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A B S T R A C T  

Slow-heating pyrolysis experiments of 14 plant species native to forests in the southern United States were 
conducted in a TGA to find the kinetic parameters for slow pyrolysis of all live and air-dried plant samples. 
Kinetic coefficients were determined from the data using model-fitting methods, resulting in single kinetic pa-
rameters for the entire pyrolysis process which can be used by wildland fire modelers. The model forms explored 
here are a simple one-step model and single and multiple reaction distributed activation energy (DAE) models. 
The mass loss and derivative mass loss data were fitted simultaneously at heating rates of 10, 20, and 30 ◦ C 
min�1 to find kinetic parameters for these model forms. 

The multiple-reaction DAE model gave the best fit to the pyrolysis data at multiple heating rates when multiple 
peaks were observed. The multiple pyrolysis peaks were attributed to decomposition of hemicellulose, cellulose, 
and lignin, based on literature observations for biomass. The order of activation energies for pyrolysis of all plant 
species indicated that hemicellulose and extractives decompose more readily than cellulose and finally lignin.   

1. Introduction 

Prescribed burning in the southern United States is an important tool 
used by land managers to accomplish several objectives such as wildlife 
habitat management, hazardous fuel reduction, maintenance of critical 
military training areas, control of insects and disease, improved grazing, 
maintenance of fire-dependent species and plant communities and 
management of competing vegetation [1]. In order to refine fire appli-
cation to achieve desired fire characteristics and reduce undesirable fire 
characteristics, an improved understanding of the main processes 
related to pyrolysis and ignition is needed for the heterogenous fuel beds 
of live and dead vegetation [2]. 

The pyrolysis of major biomass components such as cellulose, 
hemicellulose and lignin has been studied in detail [3–8]. However, the 
study of these components is not sufficient to understand the pyrolysis 
behavior of plant species during wildland fires [9]. Plant species are a 
combination of these biopolymers, and the presence of each component 
affects the pyrolysis of others. While there are general descriptions of the 
compositional makeup of plants for combustion and smoke emissions 
purposes, it has long been recognized that plants differ chemically and 
physically in many ways that contribute to differing combustion 

behavior [10–14]. Kinetic models are needed to describe the pyrolysis 
behavior of a plant which contains different components. 

As biomass is heated, moisture is first released at temperatures below 
150 ◦C. At low heating rates, two distinct peaks in the pyrolysis rate are 
often observed at 250–350 ◦C and 300–450 ◦C, which are attributed to 
the degradation of cellulose and hemicellulose. A broad peak is also 
often modeled ranging from 200 to 600 ◦C that is thought to represent a 
combination of pyrolysis of cellulose, hemicellulose, and lignin (see for 
example [4,7,15]). 

Thermogravimetric Analyzer (TGA) is the most common tool used by 
many researchers to study the pyrolysis kinetics of woody biomass. 
Thermogravimetric/differential thermogravimetry (TG/DTG) experi-
ments can be either isothermal or non-isothermal. Non-isothermal 
methods are most commonly used for pyrolysis, since pyrolysis always 
starts during the heating period [16–19]. At a constant heating rate, time 
and temperature are related through:  

T = β t+ T0 (1) 

where t is time, β is the heating rate, T is the temperature, and T0 is the 
initial temperature. 

Global devolatilization models are generally used to describe 
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biomass pyrolysis due to the complexity of the solid-phase reactions. 
There are three types of global devolatilization kinetic models: one-step 
models, two-competing-step models, and distributed activation energy 
(DAE) models. In each model, the number of kinetic pathways that re-
action can take determines the number of steps. These models have been 
used to study pyrolysis kinetics for a variety of biomass fuels [4,20,21]. 

The slow and fast pyrolysis characteristics of live and dead vegeta-
tion native to the southern United States and the analysis of pyrolysis 
products and the effect of temperature and heating rates on the distri-
bution of pyrolysis products have been measured in detail [22–27]. In 
addition, the kinetics of pyrolysis using iso-conversional methods and 
the dependence of activation energy on conversion were explored, and 
kinetic parameters as a function of conversion were reported [28]. 
However, since several current physical models of wildland fire use a 
single kinetic parameter obtained from global kinetic models, a study 
was performed to find single kinetic parameters for selected wildland 
plants based on these global kinetic models. 

In this work, the kinetics of pyrolysis of 14 plant species native to the 
southern United States using global kinetic models were studied using 
simple model forms, including a simple one-step model as well as single- 
and multiple-reaction DAE models. 

