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Abstract

Several approaches to kinetic modelling of biomass pyrolysis were examined and critically evaluated based on a case study
of spruce wood powder pyrolysis in nitrogen atmosphere under non-isothermal conditions with different heating rates and
carrier gas flow rates. The pyrolysis modelling approaches analyzed: modelling with multiple Gaussians, isoconversional
kinetic models by Fridman (FR), Ozawa-Flynn-Wall (OFW), and Kissinger—Akahira—Sunose (KAS), as well as an integrated
kinetics-transport pyrolysis model. The multiple Gaussian model exhibited high quality of fits, with an average coefficient
of determination of 0.9933. It was found to be easy to implement, allowed determination of major pseudo-components, and
its parameters could be used to estimate kinetic parameters. Isoconversional approaches have a limited range of validity,
especially in biomass pyrolysis, and are therefore not recommended for use with biomass pyrolysis thermogravimetric data
sets. The newly adapted integrated kinetics-transport pyrolysis model exhibited sufficient quality of fits to the data across a
wide range of experimental conditions, indicating robustness and universal applicability to biomass pyrolysis. It also has the
potential to be modified to describe the pyrolysis of other materials. The average coefficient of determination, evaluated based
on the conversion rate of the integrated kinetics-transport pyrolysis model, was 0.9348. The integrated kinetics-transport
pyrolysis model describes both physical and chemical phenomena during the pyrolysis process.
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Introduction

Pyrolysis of biomass is a thermochemical conversion pro-
cess involving a complex set of concurrent and competitive
reactions under oxygen-depleted conditions [1]. Biomass
includes organic materials derived from plants and animals,
and is considered a vast, renewable resource with significant
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energy potential. Biomass is classified by origin into woody,
herbaceous, and animal-derived categories [2].

Kinetic models of biomass pyrolysis are divided into two
categories: (i) lumped and (ii) distributed models, depending
on the reaction mechanism of the pyrolysis process. Lumped
models group individual species into three product classes:
gas, tar and char, with their kinetic schemes for primary
and secondary degradation. Some also consider the three
main components of biomass: hemicellulose, cellulose, and
lignin, and their thermal decomposition. Distributed (acti-
vation energy) models assume that pyrolysis products are
formed by an infinite number of independent parallel reac-
tions with different activation energies distributed according
to a Gaussian function [3]. Other pyrolysis process models
include heat and mass transport models, particle models,
reactor models, and artificial neural network (ANN) models
[1].

Recently, biomass pyrolysis has also been modelled with
multiple Gaussians, each one representing one pseudo-
component. This modelling approach is especially useful to
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identify the major components of biomass during pyrolysis.
The model describes the behavior of the conversion rate in
the temperature domain well [4, 5]. This method has been
applied to tobacco straw pyrolysis [4] and pyrolysis of maca-
damia nut peel [5]. However, the parameters obtained from
the multiple Gaussians have not yet correlated with kinetic
parameters such as activation energies.

Isoconversional kinetic models have been used to describe
the pyrolysis of various biomass resources, such as wood [6],
corn stalk [7], agricultural biomass wastes [8], soybean stalk
[9], cattle manure [10], and flax shives [11]. However, as
these models were originally developed for studying poly-
mer decomposition and later extended to biomass pyrolysis
[12], they have substantial drawbacks when modelling bio-
mass pyrolysis. For example, isoconversional models have
been found to poorly describe pyrolysis phenomena at low
(below 0.2) and high (above 0.8) levels of conversion [13].
Therefore, they should be used with care and primarily dur-
ing the initial stages of pyrolysis data analysis, especially
when complex materials such as biomass are considered
[14].

