 38.58 0.982 5.49 40.85 0.985 6.07 47.25 0.989 7.52
CP2 41.89 0.987 6.16 47.39 0.994 7.44 53.73 0.991 8.83
CP3 48.36 0.991 7.49 61.21 0.995 10.32 67.39 0.981 11.57
CP4 53.03 0.992 8.44 71.84 0.989 12.54 77.89 0.968 13.68
CP5 63.18 0.991 10.52 96.15 0.969 17.62 101.85 0.936 18.49
CP6 74.36 0.987 12.80 123.67 0.949 23.37 101.85 0.907 18.49
CP7 29.26 0.959 3.58 24.82 0.904 2.72 31.30 0.944 4.32
CP8 23.48 0.929 2.40 16.68 0.789 1.02 23.04 0.879 2.66
CP9 18.61 0.886 1.40 10.81 0.623 −0.20 16.90 0.793 1.43

2. Acceleratory rate (AR) equations
AR1 58.78 0.982 9.62 59.20 0.977 9.90 68.95 0.986 11.88
AR2 13.36 0.959 0.33 13.15 0.945 0.28 16.29 0.970 1.31
AR3 5.79 0.902 −1.22 5.47 0.860 −1.32 7.51 0.935 −0.45
AR4 2.00 0.648 −2.00 1.64 0.476 −2.12 3.12 0.807 −1.34
AR5 ̶ ̶ ̶ ̶ ̶ ̶ ̶ ̶ ̶
3. Sigmoidal rate (SR) equations describe random nucleation followed by subsequent growth
SR1 43.98 0.988 6.59 51.71 0.996 8.34 57.99 0.989 9.68
SR2 26.20 0.985 2.95 31.18 0.995 4.05 35.32 0.987 5.13
SR3 17.31 0.981 1.13 20.92 0.993 1.91 23.98 0.985 2.85
SR4 8.42 0.963 −0.68 10.65 0.988 −0.24 12.64 0.977 0.58
SR5 3.98 0.907 −1.59 5.52 0.973 −1.31 6.97 0.961 −0.56
SR6 97.31 0.991 17.50 113.29 0.997 21.20 126.03 0.991 23.34
SR7 150.64 0.991 28.41 174.87 0.997 34.06 194.07 0.991 37.01
SR8 203.98 0.992 39.31 236.45 0.997 46.92 262.11 0.991 50.67
SR9 ̶ ̶ ̶ ̶ ̶ ̶ ̶ ̶ ̶
4. Deceleratory rate equations

4.1. Phase boundary (PR) reaction
PR1 36.07 0.978 4.97 36.18 0.972 5.09 42.62 0.983 6.60
PR2 39.88 0.984 5.75 43.37 0.989 6.60 49.75 0.990 8.03
PR3 41.22 0.986 6.03 46.02 0.992 7.15 52.37 0.991 8.55

4.2 Based on the diffusion mechanism (DM)
DM1 81.49 0.983 14.26 82.23 0.979 14.71 95.28 0.987 17.17
DM2 15.26 0.972 0.72 16.75 0.980 1.04 19.85 0.985 2.02
DM3 86.40 0.986 15.27 91.16 0.988 16.58 104.15 0.991 18.95
DM4 91.78 0.989 16.37 101.92 0.994 18.83 114.79 0.992 21.09
DM5 88.19 0.987 15.63 94.72 0.990 17.32 107.66 0.992 19.65
DM6 103.09 0.992 18.68 125.70 0.997 23.79 138.30 0.986 25.81
DM7 75.21 0.980 12.98 73.50 0.972 12.89 86.31 0.983 15.37
DM8 77.25 0.981 13.39 76.30 0.975 13.47 89.20 0.984 15.95
DM9 69.27 0.976 11.76 65.40 0.963 11.20 77.96 0.977 13.69
DM10 15.93 0.975 0.85 18.07 0.986 1.31 21.16 0.986 2.29
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(R2 ≥ 0.99) at 30°C/min, while additional models (CP2, CP3, SR1, SR2, SR3, SR6, SR7, SR8, PR3, DM4, 
DM5, and DM6) demonstrated strong performance at 40°C/min. At the highest β value (50°C/min), models 
CP2, SR6, SR7, SR8, PR2, PR3, DM3, DM4, and DM5 indicated strong correlations; however, some models 
displayed weaker fits. These results illustrate that the applicability of kinetic models is influenced by β, with 
certain models consistently performing well under all conditions, thereby highlighting their robustness in 
capturing the complex pyrolysis behavior of SrWRFs.