2. Experimental 

2.1. Material 

Amini et al. [22,28] studied the slow-heating pyrolysis of 14 
different plant species native to the southeastern United States forests. 
These plant species were selected to represent the range of live wildland 
fuels that commonly occur in wildland fires in this region which ac-
counts for approximately 2/3 of the area (4.7 million ha) treated with 
prescribed fire in the U.S. annually [29]. The plants were grown in 
nurseries in the region and shipped overnight to the fire laboratory at 
Brigham Young University in Utah. Foliage at two moisture levels, live 
and air-dried, were used in the TGA apparatus. A portion of the plants 
were cut from the roots and allowed to air dry for a minimum of one 
week to reach a moisture content less than 10 wt%; these air-dried 
samples are referred to in this paper as dead since they are below the 
commonly assumed moisture content for dead plants of 30 wt%. While 
moisture content of the sample and plant species were the two experi-
mental factors studied, it was possible to study the effect of aging 
(weathering) for one of the species. The primary dead fuel in the pine 
forests of the southeastern U.S. is the cast foliage (pine straw) from the 
pine trees. Because longleaf pine is an evergreen tree, its living needles 
are retained on the plant for one or two growing seasons [30,31] and 
then abscised. The foliage loses its characteristic green color and the 
protective waxy cuticle begins to weather on the forest floor. Table 1 
lists the plant species used in the pyrolysis experiments, classified into 
four growth types: shrub, palm, tree, and grass. The elemental analysis 
and the component analysis (i.e., cellulose, hemicellulose, lignin, and 
details of extractives) of these plant species were published by Matt et al. 
[14] and included with permission in the Supplementary Material 
(Tables S1-S3). 

2.2. Thermogravimetric experiments 

Slow-heating pyrolysis experiments were performed in a thermog-
ravimetric (TGA-DSC METTLER TOLEDO)1 in Helium with a flow rate of 
50 mL min�1 [22,28]. For each experiment, an approximate 6 mg 
sample of leaf or needles was placed in the platinum 30 μL crucible. 
Samples were cut from the leaf (or needle) portion of the live or dead 

The use of trade or firm names in this publication is for reader information 
and does not imply endorsement by the U.S. Department of Agriculture of any 
product or service. 

Table 1 
List of plants used in pyrolysis experiments.  

Common name Scientific name Growth 
form 

Leaf 
shape 

Inkberry 
Yaupon 

Ilex glabra (L.) A. Gray 
Ilex vomitoria Aiton ‘Schelling 
Dwarf’ 

Shrub 
Shrub 

Elliptical 
Elliptical 

Fetterbush 
Wax myrtle 
Darrow’s blueberry 

Lyonia lucida (Lam.) K. Koch 
Morella cerifera (L.) Small 
Vaccinium darrowii Camp 
“Rosa’s Blush” 

Shrub 
Shrub 
Shrub 

Elliptical 
Elliptical 
Elliptical 

Sparkleberry 
Swamp bay 
Dwarf palmetto 

Vaccinium arboreum Marshall 
Persea palustris (Raf.) Sarg. 
Sabal minor (Jacq.) Pers. 

Shrub 
Shrub 
Palm 

Elliptical 
Elliptical 
Palmate 

Saw palmetto Serenoa repens (W. Bartram) 
Small 

Palm Palmate 

Water oak Quercus nigra L. Tree Elliptical 
Live oak 
Longleaf pine foliage 

Quercus virginiana Mill. 
Pinus palustris Mill. 

Tree 
Tree 

Elliptical 
Linear 

Longleaf pine litter 
(pine straw) 

Little bluestem 

Pinus palustris Mill. 

Schizachyrium scoparium 
(Michx.) Nash 

Tree 

Grass 

Linear 

Linear 

Wiregrass Aristida stricta Michx. Grass Linear 

samples and placed directly in the crucible within a few seconds. Three 
replications were performed for each plant species using linear heating 
rates of 10, 20 and 30 ◦C min-1 (9 experimental runs) with a final tem-
perature of 800 ◦C. To exclude buoyancy effects, a blank experiment was 
conducted before each experiment. Small particle sizes (0.5�1 mm) 
were used in order to ensure kinetic control and eliminate heat and 
diffusion transfer problems. 

3. Kinetic modeling 

Biomass pyrolysis depends on the conversion, residual mass, heating 
rate, and temperature. The mass loss and derivative mass loss data were 
fitted simultaneously at heating rates of 10, 20, and 30 ◦C min�1 to find 
kinetic parameters. 

3.1. Simple one-step model 

Biomass pyrolysis is often described by the following simple 
reaction: 

Solid → Volatiles+Char (2) 

The simple one-step model is based on the Arrhenius reaction form. 
Many researchers have used this Arrhenius model in computational fluid 
dynamics (CFD) codes [32–34]. The simple first-order pyrolysis model 
is: 

(3)

where A and E are Arrhenius kinetic coefficients, t is time, T is the 
particle temperature, R is the Arrhenius constant, V is the normalized 
mass of volatiles, and V∞ is the final value of V. 

3.1.1. DAE models 
The distributed activation energy (DAE) model was originally pro-

posed by Vand [35] and has been applied to different complex reactions 
[21,36–41]. This model assumes that the decomposition of biomass 
occurs through a variety of reactions that have a range of activation 
energies. The activation energy distribution function representing the 
range of activation energies is usually taken to be a Gaussian distribu-
tion. The DAE approach is therefore similar to iso-conversional tech-
niques, except that the change in activation energy with conversion uses 
a model form instead of curve-fit at each extent of conversion. In this 

1 
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study, two forms of DAE were used: (1) the single-reaction DAE model, 
and (2) the multi-reaction DAE model. 