Our previous work [15] presented an integrated kinetics-
transport pyrolysis model, in which pyrolysis kinetics con-
sidering four pseudo-components with first-order thermal
decomposition reactions, internal heat transfer (within the
sample), and external mass transport were modelled. The
model accurately described the thermal degradation of dry
hemp (Cannabis sativa L.) biomass under various condi-
tions: heating rate, carrier gas flow rate, particle size, and
plant part (roots, stems, and leaves). The non-isothermal
pyrolysis experiments were conducted in nitrogen atmos-
phere under 12 different conditions, and the model was
robust enough to fit the experimental conversion degree val-
ues, with an average coefficient of determination of 0.9980.
Since the thermogravimetric instrument was changed, the
existing model was modified accordingly and tested dur-
ing pyrolysis of spruce wood powder in nitrogen atmos-
phere. The kinetic part of the model remains unchanged
and considers the thermal degradation of four main pseudo-
components: volatiles, hemicellulose, cellulose, and lignin,
all with first-order of reactions. The modified integrated
kinetics-transport pyrolysis model is not the only one that
accounts for both kinetics and transport phenomena during
pyrolysis. Babu and Chaurasia [16] developed three different
kinetic-transport pyrolysis models, validated and compared
them using data from pyrolysis of cylindrical wood samples.
Numerical approaches to modelling kinetics and transport
phenomena during pyrolysis usually focus on a single par-
ticle and are based on computational fluid dynamics (CFD)
[17] or other finite element modelling software [18].

The aim of this paper is to assess the strengths and weak-
nesses of different modelling approaches commonly used
to process data from thermogravimetric analyses. The
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examined models include (i) the multicomponent Gaussian
model, (ii) isoconversional kinetic models by Fridman (FR),
Ozawa-Flynn-Wall (OFW), and Kissinger—Akahira—Sunose
(KAS), and (iii) an integrated kinetics-transport pyrolysis
model. This work provides pyrolysis experts with valu-
able new knowledge about kinetic modelling of biomass

pyrolysis.

Materials and methods
Spruce wood biomass sample

The spruce wood powder sample was prepared in order to
obtain small particles allowing to limit the effect of tem-
perature lags. This was done by using a rasp on a piece of
dried, unpainted spruce wood held in place by a workshop
bench vice and collecting the powder that fell from the rasp-
sample interface. The spruce wood powder sample contained
particles smaller than 1 mm. More details on the preparation
protocol and the maximum particle size estimation are avail-
able in Online Resource 1 (ESM_1).

Thermogravimetry

Pyrolysis of the spruce wood powder sample was inves-
tigated using thermogravimetry (TG) with the Q5000 IR
instrument (TA Instruments, New Castle, Delaware, USA).
Experiments were conducted in nitrogen (N,) atmosphere
under non-isothermal conditions at heating rates (f) of 5,
10, 15, 20, and 25 K min~!, with N, flow rate (Q) 50 mL
min’!, and at N, volumetric flow rates of 10, 20, 30, 40,
and 50 mL min~!, with a heating rate of 5 K min~!. Vari-
ous heating rates and N, flow rates were tested to assess the
robustness of the kinetic models. The initial mass of the
samples placed in the TG instrument ranged from 12.2 to
19.0 mg, with an average of 16.4 mg. The relatively high
initial masses (above 10.0 mg) were chosen to maintain pre-
cise mass measurements by minimizing relative measure-
ment errors. The authors note that measurement # 1, with the
lowest heating rate and highest carrier gas flow rate in the
experimental matrix, should closely reflect the true kinetic
behavior of the material’s thermal decomposition, as a low
heating rate minimizes temperature gradients within the
material and between the material and the temperature sen-
sor, while a high carrier gas flow rate ensures rapid removal
of gaseous products from the specimen, so kinetic limita-
tions dominate under these conditions. In all other measure-
ment conditions (except # 1), the models must compensate
for heat and mass transport limitations to achieve accuracy.
Measurements were always performed in the temperature
range from 30 to 800 °C. The TG experimental matrix is
presented in Table 1.
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Tabl(-.T 1 TG experimental # /K min" O/mL
matrix min-!

1 5 50

2 10 50

3 15 50

4 20 50

5 25 50

6 5 10

7 5 20

8 5 30

9 5 40

Modelling of pyrolysis

The pyrolysis kinetic model fitting was carried out in the
Python programming language using the Spyder integrated
development environment (IDE).