Table 5 presents Ea and lnA derived from the CRM for the pyrolysis of SrWRFs at β values of 30, 40, and 
50°C/min, highlighting the minimum energy needed to initiate the release of volatiles during thermal 
decomposition (Sobek and Werle 2020). The kinetic analysis focused on the active pyrolysis range (200–
650°C), which is believed to follow a single-step degradation mechanism, and evaluated 36 solid-state 
reaction models, including chemical, nucleation-growth, and diffusion models (M. Kumar, Mishra, and 
Upadhyay 2020). Elevated Ea values indicate that the reaction demands higher temperatures and longer 
durations to overcome the energy barriers for complete breakdown (Naqvi et al. 2020).

All models exhibited strong correlation coefficients (R2), with the diffusional models (SR6, SR7, and SR8) 
displaying exceptional fits (R2 ≥ 0.99) across all β values. The superior performance of these models likely 
results from their ability to capture diffusion-controlled volatile release, a dominant phenomenon in 
biomass decomposition (Wu et al. 2022). The studied samples showed significant variations in Ea, under
scoring differences in their thermal degradation behavior (Rasam et al. 2020), while the consistency of 
diffusional models confirms their reliability in predicting SrWRF pyrolysis kinetics (Wu et al. 2022).

Figure 6 illustrates the best-fitting models for Area I at β values of 30, 40, and 50°C/min, while Table 5 
summarizes the kinetic parameters obtained from the CRM analysis. Among the models tested, only the SR 
equations (SR6, SR7, and SR8), which represent random nucleation and growth mechanisms, consistently 
achieved high correlation coefficients (R2 ≥ 0.99) across all β values. The SR6 model yielded Ea values of 
97.31, 113.29, and 126.03 kJ/mol at β of 30, 40, and 50°C/min, respectively. Similarly, SR7 yielded Ea values 
of 150.64, 174.87, and 194.07 kJ/mol, while SR8 produced higher values of 203.98, 236.45, and 262.11 kJ/mol 
(Figures 6(a-c)). Overall, the mean Ea range for SrWRFs, based on these optimal models, varied from 97.31 
to 262.11 kJ/mol.

The kinetic compensation effect (KCE), a comprehensive phenomenon in the thermal analysis literature 
(Chen, Li, Zhang, et al. 2019; Jiang et al. 2018; Vyazovkin et al. 2011), describes the linear interdependence 
between Ea and the natural logarithm of the pre-exponential factor (i.e., lnA). This relationship is mathe
matically represented as: 

The coefficients a and b represent characteristic constants for a given kinetic dataset. Parameter 
a corresponds to the logarithmic transformation of the isokinetic rate parameter (lnkiso). In contrast, b is 
related to the inverse of the isokinetic temperature through Equation (13): 

where: R is the universal gas constant and Tiso denotes the theoretical isokinetic temperature.

Table 6. Comparison of kinetic parameters between this study and other biomass-based material, including waste fibers, 
seeds, pellets, and residues.

Specimen β (°C/min) Ea (kJ/mol) A (min−1) Reaction model g(α) Ref.