The single-reaction DAE model is 
shown in Eq. 4. A mean and standard deviation of the activation energy 
must be specified along with a single pre-exponential factor. The shape 
of the distribution function is assumed to be Gaussian. The original 
formulations of the DAE model used parallel reaction rates, so that all 
activation energies could participate in the reaction at any time [35,39]. 
However, since reactions with the lowest activation energies generally 
participate in the reaction first, the series form of the DAE model pro-
posed by Grant et al. [42] is used, which is much more computationally 
efficient and physically more realistic. The series reaction formulation 
calculates the effective activation energy as a function of the extent of 
reaction based on a Gaussian distribution, as follows: 

(4)

(5) 

where σE is the standard deviation for the activation energy distribution, 
Ea is the mean activation energy, Z is an inverse cumulative Gaussian 
distribution of activation energies based on fuel conversion, R is the gas 
constant, V is the normalized mass of volatiles, V∞ is the final value of V, 
and erfinv is the inverse of the error function. 

According to the DAE model, a 
plant sample consists of multiple pseudocomponents, where a pseudo-
component is a group of reactive species that show similar reactivity. 
Each pseudocomponent is composed of a theoretically infinite number 
of fractions with different activation energies that usually follow a 
Gaussian distribution. A series formulation of the first-order DAE model 
is assumed for each pseudocomponent, which defines the time and 
temperature dependence of the released volatiles, Vj: 

(6)

(7) 

where σEj, Eaj, Zj, Vj, and V∞j are the standard deviation for the activa-
tion energy distribution, the mean activation energy, the distribution 
based on fuel conversion, normalized mass of volatiles, and the final 
value of Vj for the pseudocomponent j, respectively. The resulting final 
reaction rate curve is the weighted sum of the individual dVj/dt rates: 

(8)

(9) 

The final volatiles yield of any pseudocomponent is Vj /V∞ . 

4. Model evaluating methods 

To compare the predicted values from model fitting methods and 
experimental data obtained from slow pyrolysis of all live and dead 
plant species in TGA, the root mean square error (RMSE) and mean 
absolute error (MAE) values were calculated as follows: 

(10)

(11)

where Pi is the predicted value from the model, Ei is the experimental 
data point, and n is the number of employed experimental data points 
[43]. 

5. Statistical analysis 

For statistical analysis, the ANOVA (Analysis of Variance) data 
analysis tool in Microsoft Excel 2017 was used [44]. All the results of this 
study are the average of three replications, and the error bars represent 
the ±90 % confidence intervals for three experiments. The 90 % confi-
dence intervals (α = 0.1) using the t-value table are calculated as 
follows: 

(12)

where x‾ is the average value of the replications, s is standard deviation, 
n is the number of replications, t(α,n-1) is the t-value which is equal to 
2.92. 

6. Results and discussion 

6.1. Completion temperature 

The completion temperature has been extensively used by many 
researchers to characterize pyrolysis and combustion properties of solid 
fuels [5,45,46]. The temperature where the normalized rate of decom-
position decreases consistently to less than 1% min�1 is defined as the 
completion temperature [5]. The pyrolysis completion temperature was 
determined for both the live and dead plant species at all three heating 
rates of 10, 20, and 30 ◦C min�1; the results for the live samples are 
presented in Fig.1. Similar results for the dead samples are given by 
Amini [26]. 

The pyrolysis completion temperature varied between 381 and 473 
◦C, with little bluestem grass having the lowest completion temperature 
and inkberry having the highest. The colors in Fig. 1 represent the 
growth form indicated in Table 1. The grasses and the pine needles had 
the lowest completion temperature, and the shrubs had the highest 
completion temperature. The pyrolysis completion temperature may 
possibly be related to the propensity of the plant species to burn; plant 
species with low pyrolysis completion temperatures would finish 
burning earlier in a fire scenario. 

The effect of heating rate on completion temperature is also shown in 
Fig. 1; increasing heating rate increased the completion temperature. 
For example, increasing heating rate from 10 to 30 ◦C min�1 increased 
the completion temperature from 458 to 473 ◦C and from 361 to 381 ◦C 
for inkberry and little bluestem grass, respectively. Pyrolysis at higher 
heating rates occurs in shorter reaction times which results in the 
decomposition of sample at higher temperature [47,48]. It is expected 
that the completion temperature will continue to rise at higher heating 
rates. 

The completion temperature was also compared between live and 
dead samples (Fig. 2). Little bluestem grass, yaupon, and fetterbush had 
almost the same completion temperature between live and dead sam-
ples. Most of the species such as live oak, water oak, wax myrtle, spar-
kleberry, wire grass, inkberry, Darrow’s blueberry, and saw palmetto 
had higher completion temperature for live samples, showing that these 
species became more combustible after drying. 

For longleaf pine, swamp bay, and dwarf palmetto, the completion 
temperature was higher for dead samples, showing that these plant 
species may have become slightly less combustible after drying. 
Comparing the results for longleaf pine revealed that, aging increased 
the completion temperature and made the fuel less combustible. This 
could be caused by lower amount of extractives in pine straw, which 
pyrolyze at low temperatures and have been reported to have catalytic 
effects on pyrolysis [6]. 
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Fig. 1. The completion temperature for all live plant species at heating rates of 10, 20, and 30 ◦C min�1. Error bars represent the 90 % confidence intervals based on 
three samples. 

Fig. 2. Completion temperature for all live and dead plant samples at heating rate of 30 ◦ C min�1. Species order is the same as in Table 1 to permit grouping by 
growth type. 