Modelling of pyrolysis with Gaussians

The conversion (X;) of pseudo-component (i) during pyroly-
sis is defined by Eq. 1, where m, ¢ is the initial mass, m;
is the final mass, and m; is the current mass. In the litera-
ture dealing with pyrolysis, the conversion degree (X in this
work) is usually denoted with small Greek letter alpha (a).
m; s — m
AT ®
The conversion rate of the biomass (dX/dr) is modelled
with Eq. 2, where w; is the mass fraction of pseudo-compo-
nent (i), and a;, b; and c; are parameters of the Gaussian for
pseudo-component Z, T is the temperature of the biomass (in
Kelvin), and # is the total number of pseudo-components. In
this work, the pseudo-components of the multiple Gaussians
model are denoted as follows: volatiles (i=1), hemicellulose
(i=2), cellulose (i=3), and lignin (i =4). The parameter q; is
proportional to the height of the curve's peak, b; indicates the
position of the center of the peak, and c; (standard deviation)

controls the width of the "bell".

dX n dXi n B (T::i)z
E=§wia=§aie<z‘z> 2)

Isoconversional kinetic models

Three different isoconversional kinetic models found in [7]
were tested. The first is the Fridman (FR) model, described
by Eq. 3, where f is the heating rate of the sample, A is the

pre-exponential factor at conversion X, f{X) is the differential
form of the conversion function (f(X)=1-X), E, x is the
activation energy at conversion X, and R is the universal gas
constant (8.314 J mol~! K™1).

dX Ea X

1 [ (—)] = InAyf(X)] = =% 3
n|A 37 n[Axf (0] - 2= 3)
The Ozawa-Flynn-Wall (OFW) model is defined by Eq. 4,
where g(X) is the integral form of the conversion function

(g(X)=—1In(1 -X)).

ALE E
[ X “’X] ~5.331 — 1.052—>

_ a,X
In[pl =1l 2 %) RT

“

The third tested model (Eq. 5) is the Kissinger—Aka-
hira—Sunose (KAS) model.

In[g/T?] = ln[ Rax ] _ B

EgX)| ~ RT )

All of the above isoconversional kinetic models require
data from at least two different heating rates to determine the
kinetic parameters. At the specified degree(s) of conversion
(X), the line(s) should accurately describe the models in the
domain of the reciprocal temperature of the sample (1/7).
The slope of the line defines the activation energy at the
specified conversion. A detailed description of the process-
ing of thermogravimetric analysis data for isoconversional
kinetic analysis of lignocellulosic biomass pyrolysis is avail-
able in [7].

Integrated kinetics-transport pyrolysis model

Since a different thermogravimetric measuring device was
used in our previous experiments [15], where the tempera-
ture sensor is in contact with the outer surface of the sam-
ple, the heat transfer model was modified to account for the
heat transfer resistance between the center of the sample
and the temperature sensor. In the current case, the tem-
perature is measured laterally to the sample (in the flow of
the carrier gas). The modification to the heat transfer model
enhanced the universality, flexibility, and applicability of
the integrated pyrolysis model. The newly developed model
still uses four pseudo-components to kinetically describe
biomass pyrolysis. Four pseudo-components (i) were con-
sidered in the kinetic modelling: volatiles (i=1), hemicel-
lulose (i=2), cellulose (i=3), and lignin (i =4). Transport
was modelled in terms of external mass transfer between
the sample and the carrier gas, and heat transfer between the
center of the sample and the temperature sensor.
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The sample’s overall conversion (X) is the sum of the
individual pseudo-component conversions X; multiplied by
their mass fractions w; (Eq. 6).

X =Y wX; ©)
i=1

Kinetics was modelled with a first-order differential
equation (Eq. 7), where external mass transport limita-
tions were neglected (at the highest carrier gas flow rate
of 50 mL min™}).