SrWRFs 30, 40, and 50 203.98 to 
262.11

1.18 ×1017 to 1.01 ×  
1022

� ln 1 � αð Þ½ �
4 Current study

Surgical face mask 15, 20, 25, 30 237.19 1.36 × 1014
� ln 1 � αð Þ½ �

2=3 S. Sun et al. (2021)
Pine and corn starch pellet 5, 10, 20, and 

50
218.05 1.28 × 1014

1 � 1 � αð Þ
1=3 Tabal et al. (2021)

Date seeds 10, 20, 30, and 
40

170–190 13.8 × 1012

1 � αð Þ
� 1=3
� 1

h i2 Raza, Abu-Jdayil, and Inayat 
(2023)

Chicken waste 10, 15, 25 140.4–151.2 2.91 × 109 to 4 × 1010 1= 1 � αð Þ½ � � 1 Zikhali et al. (2023)
Flower stalk of Agave 

americana
5, 10, and 20 88.818 179.56 αþ 1 � αð Þln 1 � αð Þ Lalaymia et al. (2024)

Dracaena draco fibers 5, 10, and 20 87.58 1.62 × 105
� ln 1 � αð Þ½ �

4 Hadou et al. (2024b)
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Figure 7 illustrates this compensation effect by plotting lnA against the Ea values obtained from CRM 
(Table 5). For a comprehensive characterization of the KCE, Table 7 provides detailed statistical parameters, 
including the compensation coefficients (a and b), their corresponding 95% confidence intervals, calculated 
isokinetic parameters (kiso and Tiso), and the correlation coefficient (R2), which quantifies the linearity of the 
relationship. This quantitative analysis confirms the strength of the compensation effect under diverse 
heating conditions, further validating its role in characterizing the pyrolysis kinetics of the materials studied. 
The strong correlations observed, typically with R2 > 0.95 in most studies (Chen, Li, Zhang, et al. 2019; 
Vyazovkin et al. 2011), further validate the compensation effect as a fundamental characteristic of solid-state 
thermal decomposition processes.

Research indicates that the validity of the selected kinetic models for determining the kinetic triplet using 
the CRM can be verified when the calculated isokinetic temperature (Tiso) falls within the actual pyrolysis 
temperature range (Chen, Li, Zhang, et al. 2019; Jiang et al. 2018; Vyazovkin et al. 2011). As shown in 
Table 7, the derived Tiso values of 587.67°C (30°C/min), 575.45°C (40°C/min), and 598.50°C (50°C/min) all 
lie within the characteristic pyrolysis temperature range of SrWRFs, as supported by the TG data in Figure 2. 
Additionally, the exceptionally high correlation coefficients (R2 > 0.98) provide strong support for the 
model’s validity. These findings collectively indicate that all 36 reaction models in Table 1 are statistically 
appropriate for determining the kinetic triplet using the CR approach.

The linear relationship mathematically represents the robust KCE observed across all β values: 

Figure 6. Model-fitting curves using integral methods to determine kinetic parameters for biomass pyrolysis, evaluated 
across various diffusion and reaction-order models.
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Equation (14) quantitatively demonstrates the essential interdependence between Ea and A, a hallmark of 
solid-state decomposition processes. The consistency of these parameters across various β values (30–50°C/ 
min) further confirms the reliability of the selected models and the CR methodology for analyzing SrWRF 
pyrolysis kinetics (Chen, Li, Xu, et al. 2019; Chen, Li, Zhang, et al., 2019; Jiang et al. 2018; Vyazovkin et al.  
2011).

The observed kinetic compensation effect reflects the interdependence of Ea and A, likely arising from 
similar transition state structures across decomposition stages. This suggests a consistent energy barrier 
modulation mechanism despite varying β. However, the CMP approach, while useful, is limited at α > 0.55 
where experimental curves deviate from theoretical models, highlighting the need for hybrid kinetic 
approaches to fully resolve the reaction complexity (K. Sun et al. 2023).

Investigation of thermodynamic characteristics

Table 8 presents the thermodynamic parameters (ΔH, ΔG, and ΔS) that characterize the degradation of 
SrWRFs at three different β values of 30, 40, and 50°C/min. The enthalpy change (ΔH), which represents the 
heat flux during the process at constant pressure (Z. Huang et al. 2015b), serves as a key indicator of reaction 
energetics. Negative ΔH values indicate exothermic processes that release energy, while positive ΔH values, 
as observed in this study, represent endothermic reactions that require external energy input to occur (L. 
Huang et al. 2016).