6.2. Simple one-step model 

As recommended by Hillier et al. [49], the cumulative mass and the 
derivative of the mass from all heating rates of 10, 20, and 30 ◦C min�1 

were fitted simultaneously to the first-order single reaction model. All 
fits were performed in Excel using the simple Euler method to integrate 
the differential equations using the exact time points of the TGA data. 
Representative curve-fits of the TGA and DTGA single peak and multiple 
peak pyrolysis data for live little bluestem grass and live water oak using 
the simple one-step model are presented in Fig. 3. Complete details are 
given by Amini [26] and are shown in the Supplementary Material 
(Fig. S1). 

The values of activation energies and pre-exponential factors for the 

pyrolysis zone (first peak after the drying zone) of each plant species 
were determined using the combined data from the experiments at three 
constant heating rates of 10, 20, and 30 ◦C min�1, and the results are 
presented in Table 2 and Fig. 4. For live samples, activation energies 
obtained from the simple one-step model were in the range of 47.7 to 
76.9 kJ mol-1. Yaupon had the lowest activation energy with a value of 
47.7 ± 2.8 kJ mol-1. The highest activation energy with a value of 76.9 ± 
2.1 kJ mol-1 were obtained from pyrolysis of saw palmetto. For dead 
samples, activation energies were in the range of 47.1 to 76.6 kJ mol-1. 
The lowest activation energy for dead samples (47.1 ± 2.4 kJ mol-1) was 
obtained from pyrolysis of yaupon. Dead saw palmetto had the highest 
activation energy (76.6 ± 1.2 kJ mol-1) of all the dead samples. Among 
all plant species, dwarf palmetto exhibited the largest statistical 
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Fig. 3. Comparison of simple one-step model curve-fit with TG and DTG curves for (a) live little bluestem grass and (b) live water oak at the heating rates of 10, 20, 
and 30 ◦C min�1. 

difference in activation energy value (5 kJ mol-1, absolute) between the 
live and dead samples (P < 0.05), which is less than a 10 % difference 
from the live sample value. Wax myrtle and saw palmetto had the lowest 
difference in activation energy value (0.3 kJ mol-1) based on simple one- 
step model between live and dead samples (less than 0.5 % of the live 
value). 

6.3. Single-Reaction DAE model 

Using the DAE model with one set of coefficients, the cumulative 
mass data and the derivative of the mass from the heating rates of 10, 20, 
and 30 ◦C min�1 were fitted simultaneously in a manner similar to 
Hillier et al. [49]. Representative curve-fits of the TGA and DTGA single 
peak and multiple peak pyrolysis data for live little bluestem grass and 
live water oak using the single-reaction DAE model are presented in 
Fig. 5. Complete results are shown in the Supplementary Material 
(Fig. S2). 

The DAE model matched the DTG peaks fairly well for the single 
peak curves (Fig. 5a), but did not agree as well with the multi-peak data 
(bottom left panel). The values of Ea, σE, and A for the pyrolysis zones 
(after drying zone) of each plant species were determined using the 

combined data from the experiments at three constant heating rates of 
10, 20, and 30 ◦C min�1. The resulting coefficients determined for each 
plant species are presented in Table 3. 

For live samples, activation energies obtained from the single-
reaction DAE model were in the range of 123.7 – 270.1 kJ mol�1 as 
shown in Fig. 6. Yaupon had the lowest activation energy with a value of 
123.7 ± 5.8 kJ mol�1. The highest activation energy (270.1 ± 4.8 kJ 
mol�1) was obtained from pyrolysis of saw palmetto. For dead samples, 
activation energies were in the range of 129.1 – 266.7 kJ mol�1. The 
lowest activation energy with a value of 129.1 ± 1.3 kJ mol�1 was ob-
tained from pyrolysis of yaupon. Saw palmetto had the highest activa-
tion energy with a value of 266.7 ± 2.4 kJ mol�1. Among all plant 
species, pine straw exhibited the largest difference in activation energy 
value (15.6 kJ mol�1) between the live and dead samples. The next 
largest differences in activation energies were observed between live 
and dead samples of sparkleberry (5.5 kJ mol�1) and wax myrtle (5.3 kJ 
mol�1). Water oak had the lowest difference (0.1 kJ mol�1) in activation 
energy values based on the single-reaction DAE model between live and 
dead samples. 



Journal of Analytical and Applied Pyrolysis 157 (2021) 105167

6

 

  

 

  

E. Amini et al.                                                                                                                                                                                                                                   

Table 2 
Kinetic coefficients (mean values of three replicates) obtained from the simple 
one-step model for each plant species (the 90 % confidence intervals are re-
ported in the parentheses).  