% =Aie<‘%>(1 - X)) (7

In cases with significant external mass transport resist-
ance (at N, flow rates below 50 mL min~'), kinetics and
mass transport were modelled using two first-order dif-
ferential equations (Egs. 8 and 9). Here X, ; represents the
kinetics limited pseudo-component’s conversion, X; rep-
resents the kinetics and mass transport limited pseudo-
component’s conversion, k; is the external mass transport
coefficient, and a is the ratio of surface area to volume of
the pyrolyzed material. The initial guess for k,a was esti-
mated to be 1.0-107% s™!, based on our previous work [15],
and was allowed to vary during execution of the algorithm.

dX;

@ ka(X,; — X;) (8)
dX, . Eai

TM = A T (1-X,;) ©)

The measured temperature 7, (at the temperature sen-
sor) was described by the first-order differential equation
(Eq. 10).

a7, 10
=5 (10)

The heat transfer between the sensor and the center of
the sample was modelled with the first-order differential
equation (Eq. 11), where p is the density of the sample, V
is the volume of the sample, C,, is the specific heat of the
sample, R, is the thermal resistance between the center of
the sample and the temperature sensor and y is the heat
transfer constant. The initial guess for y (7.2-10%2 s7hH
was calculated based on an assessment of the sample”’s
geometry, its material properties, and the thermal resist-
ance, which includes both convection and conduction.
The y parameter was then adjusted by the optimization
algorithm.

ar _ 1 I
@ = pver =) =r(Tu=T) (11)
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Therefore, kinetics and heat transfer modelling involve
solving a system of three first-order differential equations
(Egs. 7, 10, and 11), while modelling kinetics, heat trans-
fer, and external mass transport requires solving a system
of four first-order differential equations (Eqs. 8—11).

Results and discussion

The measured TG dataset is available in Online Resource
2 (ESM_2).

Description of pyrolysis with Gaussians

The sum of four Gaussian functions describes the measured
TG data well, with coefficients of determination (R?) ranging
from 0.9931 to 0.9935 and an average value of 0.9933. This
method is one of the easiest to implement, especially as an
initial step in the analysis of TG data, and helps identify the
number of major pseudo-components in the sample. How-
ever, the obtained Gaussian parameters, available in Online
Resource 3 (ESM_3), at this stage appear to provide little
useful information about the pyrolysis process itself.

A graphical representation of the fitted multiple Gaussian
model is shown in Fig. 1. Despite the model's relative sim-
plicity and the ease and high speed of the fitting procedure,
it accurately captures the observed conversion rate in the
temperature domain. Plots of all Gaussian fits are available
in Online Resource 4 (ESM_4).

Testing of isoconversional kinetic models

The TG data was also analyzed using isoconversional kinetic
models by Fridman (FR), Ozawa-Flynn-Wall (OFW), and
Kissinger—Akahira—Sunose (KAS), as described in "Iso-
conversional kinetic models" section. The results are pre-
sented in both numerical (Table 2) and graphical (Fig. 2)
formats, with additional graphs available in Online Resource
5 (ESM_5). There are few differences in the activation ener-
gies calculated by the three models; in particular the OFW
and KAS models yield almost identical results.

The coefficient of determination exceeds 0.90 for most
conversion values, but this is not the case at high conver-
sion degrees. R? begins to fall rapidly above a conversion
degree of 0.850 and starts to rise again 0.925. These abrupt
changes are associated with rapid fluctuations in the calcu-
lated activation energies. At conversions above 0.825, the
activation energy values tend to increase rapidly, followed by
a sharp drop to negative values at conversions above 0.900.
Considering all observed properties of the selected isocon-
versional kinetic models, researchers are strongly advised to
use other models to accurately describe biomass pyrolysis
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Fig. 1 Example of Gaussian fit for conversion rate in the temperature domain of data # 1 a with individual Gaussians representing pseudo-com-

ponents and b the overall model only

or to use the presented isoconversional kinetic models only
at the initial stages of TG data analysis and/or for validation
of other kinetic models.

A similar trend as shown in Fig. 2a was also observed
by Cai et al. [7] in their case study on the pyrolysis of corn
stalk, where activation energy rises, plateaus, and rises again
with increasing conversion. They did not display results
beyond a conversion of 0.85 and did not offer any specific
explanation for this. At a conversion of 0.85, they reported a
significantly lower coefficient of determination (R?), below
0.90 (0.8998), compared to lower conversions.