These thermodynamic measurements reveal fundamental principles governing the energy requirements 
and spontaneity of SrWRF decomposition under various thermal conditions. Among the tested models, 
SR6, SR7, and SR8 exhibited the most consistent kinetic behavior, showing ΔH values of 94.59, 147.92, and 

Figure 7. Isokinetic plots (lnA vs. Ea) for biomass pyrolysis based on the Coats–Redfern method (CRM) across various heating 
conditions.

Table 7. Kinetic compensation effect (KCE) parameters obtained from the Coats–Redfern method (CRM) at various heating 
rates (β of 30, 40, and 50°C/min).

β (°C/min) A (min−1) 95% CI for a b (mol/kJ) 95% CI for b kiso Tiso (°C) R2

30 −2.4048 (−2.4056, −2.4039) 0.2045 (0.20449, 0.20453) 0.0903 587.67 0.99
40 −2.4619 (−2.4626, −2.4612) 0.20884 (0.20881, 0.20886) 0.0853 575.45 0.99
50 −1.9626 (−1.9635, −1.9617) 0.2008 (0.20078, 0.20082) 0.1405 598.50 0.99
Combination of all βs −2.2836 (−2.3148, −2.2524) 0.2047 (0.20431, 0.20509) 0.1019 587.09 0.99
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201.26 kJ/mol at 30°C/min, which progressively increased to 110.28, 171.87, and 233.45 kJ/mol at 40°C/min, 
and further to 122.85, 190.89, and 258.93 kJ/mol at 50°C/min. This trend, illustrated in Figure 8(a), indicates 
that higher β values require a more substantial energy input due to increased thermal degradation kinetics, 
which aligns with fundamental pyrolysis principles and supports these models for SrWRF thermodynamic 
analysis.

The Gibbs free energy change (ΔG) quantifies the increase in potential energy at the saddle 
point of the potential energy surface, providing insights into reaction spontaneity and thermal 
requirements (Mian et al. 2019b). Higher ΔG values indicate less thermodynamically favorable 
reactions, reflecting more significant energy barriers that must be overcome. Negative ΔG values 
characterize exergonic (spontaneous) reactions, where the reactants have a higher free energy than 
the products. In contrast, positive ΔG values (observed throughout this study) signify endergonic 
(non-spontaneous) processes that require energy input (Raza et al. 2022b). Analysis of the best- 
fitted models (SR6, SR7, and SR8) revealed consistently positive ΔG values across all β values: 
138.70, 163.18, and 188.03 kJ/mol at 30°C/min; 148.55, 173.42, and 198.70 kJ/mol at 40°C/min; and 
157.12, 183.59, and 210.47 kJ/mol at 50°C/min. As shown in Figure 8(b), this gradual increase in 
ΔG with β indicates the rising energy demand for SrWRF decomposition under accelerated thermal 
conditions.

Table 8. Thermodynamic properties of Syagrus romanzoffiana waste rachis fibers (SrWRFs) at different heating rates (β).

Code

β of 30°C/min β of 40°C/min β of 50°C/min

ΔH (kJ/mol) ΔG (kJ/mol) ΔS (kJ/mol.K) ΔH (kJ/mol) ΔG (kJ/mol) ΔS (kJ/mol.K) ΔH (kJ/mol) ΔG (kJ/mol) ΔS (kJ/mol.K)