Ea (kJ mol�1) Log10 A (s�1) V∞ (normalized)
Species 

Live Dead Live Dead Live Dead 

Darrow’s 
blueberry 

50.2 
(4.4) 

51.0 
(4.6) 

2.23 
(0.47) 

1.87 
(0.25) 

0.62 
(0.02) 

0.62 
(0.03) 

Dwarf palmetto 54.3 
(4.2) 

59.3 
(6.7) 

4.29 
(0.86) 

3.55 
(0.93) 

0.62 
(0.04) 

0.63 
(0.02) 

Fetterbush 59.9 
(4.3) 

61.6 
(4.2) 

2.18 
(0.31) 

2.41 
(0.20) 

0.60 
(0.03) 

0.61 
(0.04) 

Inkberry 50.6 
(4.4) 

53.5 
(4.5) 

1.89 
(0.09) 

2.64 
(0.41) 

0.60 
(0.03) 

0.61 
(0.01) 

Live oak 51.8 
(4.5) 

55.3 
(3.7) 

2.86 
(0.20) 

2.75 
(0.09) 

0.55 
(0.04) 

0.56 
(0.06) 

Little bluestem 
grass 

58.2 
(3.9) 

60.1 
(7.4) 

4.39 
(0.30) 

4.16 
(0.11) 

0.60 
(0.04) 

0.60 
(0.01) 

Longleaf pine 
foliage 

65.2 
(5.3) 

61.6 
(5.7) 

2.49 
(0.01) 

2.29 
(0.02) 

0.63 
(0.04) 

0.61 
(0.03) 

Longleaf pine 
litter 

– 70.7 
(7.2) 

– 4.29 
(0.13) 

– 0.64 
(0.03) 

Saw palmetto 76.9 
(3.5) 

76.6 
(2.0) 

3.47 
(0.23) 

3.25 
(0.14) 

0.55 
(0.03) 

0.55 
(0.05) 

Sparkleberry 53.2 
(4.6) 

55.6 
(4.8) 

2.15 
(0.12) 

2.51 
(0.25) 

0.56 
(0.�3) 

0.56 
(0.01) 

Swamp bay 54.1 
(5.6) 

58.4 
(7.2) 

2.83 
(0.22) 

2.82 
(0.14) 

0.61 
(0.06) 

0.59 
(0.02) 

Water oak 50.6 
(3.9) 

52.9 
(4.9) 

2.42 
(0.11) 

3.23 
(0.12) 

0.60 
(0.03) 

0.60 
(0.02) 

Wax myrtle 66.7 
(5.3) 

66.4 
(1.8) 

2.40 
(0.12) 

2.20 
(0.17) 

0.50 
(0.02) 

0.51 
(0.02) 

Wire Grass 74.6 
(5.1) 

72.2 
(2.2) 

4.54 
(0.11) 

4.45 
(0.27) 

0.66 
(0.03) 

0.67 
(0.03) 

Yaupon 47.7 
(3.1) 

47.1 
(4.0) 

2.37 
(0.15) 

2.59 
(0.13) 

0.58 
(0.02) 

0.57 
(0.03) 

6.4. Multiple-Reaction DAE model 

A different number of reactions corresponding to the number of DTG 
peaks and shoulders were considered for each plant species. Note that 
the DTG peaks occurred at different temperatures for each plant type 
(Fig. 7). For Darrow’s blueberry, fetterbush, live oak, saw palmetto, 
sparkleberry, water oak, wax myrtle, wire grass, and yaupon, the DTG 
curves at a heating rate of 30 ◦C min�1 have two main peaks at 250–320 

◦C and 320–355 ◦C followed by a side peak or shoulder around 420 ◦C. 
Based on the biomass pyrolysis literature, the first peak can be attributed 
mainly to hemicellulose decomposition. Cellulose decomposition is 
thought to form two groups of reactions (second and third peaks) due to 
the more complex structures of these plant species than pure cellulose. 
Water oak also has a shoulder around 240 ◦C, which may be attributed to 
the decomposition of extractives. The decomposition of components 
obviously depends on the structure of the plant species. The plant spe-
cies with more complex structures are more difficult to decompose. 

For all plant species, lignin is thought to decompose over a wide 
range of temperatures (100–600 ◦C), overlapping the other peaks, so 
that each reaction modeled likely describes some portion of lignin 
degradation. Dwarf palmetto exhibited a main pyrolysis peak around 
330 ◦C and a side peak around 410 ◦C, both of which are likely attrib-
uted to cellulose decomposition. The two side shoulders around 220 ◦C 
and 290 ◦C are likely attributed to the extractives and hemicellulose 
decomposition, respectively. Inkberry exhibited a main peak around 290 
◦C. The two peaks around 360 and 430 ◦C and a shoulder around 450 ◦C 
are attributed to the cellulose decomposition. A side shoulder around 
230 ◦C is related to the decomposition of extractives. 

For little bluestem grass, the two cellulose peaks and the hemicel-
lulose peak observed for most of the plant species are highly merged 
around 320 ◦C, which may be due to the catalytic activity of the mineral 
content for this species. Swamp bay has a main peak and a shoulder that 
occurred around 355 ◦C and 410 ◦C, respectively. Two observed 
shoulders around 240 ◦C and 325 ◦C are mainly attributed to the ex-
tractives and hemicellulose decomposition, respectively. For longleaf 
pine foliage and pine straw, the main pyrolysis peak occurred around 
370 and 355 ◦C, respectively, which is attributed to the cellulose 
decomposition. Both of these samples also showed a side peak between 
410–430 ◦C. Two observed shoulders between 230 and 350 ◦C are 
attributed to the extractives and hemicellulose decomposition. 