Application of integrated kinetics-transport
pyrolysis model

Our modified kinetics-transport pyrolysis model was applied
to all measured TG data for spruce wood powder pyrolysis.
The modelling results are shown in Fig. 3. The model fits
the data relatively well, except in the temperature region
between 400 and 600 °C. The fits could potentially be
improved if (i) another pseudo-component was added, as
done by Cano-Pleite et al. [19], but this would not reflect
the actual sample composition, or (ii) a higher reaction order
for lignin decomposition were used, which could be imple-
mented quite easily. However, Jiang et al. [20] reported that
the pyrolysis of all lignins except Klason lignin (which has
an order of 1.5) is first order with respect to solid decom-
position. Therefore, the model was kept unchanged to align
with the current understanding of spruce wood biomass
chemical composition and pyrolysis behavior.

The TG data presented in Fig. 3 shows the effects of
heating rate () variation (Fig. 3a, b) and carrier gas (N,)
flow rate (Q) variation (Fig. 3c, d), as observed experi-
mentally by multiple researchers. Both the relative mass
and mass loss rate curves shift to a higher temperature
range with increasing heating rate, a phenomenon known

as thermal hysteresis [4]. The main cause of the delayed
thermal degradation process at high heating rates is the
significant temperature difference between the surface and
interior of the particles, making conduction heat transfer
resistance an important factor [21]. The thermal hyster-
esis phenomenon has been observed by several researches,
including Jiang et al. [22]. Regarding the effects of car-
rier gas flow rate variation, the data points almost com-
pletely overlap. Therefore, there is a negligible effect of
nitrogen gas flow rate variations in the range from 10
to 50 mL min~! in experiments # 6-9 and # 1 using the
Q5000 IR instrument. Similar negligible effects of nitro-
gen flow rate were reported in laboratory scale TG experi-
ments on tire rubber pyrolysis [23]. The small influence of
carrier gas flow rate variations in laboratory scale pyrol-
ysis experiments may be reason most researchers focus
only on changing the heating rate, e.g., [24, 25]. Table 3
presents values related to the composition of spruce wood
biomass and its pyrolysis kinetic parameters. As spruce
is a major softwood species, the typical composition of
softwoods was referenced from the literature. Softwood
species typically contain 33-42% cellulose, 22—40% hemi-
cellulose, 27-32% lignin, and 2-3.5% extractives [26].
The calculated mass fraction of volatiles, 4.1%, is slightly
higher than the upper limit for extractives (3.5%), which
could be explained by additional moisture in the wood
sample. The hemicellulose fraction of 30.7% falls within
the typical range (22-40%) for softwoods. However, the
calculated values of mass fractions of cellulose (20.2%)
and lignin (45.0%) are outside the typical softwood con-
centrations. The cellulose content is underestimated, as
its typical lower limit is 33%, and the lignin content is
significantly overestimated, with its typical upper limit at
32%. The calculated mass fractions of the three main com-
ponents: hemicellulose, cellulose, and lignin are in some
cases outside the typical limits for softwoods. However,
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tTgrbe': 125 Oﬁfijiiilzi;‘isgiéze X E e/ mol™  E gm/kimol™  EJkimol™ R Ry RZas
models (FR, OFW, and KAS) 0.025 36.6 64.1 61.6 09337 09725  0.9672
Z;‘rf:;;fnéifgif)evlfétcli‘etfé‘z . 0.050 162.0 98.8 95.6 09740 09895  0.9877
determination 0.075 197.5 174.2 174.4 09977 09927  0.9920
0.100 204.2 194.1 195.2 09950 09966  0.9964
0.125 199.2 198.2 199.3 09952 09959  0.9955
0.150 195.9 196.8 197.7 09923 09940  0.9935
0.175 193.0 196.5 1973 09919 09937  0.9931
0.200 196.8 195.5 196.2 09941 09950  0.9946
0.225 193.6 193.2 193.6 09936 09949  0.9944
0.250 193.8 193.7 194.1 09959 09946  0.9940
0.275 193.3 192.4 192.6 09937 09943  0.9938
0.300 193.1 193.7 193.9 09946 09951  0.9946
0325 191.2 194.0 194.2 09920 09940  0.9934
0350 195.6 193.5 193.6 09938 09941  0.9935
0375 1922 194.1 194.2 09945 09954  0.9950
0.400 190.2 192.1 192.0 09939 09951  0.9946
0.425 192.8 192.9 192.8 09931 09941  0.9935
0.450 192.4 194.5 194.5 09958 09954  0.9950
0.475 1943 193.3 193.1 09943 09948  0.9943
0.500 1913 191.6 191.2 09952 09954  0.9949
0.525 191.2 192.0 191.6 09960 09952  0.9947
0.550 189.7 1913 190.8 09966 09959  0.9954
0.575 186.0 189.2 188.6 09967 09972 0.9969
0.600 1853 188.9 188.3 09961 09950  0.9945
0.625 183.8 188.2 187.5 09961 09973  0.9971
0.650 184.9 191.5 190.8 09965 09964  0.9961
0.675 188.3 191.1 190.4 09974 09964  0.9961
0.700 188.3 189.0 188.2 0.9968  0.9964  0.9960
0.725 190.8 189.0 188.2 09967 09970  0.9967
0.750 194.9 187.8 186.9 09970 09964  0.9961
0.775 202.1 190.3 189.4 09965 09965  0.9962
0.800 219.1 194.6 193.9 09957 09958  0.9953
0.825 261.0 202.0 201.6 09916 09956  0.9952
0.850 4524 2593 261.8 09523 09858  0.9846
0.875 553.8 479.9 493.6 07798 08025  0.7952
0.900 651.8 582.9 601.5 06953  0.6937  0.6854
0925 2155 ~1149 ~1332 00378 00174  0.0210
0950  —3366 ~271.4 ~298.9 06356  0.5826  0.6047
0975  —2424 ~175.6 ~199.8 0.8058  0.7457  0.7743