1. Chemical processes (CPs) or mechanisms that do not involve equations
CP1 35.86 114.71 −0.24 37.85 123.04 −0.24 44.07 130.35 −0.23
CP2 39.17 118.35 −0.24 44.39 127.71 −0.23 50.55 135.06 −0.22
CP3 45.64 118.40 −0.22 58.20 129.50 −0.20 64.21 136.42 −0.19
CP4 50.31 117.95 −0.21 68.84 130.54 −0.17 74.72 137.07 −0.16
CP5 60.46 119.27 −0.18 93.14 135.86 −0.12 98.67 141.61 −0.11
CP6 71.64 121.80 −0.15 120.67 143.30 −0.06 98.67 121.91 −0.06
CP7 26.54 109.17 −0.25 21.82 116.01 −0.26 28.12 123.31 −0.25
CP8 20.76 106.64 −0.26 13.68 113.44 −0.28 19.86 120.57 −0.26
CP9 15.89 104.81 −0.27 7.81 112.12 −0.29 13.72 118.90 −0.28

2. Acceleratory rate (AR) equations
AR1 56.05 122.99 −0.20 56.20 129.67 −0.20 65.77 137.97 −0.19
AR2 10.64 104.18 −0.29 10.15 113.17 −0.29 13.11 119.48 −0.28
AR3 3.07 102.65 −0.30 2.47 112.30 −0.30 4.33 118.09 −0.30
AR4 −0.72 103.64 −0.32 −1.37 114.18 −0.32 −0.06 118.96 −0.31
AR5 ̶ ̶ ̶ ̶ ̶ ̶ ̶ ̶ ̶
3. Sigmoidal rate (SR) equations or random nucleation and subsequent growth
SR1 41.26 115.19 −0.23 48.70 124.73 −0.21 54.82 131.75 −0.20
SR2 23.48 108.04 −0.26 28.17 117.52 −0.25 32.14 124.04 −0.24
SR3 14.59 104.89 −0.28 17.91 114.36 −0.27 20.80 120.63 −0.26
SR4 5.70 102.57 −0.30 7.65 112.02 −0.29 9.46 118.03 −0.28
SR5 1.26 102.47 −0.31 2.52 111.82 −0.30 3.79 117.60 −0.30
SR6 94.59 138.70 −0.13 110.28 148.55 −0.11 122.85 157.12 −0.09
SR7 147.92 163.18 −0.05 171.87 173.42 0.00 190.89 183.59 0.02
SR8 201.26 188.03 0.04 233.45 198.70 0.10 258.93 210.47 0.13
SR9 ̶ ̶ ̶ ̶ ̶ ̶ ̶ ̶ ̶
4. Deceleratory rate equations

4.1. Phase boundary (PR) reaction
PR1 33.34 107.18 −0.23 33.17 120.64 −0.24 39.44 127.96 −0.23
PR2 37.16 115.87 −0.24 40.37 124.56 −0.23 46.57 131.87 −0.22
PR3 38.49 117.36 −0.24 43.02 126.48 −0.23 49.19 133.81 −0.22

4.2 Based on the diffusion mechanism (DM)
DM1 78.76 133.51 −0.17 79.22 139.19 −0.17 92.10 148.48 −0.15
DM2 12.54 105.44 −0.28 13.74 114.68 −0.28 16.67 121.05 −0.27
DM3 83.67 136.99 −0.16 88.16 143.90 −0.15 100.97 153.12 −0.14
DM4 89.06 142.85 −0.16 98.92 151.67 −0.15 111.61 160.89 −0.13
DM5 85.47 141.67 −0.17 91.72 149.49 −0.16 104.49 158.88 −0.14
DM6 100.37 146.60 −0.14 122.69 159.01 −0.10 135.12 167.65 −0.09
DM7 72.49 137.55 −0.20 70.49 143.44 −0.20 83.14 153.18 −0.18
DM8 74.53 138.18 −0.19 73.30 144.19 −0.20 86.02 153.91 −0.18
DM9 66.55 135.73 −0.21 62.40 141.32 −0.22 74.78 151.10 −0.20
DM10 13.21 106.12 −0.28 15.07 115.50 −0.28 17.98 121.90 −0.27
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The observed negative entropy changes (ΔS) in all models indicate that the pyrolysis products adopt 
more ordered molecular configurations than the original reactants, suggesting a reduction in system 
disorder during thermal decomposition (Naqvi, Tariq, et al. 2019). This thermodynamic behavior, also 
illustrated in Figure 8(c), indicates that bond dissociation in SrWRFs yields degradation products with 
enhanced structural organization compared to the initial material. For the optimal models (SR6, SR7, and 
SR8), the ΔS values range from −0.09 to −0.20 kJ/mol·K, consistently showing a trend of decreasing entropy 
during the decomposition process. These negative ΔS values further support the conclusion that the 
pyrolyzed products exhibit better structural stability than the starting material.