Similar DTG curves and the same number of reactions were observed 
for both longleaf pine foliage and pine straw. However, a shift in the 
temperatures of the peaks in the DTG curve of pine straw was observed, 
which could be attributed to the lower amount of extractives in pine 
straw (which have been shown to have catalytic effects during pyroly-
sis). Swamp bay exhibited a similar pyrolysis behavior to longleaf pine 
foliage. 

Even though the peaks and shoulders for all plant species are mainly 
attributed to the decomposition of main components (e.g. cellulose, 

Fig. 4. Comparison of activation energies from the simple one-step model curve-fit with TG and DTG curves at heating rates of 10, 20, and 30 ◦ C min�1. Error bars 
represent the 90% confidence intervals. Activation energies are shown in order of the live sample activation energy. 
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Fig. 5. Comparison of best-fit single-reaction DAE model (lines) with TGA and DTG data (points) for a) live little bluestem grass and b) water oak at heating rates of 
10, 20 and 30 ◦C min�1. 

Table 3 
Kinetic parameters (mean values of three replicates) obtained from the single-reaction DAE model for each plant species (the 90 % confidence intervals are reported in 
the parentheses).  

Ea (kJ mol�1) Log10 A (s�1) σE (kJ mol�1) V∞ (normalized)
Species 

Live Dead Live Dead Live Dead Live Dead 

Darrow’s blueberry 
Dwarf palmetto 

163.4(5.5) 
198.6(4.8) 

163.8(3.6) 
201.9(3.6) 

21.80(1.21) 
23.46(1.30) 

21.60(1.28) 
23.59(1.22) 

24.4(1.7) 
20.7(0.8) 

15.5(1.4) 
18.9(0.5) 

0.68(0.06) 
0.63(0.06) 

0.66(0.07) 
0.66(0.02) 

Fetterbush 
Inkberry 

212.4(5.1) 
175.5(3.8) 

217.7(3.8) 
178.5(2.7) 

17.46(1.49) 
18.56(1.26) 

18.72(1.50) 
18.28(1.15) 

14.8(0.6) 
17.3(1.2) 

19.0(0.4) 
4.5(0.7) 

0.65(0.03) 
0.66(0.03) 

0.65(0.03) 
0.66(0.03) 

Live oak 
Little bluestem grass 

183.3(5.5) 
213.1(4.5) 

182.9(4.3) 
215.3(4.1) 

20.17(1.30) 
19.52(2.14) 

20.63(2.00) 
19.91(1.03) 

15.8(1.4) 
11.5(2.2) 

19.4(0.8) 
15.2(1.4) 

0.58(0.04) 
0.61(0.05) 

0.59(0.02) 
0.61(0.02) 

Longleaf pine foliage 
Longleaf pine litter 
Saw palmetto 

223.5(5.9) 
– 
270.1(4.8) 

220.5(6.1) 
239.6(5.7) 
266.7(3.9) 

21.17(2.20) 
– 
18.04(1.13) 

21.85(1.02) 
14.63(1.06) 
18.23(2.25) 

11.7(2.1) 
– 
28.9(2.4) 

12.5(2.5) 
13.9(0.6) 
15.3(1.4) 

0.67(0.03) 
– 
0.57(0.04) 

0.64(0.03) 
0.66(0.02) 
0.58(0.05) 

Sparkleberry 
Swamp bay 
Water oak 

185.6(3.3) 
201.7(6.1) 
169.9(2.8) 

180.1(5.3) 
200.2(2.8) 
169.8(2.2) 

19.18(1.09) 
18.81(1.27) 
16.93(1.03) 

19.72(1.13) 
19.18(1.06) 
17.61(2.01) 

13.4(2.7) 
7.6(2.2) 
14.2(2.9) 

14.8(1.4) 
19.0(1.8) 
26.4(5.0) 

0.60(0.02) 
0.64(0.09) 
0.64(0.03) 

0.59(0.07) 
0.65(0.07) 
0.64(0.05) 

Wax myrtle 212.4(5.3) 217.7(1.8) 22.19(2.16) 22.54(2.10) 22.3(3.5) 15.6(2.6) 0.55(0.02) 0.52(0.08) 
Wire Grass 
Yaupon 

219.0(5.9) 
123.7(5.8) 

216.0(2.1) 
129.1(2.1) 

17.83(1.15) 
19.51(1.49) 

17.74(1.43) 
19.93(1.44) 

11.8(2.5) 
8.7(0.9) 

8.0(1.0) 
8.2(2.6) 

0.67(0.05) 
0.59(0.02) 

0.65(0.02) 
0.59(0.03) 
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Fig. 6. Comparison of activation energies from the DAE model curve-fit with 
TG and DTG curves at heating rates of 10, 20, and 30 ◦C min�1. Error bars 
represent the 90 % confidence intervals. Activation energies are shown in order 
of the live sample activation energy. 

hemicellulose, lignin), there are significant amounts of other compo-
nents such as proteins, sugars, lipids, starch, etc. [14], which decompose 
during each reaction. However, it is beyond the scope of this current 
work to assign reaction kinetics specifically to each component. 