these are pseudo-components and not the actual composi-
tion of the spruce wood sample, and all main components
have mass fractions above 20%, indicating that none was
greatly underestimated.

Examining the activation energies, the value for vola-
tiles (71.9 kJ mol™!) is slightly higher than that observed
by Voglar et al. [15], which was 62.8 kJ mol~". The activa-
tion energy of hemicellulose, 102.5 kJ mol~!, is compara-
ble to the value (95.4 kJ mol™!) reported by Yeo et al. [27].

@ Springer

The activation energy for cellulose, 133.3 kJ mol~!, agrees
well with the value of 133.0 kJ mol~! calculated by Hajali-
gol et al. [28]. Lignin’s activation energy (167.5 kJ mol™")
matches the observation of Mani et al. [29], where the
distribution of the activation energy of lignin pyrolysis
peaks in the range of 158—170 kJ mol~".

The pre-exponential factors span a wide range of val-
ues across multiple orders of magnitude, consistent with
observations in the biomass pyrolysis literature, where large
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Fig.2 Calculated a activation energy in the domain of conversion and b coefficient of determination (R?) in the domain of conversion for the
three isoconversional kinetic models (FR, OFW, and KAS) for data # 1 to # 5
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Fig. 3 Relative mass and mass loss rate in the temperature domain at different heating rates (a, b) and carrier gas flow rates (c, d) using the inte-

grated kinetics-transport pyrolysis model for the data

discrepancies in A values are found for different biomass
materials [30] as well as for a single material [31].

Table 4 shows that the integrated kinetics-transport pyrol-
ysis model provides a satisfactory fit to the TG data, with
coefficients of determination ranging from 0.9930 to 0.9964
and an average value of 0.9950. The heat transfer constant
(y) increases monotonically from data # 1 to # 5, most likely
due to altered thermal properties (e.g., thermal conductivity)

of the sample as a consequence of changing heating rate
(thermal degradation rate). The heat transfer constant was
assumed to be a function only of the heating rate and was
therefore the same for data # 1 and # 6-9. The parameters
describing external mass transport (k@) generally show an
increasing trend from data # 6 to # 9, as expected, since
increasing the carrier gas flow rate enhances the convec-
tive transport of species from the sample. However, there
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Table 3 Spruce wood