Kinetic analysis of the active pyrolysis zone (200–650°C) was conducted using the CRM. The study 
revealed that increasing β from 30 to 40°C/min resulted in maximum values for Ea, Gibbs free energy 
change (ΔG), and enthalpy change (ΔH) across all evaluated models, further corroborated by the trends in 
Figure 7. These kinetic and thermodynamic parameters provide essential insights into energy demand, 
conversion rates, and the reaction mechanisms of the pyrolysis process. This fundamental understanding 
offers valuable insights for optimizing the practical applications of pyrolysis in bioenergy production (Tariq 
et al. 2023).

Criado master plot (CMP) method

In this study, CMP (Equation (11)) was utilized to correlate the experimental TGA data with theoretical 
solid-state reaction models. The models selected for analysis demonstrated high correlation coefficients (R2 

Figure 8. Variations in thermodynamic parameters ΔH, ΔS, and ΔG based on heating rate (β) and conversion rate (α).
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≥ 0.99) across all three β values. The kinetic functions, g(α) and f(α), associated with each reaction 
mechanism are presented in Table 1.

Figure 9 displays master plots of g(α)/g(0.5) vs. α for different reaction mechanism models, produced 
using CMP. The experimental curve was created using WL rates obtained directly from the DTG data. The 
derivative weight values (%/min) from the DTG were explicitly incorporated into the experimental 
component of Equation (11). The most appropriate reaction model was selected by visually comparing 
the alignment between the experimental curve and the theoretical master plots, opting for the model that 
best matched the experimental data for further analysis. The alignment between the experimental data and 
theoretical models suggests that the pyrolysis mechanism of SrWRFs may follow an SR equation or 
a random nucleation and growth model (SR3 model).

However, this correspondence appears most significant within a narrow conversion range, α = 0.15–0.55, 
beyond which deviations occur. This observation suggests that the pyrolysis process likely involves a multi- 
step reaction mechanism, where no single model can fully capture the complexity of the degradation 
kinetics across all conversion stages. CMP offers a straightforward, model-free approach to mechanism 
identification by leveraging experimental DTG data. However, it has limitations; it does not account for Ea, 
and excluding other kinetic triplets may lower the accuracy of mechanistic conclusions.

While the Coats–Redfern method assumes a single-step reaction mechanism, it was applied here as 
a practical approximation to describe the main degradation stage of SrWRFs. This approach remains widely 
used in kinetic modeling to extract meaningful parameters, such as the activation energy (Ea) and pre- 
exponential factor (A), from dominant thermal events. To complement this, the master plots (CMP) 

Figure 9. Criado master plot (CMP) for Syagrus romanzoffiana waste rachis fibers (SrWRFs) at heating rates (β) of 30, 40, and 
50°C/min.
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analysis was employed to capture the multi-step character of the overall pyrolysis process, particularly 
evident beyond a conversion degree of α = 0.55. Together, these methods offer both simplified kinetic 
estimates and deeper mechanistic insights into the complex decomposition behavior of lignocellulosic 
biomass.

Among the tested models, the random nucleation and growth model emerged as the most plausible 
representation of SrWRFs pyrolysis, aligning with findings from both CMP and CRM. This model 
emphasizes diffusion-controlled kinetics, where the release of volatiles dictates the reaction rate. The 
cylindrical geometry of SrWRF particles further supports this mechanism, as radial diffusion through an 
expanding reaction zone corresponds with the assumptions of nucleation-growth theory (Khawam and 
Flanagan 2006).