Using one set of coefficients for each DAE model reaction (i.e., cor-
responding to each major peak in the DTG curve), the cumulative mass 
and the derivative of the mass from all heating rates of 10, 20, and 30 ◦C 
min�1 were fitted simultaneously for each plant species. Representative 
curve-fits of the TGA and DTGA data for live little bluestem grass (single 
peak) and live water oak (multiple peak) using the multiple-reaction 
DAE (MDAE) model are presented in Fig. 8. The resulting coefficients 
determined for each plant species are presented in the supplementary 
material (Table S4). A complete set of plots for the resulting fits is 
shown in the Supplementary Material (Fig. S3).The activation energies 
for the first reaction (R1) of each species are shown in Fig. 9 for 
comparison. 

According to the fits for the both single and multiple pyrolysis peaks 
curves, this model worked well for both single and multiple pyrolysis 
peaks. The model matched the DTG peaks as well as the cumulative TGA 
data for both single and multiple peak pyrolysis curves. The pyrolysis of 
both live and dead samples of Darrow’s blueberry, fetterbush, live oak, 
saw palmetto, sparkleberry, wax myrtle, wire grass, and yaupon con-
sisted of four reactions (Ri). Based on previous biomass modeling efforts 
[4,7,15], R1 and R4 are likely attributed to the hemicellulose and lignin 
decomposition, respectively. Cellulose decomposition is likely attrib-
uted to two reactions (R2 and R3). 

The pyrolysis of little bluestem grass consisted of three reactions of 
R1, R2, and R3 which were likely attributed to the decomposition of 
hemicellulose, cellulose and lignin, respectively. The pyrolysis of both 
live and dead samples of dwarf palmetto, longleaf pine, swamp bay and 
water oak consisted of five reactions. For these plants, R1, R2, and R5 
were likely attributed to the decomposition of extractives, hemicellu-
lose, and lignin, respectively. Cellulose decomposition is thought to 
occur during the two intermediate reactions (R3 and R4). 

The pyrolysis of live and dead inkberry consisted of six reactions. R1 
and R2 were likely attributed to the decomposition of extractives and 
hemicellulose, respectively. Cellulose decomposition likely occurred 
during three reactions (R3, R4, and R5). The last reaction (R6) was likely 
attributed to the lignin decomposition. Other biomass pyrolysis studies 
[4,15,48,50] have shown that hemicellulose and extractives are easier to 
decompose than cellulose, and cellulose is easier to decompose than 
lignin, which is consistent with other biomass pyrolysis studies. 

Comparing the DTG curves for different types of plant species 
revealed that the pyrolysis behavior was not consistent between species 
of the same groups. For example, for grass type species, wire grass had 

Fig. 7. Measured DTGA pyrolysis curves at a heating rate of 30 ◦C min�1 for (a) 
Darrow’s blueberry, fetterbush, live oak, saw palmetto, sparkleberry, wax 
myrtle, wire grass and yaupon (b) dwarf palmetto, inkberry, little bluestem 
grass, longleaf pine, pine straw, swamp bay and water oak. Lines are drawn to 
connect the data points. 

four reactions and little bluestem grass showed three reactions. A similar 
result was observed for broadleaf species such as inkberry, fetterbush, 
live oak, water oak, etc. which showed different pyrolysis behaviors. 
However, palm type species (dwarf palmetto and saw palmetto) showed 
similar pyrolysis behavior, each with two main peaks. 

7. Discussion 

The three models used above to find the kinetic parameters of slow 
pyrolysis reaction of all plant species were the simple one-step model, 
the single-reaction DAE model, and the multiple-reaction DAE model. 
The goal was to fit the TGA and DTG data at multiple heating rates in 
order to provide a model that possibly may be extrapolated to the 
heating conditions in fires (approximately 100 ◦C s�1). Fig. 10 shows the 
comparison of these three models vs. the DTG data for live little blue-
stem grass (one peak) and live water oak (multiple peaks). The lack of fit 
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Fig. 8. TG and DTG curves for (a) live little bluestem grass and (b) live water oak resulted from experimental data and multiple-reaction DAE model in heating rates 
of 10, 20, and 30 ◦C min�1. 

exhibited in Fig. 10a by the simple one-step model is because the model 
was fit to the data from all three heating rates. As expected, this model 
did not agree well with the data were multiple peaks were observed 
(Fig. 10b). 

The single-reaction DAE model matched the DTG peaks fairly well 
for the plant species with single peak pyrolysis curves, but not the data 
with multiple peaks. However, the multiple-reaction DAE model showed 
the best fit to the experimental data. In particular, the multiple-reaction 
DAE model is able to describe the slow decay in the reaction rate at 
temperatures above 375 ◦C. The multiple-reaction DAE model using the 
series reaction formulation is not much more complex and almost as fast 
as the simple first-order model and should be useful over a broader range 
of heating rates. 