; wy 0.041
biomass pseudo-component
(i) composition with kinetic Wy 0.307
parameters for four pseudo-
. . . w3 0.202
components (i) during pyrolysis -
in nitrogen atmosphere Wy 0.450

(volatiles (i=1), hemicellulose E, /K] mol™! 71.9
(i=2), cellulose (i=3), lignin E, ,/kJ mol™! 102.5
(i=4) E, /I mol™! 1333
E, 4/kJ mol™! 167.5
As™! 6.41-10%
A,fs7 3.05-10°
Ayfs! 1.64-10'°
Ayfs™! 1.07-10"2
Table4. Calculated heat transfer # y/s"' k, als! R?
coefficients (y), external mass
transport coefficients (kla)' and 1 230102 / 0.9930
El(gg)fﬁuents of determination ) 538102 / 0.9960
3 198107 / 0.9959
4 611107 / 0.9964
5 1.3810° / 0.9962
6 2301072 6.27-107% 0.9943
7 2301072 1.43-107" 0.9949
8 230102 8.26-1072 0.9934
9 2.30-102 2.87-107" 0.9945

is a deviation from this overall increasing trend at data #
7, which can be explained by the actual dependency of the
heat transfer constant on the carrier gas flow rate, a factor
not explicitly accounted for.

Statistical evaluation of the kinetic models

All tested models were previously evaluated using the
coefficient of determination (R?). However, the R* value
(between models and data) was initially calculated for dif-
ferent quantities. The model with multiple Gaussians was
evaluated for the goodness of fit of the conversion rate (dX/
dr), while isoconversional kinetic models were evaluated
for linear fits of In[#(dX/dT)], In[f], and ln[ﬂ/Tz] for the
FR, OFW, and KAS models, respectively. The integrated
kinetics-transport pyrolysis model was evaluated in terms
of conversion (X). Therefore, direct comparison of R? val-
ues calculated for different quantities is not entirely appro-
priate for assessing the validity of the different models.
Based on this conclusion, all modelling results were con-
verted to the conversion rate (dX/dr) and then evaluated for the
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quality of fit. Three statistical parameters were calculated and
analyzed: coefficient of determination (R?), maximum abso-
lute value of relative errors (ME), and average absolute value
of relative errors (AE). The parameter values are available in
Online Resource 6 (ESM_6), while R? and AE are graphically
presented in Fig. 4. It should be noted that the isoconversional
kinetic models were evaluated only in data range # 1-5, which
is the same range they were trained on, and even within this
range, they failed to yield sensible activation energies.

Figure 4a, b shows that only the multiple Gaussians model,
the FR isoconversional kinetic model (for data # 1-3), and the
integrated kinetics-transport pyrolysis model yield positive
coefficients of determination, all above 0.90 in these cases. In
contrast, the OFW and KAS isoconversional kinetic models
failed to describe any data in the dataset, as their R? values
were always below zero. Comparing the AE values among the
models (Fig. 4c, d), these results are consistent with the coeffi-
cients of determination. The FR isoconversional kinetic model
demonstrates the highest accuracy (R?>0.9934, AE<0.110)
in the narrow range (data # 1-3), even though it was trained
on a broader dataset (data # 1-5). On the other hand, the mul-
tiple Gaussians model and the integrated kinetics-transport
pyrolysis model are robust and reliably fit all experimental
conversion rate data in this study. The multiple Gaussians
model performed the best in this regard with R?>0.9931, and
AE <0.513, while the integrated kinetics-transport pyroly-
sis model performed slightly worse, with R*>0.9117, and
AE<0.889.