Conclusion

The study investigates the pyrolysis behavior of Syagrus romanzoffiana fibers (SrWRFs) through thermo
gravimetric analysis (TGA) under nitrogen, covering 20–800°C. Kinetic and thermodynamic analyses 
employed the Coats–Redfern model to determine activation energy (Ea), pre-exponential factor (A), 
reaction mechanisms, and thermodynamic parameters (ΔG, ΔH, ΔS) at heating rates (β) of 30, 40, and 
50°C/min. Validated against literature, key findings include:

(a) Deconvolution of derivative thermogravimetry (DTG) profiles aligned with lignocellulosic decom
position mechanisms, corroborating prior biomass studies.

(b) Higher β increased Ea, reflecting thermal sensitivity and consistency with kinetic theory. SrWRFs 
showed optimal pyrolysis performance at 50°C/min.

(c) The SR8 model (g(α) = [-ln(1 - α)]4) provided the best fit, with Ea rising from 203.98 kJ/mol (30°C/ 
min) to 262.11 kJ/mol (50°C/min).

(d) Thermodynamic analysis confirmed the process as endothermic and non-spontaneous (ΔH > 0, ΔG  
> 0), emphasizing energy-driven degradation.

These insights are critical for optimizing SrWRFs in sustainable applications like biocomposites, biofuels, 
and bioenergy systems, where decomposition behavior dictates material design and process efficiency. The 
study underscores the importance of kinetic and thermodynamic parameters in advancing biomass con
version technologies.

Future studies should optimize reactors using kinetic/thermodynamic data, test SrWRF-agro-residue 
blends for cost-efficiency, and employ machine learning for pyrolysis prediction. Catalytic pyrolysis and 
life-cycle analyses can boost sustainability and scalability. These advancements will integrate SrWRFs into 
circular bioeconomy systems, enabling sustainable bioenergy production. This work establishes key 
groundwork for developing efficient, eco-friendly biomass conversion technologies.

Highlights

● Pyrolysis of SrWRFs was investigated at high heating rates using TGA.
● A three-Gaussian deconvolution approach separated the biomass into HCL, CL, and LG.
● Coats-Redfern kinetics identified SR8 as the best-fitting model with high Ea.
● Thermodynamics confirmed the endothermic and non-spontaneous nature of degradation.
● Kinetic compensation effect and model validation reinforced accuracy of results.
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Nomenclature and abbreviation

A Pre-exponential factor (min-1)
AR Acceleratory rate (equations)
CL Cellulose
CMP Criado master plot
CP Chemical process (or mechanism that does not involve equations)
CRM Coats-Redfern method
DM Diffusion mechanism (deceleratory rate equations)
DTG Derivative thermogravimetry
Ea Activation energy (kJ/mol)
f(α) Reaction mechanism function
g(α) Integral expression for the reaction mechanism
h Planck constant (6.626 x 10-34 m2.kg/s)
HCL Hemicellulose
LG Lignin
k(T) Arrhenius equation
KB Boltzmann constant (1.381 x 10-23 m2.kg/s2.K)
kiso Isokinetic rate constant
P Pseudo-component
PR Phase boundary reaction (deceleratory rate equations)
R Gas constant (0.008321 kJ/mol)
R2 Correlation coefficient
SR Sigmoidal rate equations or random nucleation followed by growth
SrWRFs Syagrus romanzoffiana waste rachis fibers
T Temperature (K)
TGA Thermogravimetric analysis
Ti Initial decomposition temperature
Tiso Theoretical isokinetic temperature
Tf Final decomposition temperature
Tm Maximum temperature at which substantial WL begins
TP Peak temperature
WL Weight loss
W0 Initial weight of the specimen (g)
Wf Residual weight after the process (g)
Wi Weight recorded at the moment of measurement (g)
α Sample conversion
β Heating rate (°C/min)
ΔG Gibbs free energy
ΔS Entropy
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