To evaluate the quality of the fit between experimental and predicted 
data and have a quantified comparison between the models, both root 
mean square error (RMSE) and mean average error (MAE) values cor-
responding to the simulated datasets in Fig. 10 were calculated, and the 
results are presented in Table 4. The RMSE and MAE are commonly used 
together to evaluate the quality of the fit and the variation in the errors 
of a set of predicted data. The lower values of RMSE and MAE show 
better fit. The RMSE values are normally equal or greater than the MAE 
values. The larger the difference between RMSE and MAE values, the 
larger the variance of errors in the set of predictions. The equal values of 
RMSE and MAE show that all individual errors are of the same order of 

magnitude for a given model [43]. As shown in Table 4, the 
multiple-reaction DAE model had the lowest values of RMSE for both 
little bluestem grass and water oak, which indicates that this model had 
the best fit to the experimental data, compared to simple one-step and 
single-reaction DAE models. The multiple-reaction DAE model had the 
lowest values of RMSE and MAE for all species by approximately an 
order of magnitude. For all models, the small difference between RMSE 
and MAE values indicated that the variance in the errors of individual 
predicted data was relatively small. 

The influence of species on pyrolysis rate is reflected by the com-
parison of activation energies in Figs. 6,8, and 10. The sort order of 
activation energies varied slightly for some species with the model 
chosen. To illustrate this sort order, the activation energies for all of the 
models for each species were normalized by the average live-species 
activation energy for that particular model. Results are shown in 
Fig. 11, along with the average 90% confidence interval for that 
particular model. Regardless of the model chosen, yaupon had the 
lowest activation energy, and saw palmetto had the highest activation 
energy. However, when the first reaction for the MDAE model is 
compared, it is clear that some species such as wax myrtle and little 
bluestem grass had a lower first-reaction activation energy than for the 
other models, and hence changed sort order. The first-reaction activa-
tion energy may be related to ignition behavior. 

The variation in completion temperatures in live vs. dead samples 
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Fig. 9. Comparison of activation energies from the first reaction in the MDAE model curve-fit with TG and DTG curves at heating rates of 10, 20, and 30 ◦C min�1. 
Error bars represent the 90 % confidence intervals. Activation energies are shown in order of the live sample activation energy. 

Table 4 
RMSE and MAE values corresponding to the curve fits of the TGA pyrolysis data 
at 30 ◦C min�1 for 14 live plant species.  

plant 

Simple One-Step 
Model 

RMSE MAE 

Single-Reaction 
DAE model 

RMSE MAE 

Multiple-Reaction 
DAE model 

RMSE MAE 

Little 
bluestem 
grass 

5.2 × 
10�4 

4.6 × 
10�4 

2.5 × 
10�4 

2.1 × 
10�4 

5.9 × 
10�5 

5.5 × 
10�5 

Water oak 3.9 × 
10�4 

3.2 × 
10�4 

2.3 × 
10�4 

1.8 × 
10�4 

4.6 × 
10�5 

4.9 × 
10�5 

shown in Fig. 2 is not reflected in the live vs. dead activation energies for 
any of the above-mentioned models. The reason for this lack of corre-
lation is not readily apparent. In higher heating rate experiments, the tar 
and light gas yields were shown to be statistically different between the 
live and dead samples [24,51], which may be part of the explanation for 
why the completion temperature does not directly correlate with the 
activation energy. 

A simple attempt to compare the activation energies obtained from 
multiple-reaction DAEM model for each plant species with the corre-
sponding contents of cellulose, hemicellulose and lignin [26]. No sig-
nificant statistical correlation was observed between cellulose, 
hemicellulose and lignin content and the corresponding activation en-
ergies. However, a more rigorous statistical treatment is suggested 
before a definite conclusion can be made in this regard. 

8. Conclusion 

In this study, previously-reported slow-heating pyrolysis data of 14 
plant species were analyzed. Pyrolysis completion temperatures, which 
may be related to combustion rate, were found for all plant species. Each 
plant species had a different completion temperature, differing by as 
much as 100 ◦C. Increasing heating rate increased the completion 
temperature. 

Three different models (the single-reaction first-order model and the 
single and multiple reaction DAE models) were used to fit the TGA py-
rolysis data. The series form of the DAE model was used which greatly 
reduced computational time. The mass loss and derivative mass loss data 

Fig. 10. Comparison of best-fit simple one-step model, single-reaction DAE 
model, and multiple-reaction DAE model with DTG data for (a) live little 
bluestem grass and (b) live water oak at heating rate of 30 ◦C min�1. 
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Fig. 11. Normalized activation energies for the different models for each species. Normalization was by the mean live activation energy for that particular model. 
Error bars are the mean normalized 90 % confidence interval for that model. Data are in the same sort order as the 1-step live model results. 

at three heating rates of 10, 20, and 30 ◦C min�1 were fitted simulta-
neously to find kinetic coefficients for these model forms. 

The simple one-step model was not able to reasonably fit the mass 
loss data over the range of heating rates with one combined set of rate 
coefficients, nor was it able to match the multiple peaks observed in the 
DTGA data. The single-reaction DAE model was able to reasonably fit 
the pyrolysis data for some plant species with only one pyrolysis peak 
over all three heating rates, although many species had multiple peaks in 
the DTGA curves. The multiple-reaction DAE model fit the experimental 
data very well at all heating rates using 3–5 parallel reactions. 

Pyrolysis rates of live vs. dead (i.e., air-dried) species did not show 
significant differences, as indicated by the activation energies of each 
model. Yaupon had the lowest activation energy for all of the models 
[1], and saw palmetto had the highest activation energy for all the 
models. The sort order of activation energies did not change much with 
model form, except for two species. 
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