Correlations between Gaussian parameters
and kinetic parameters of the integrated model

To examine potential correlations between parameters
obtained by fitting Gaussians and those calculated using the
integrated kinetics-transport pyrolysis model, the average val-
ues of the Gaussian parameters (a;, b;, and ¢;) for each indi-
vidual pseudo-component (i) were calculated and are available
in Online Resource 3 (ESM_3). Next, the values of Pearson’s
correlation coefficient between the Gaussian parameters (a, b,
¢) and the kinetic parameters of the integrated model (4, E,, w)
were determined. Pearson’s correlation measures the strength
of the linear association between two variables [32]. Table 5
shows that the pre-exponential factors A have the strongest cor-
relation with parameter c of the Gaussians. Activation energies
E, of the integrated model correlate best with parameter b of
the Gaussians. Mass fractions w correlate best with param-
eter b of the Gaussians. However, no correlation was found
between the Gaussian parameter a and any of the parameters
of the integrated model.
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Fig.4 Direct comparison of the quality of model fits based on conversion rate values is shown using the (R?) coefficient of determination (a, b)
and the (AE) average of the absolute value of relative errors (¢, d). Model refers to the integrated kinetics-transport pyrolysis model

Table 5 Pearson’s correlation P b c

coefficient between the

Gaussian parameters and the A —0.5846 04572 0.9868

kinetic parameters E, —0.0307 0.8567 0.7635
w  0.0068  0.8400 0.8278

The Gaussian parameters b and ¢ can be used to roughly
estimate the values of A (from c), E, (from b), and w (from
b) for individual pseudo-components in spruce wood bio-
mass pyrolysis TG data.

Conclusions

After conducting a case study on spruce wood powder
pyrolysis in nitrogen atmosphere to examine several
approaches to kinetic modelling of biomass pyrolysis, the
following conclusions important to researches involved in
biomass pyrolysis modelling can be drawn.

The model with multiple Gaussians is fast, easy to
implement, and identifies the main pseudo-components,
which is valuable in the initial stages of TG data analysis.

The quality of the fits to the actual data is high, with an
average coefficient of determination of 0.9933, ranging
from 0.9931 to 0.9935. However, the obtained Gauss-
ian parameters do not provide much information about
the pyrolysis process on their own. When the correlation
between the Gaussian parameters and the kinetic param-
eters of the integrated kinetics-transport pyrolysis model
was assessed, it was observed that the Gaussian parameters
could be used to estimate the values of kinetic parameters
and mass fractions of individual pseudo-components in
spruce wood biomass pyrolysis TG data.

Testing the three isoconversional kinetic models by Frid-
man (FR), Ozawa-Flynn-Wall (OFW), and Kissinger—Aka-
hira—Sunose (KAS) identified problems with their applica-
tion to biomass pyrolysis, as already observed and described
in the literature [13, 14]. It was found that they display a lim-
ited range of applicability (conversion values below 0.825)
with adequate coefficients of determination and activation
energy values. Statistical evaluation showed that the Frid-
man (FR) model describes the data well but only at lower
heating rates (data # 1-3), while the other two isoconver-
sional kinetic models (OFW and KAS) failed to describe
the measured data. Even some good fits of the Fridman
(FR) model still had negative activation energy values at
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high conversion rates, indicating that the good fits are due to
chance rather than accurate description of kinetic behavior
under those conditions. Therefore, researchers are discour-
aged from relying on the results of the tested isoconversional
models when applied to biomass pyrolysis data.

The developed integrated kinetics-transport pyrolysis
model exhibited relatively high quality of fits for conver-
sion degree, with an average coefficient of determination of
0.9950, ranging from 0.9930 to 0.9964. However, statisti-
cal evaluation based on conversion rate values revealed that
while the model is robust, its fit quality is slightly lower
(average coefficient of determination of 0.9348, with values
from 0.9117 to 0.9552) compared to the multiple Gauss-
ians model. The model is highly applicable to pyrolysis of
various materials (if the number of pseudo-components and/
or reaction order/s are changed) under different conditions
(heating rates and carrier gas flow rates), as it models the
kinetics of pyrolysis reactions, heat transfer between the
temperature sensor and the sample (accounting for potential
systematic error in temperature sensing), and external mass
transport from the sample to the surrounding fluid. There-
fore, the developed integrated kinetics-transport pyrolysis
model provides sufficient fit quality across a wide range of
experimental conditions, indicating its robustness and versa-
tility, which result from modelling both physical and chemi-
cal phenomena during the pyrolysis process.

Supplementary Information The online version contains supplemen-
tary material available at https://doi.org/10.1007/s10973-026-15476-6.
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