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➢Biomass pyrolysis methods and modeling are
reviewed.
➢Pyrolysis mechanisms considering the effects of
different biomass components are presented.
➢Models used for predicting product yields along with
validation methods are reviewed and discussed.
➢Recommendations on using high-temp gas sensors to
determine gas yield and composition are provided.
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Modeling is regarded as a suitable tool to improve biomass pyrolysis in terms of efficiency, product yield, and controllability.
However, it is crucial to develop advanced models to estimate products' yield and composition as functions of biomass
type/characteristics and process conditions. Despite many developed models, most of them suffer from insufficient validation
due to the complexity in determining the chemical compounds and their quantity. To this end, the present paper reviewed the
modeling and verification of products derived from biomass pyrolysis. Besides, the possible solutions towards more accurate
modeling of biomass pyrolysis were discussed. First of all, the paper commenced reviewing current models and validating
methods of biomass pyrolysis. Afterward, the influences of biomass characteristics, particle size, and heat transfer on biomass
pyrolysis, particle motion, reaction kinetics, product prediction, experimental validation, current gas sensors, and potential
applications were reviewed and discussed comprehensively. There are some difficulties with using current pyrolysis gas
chromatography and mass spectrometry (Py-GC/MS) for modeling and validation purposes due to its bulkiness, fragility, slow
detection, and high cost. On account of this, the applications of Py-GC/MS in industries are limited, particularly for online
product yield and composition measurements. In the final stage, a recommendation was provided to utilize high-temperature
sensors with high potentials to precisely validate the models for product yield and composition (especially CO, CO 2, and H2)
during biomass pyrolysis.
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1. Introduction
Lignocellulosic materials are abundant and geographically-dispersed,
comprising a complex mixture of three major components, i.e., cellulose,
hemicellulose, and lignin (Soltanian et al., 2020). Due to their environmentally
friendly properties, biomass-oriented products are considered an indispensable
part of a sustainable society. In line with that, biomass-originated energy
carriers have been widely endorsed as future energy sources to partially or
entirely substitute their petroleum-based counterparts. Among the various
techniques used to exploit biomass energy, pyrolysis has attracted a great deal
of attention because of its high efficiency (Tripathi et al., 2016; Lam et al.,
2019e; Ge et al., 2020b) in converting biomass into various products, including
charcoal, condensable vapors (i.e., tar or bio-oil), and permanent gases (Lam et
al., 2019d; Yek et al., 2019; Ge et al., 2020a). From the mechanistic viewpoint,
biomass pyrolysis processes include sequential steps, i.e., biomass
depolymerization, monomer conversion and vaporization, and vapor
conversion into ultimate products. The details of the process’s chemical
mechanism can be described based on the molecular changes observed
throughout the involved reactions. An accurate mechanistic description of
biomass pyrolysis can identify the intermediate biomolecules involved in the
process, which is regarded as a complicated procedure, requiring substantial
research efforts (Yek et al., 2019).
During the biomass pyrolysis process, it is desired to produce high-quality
pyrolysis products by optimizing process parameters, i.e., pyrolysis
temperature and heating rate, biomass dwelling time inside the reactor, and
feedstock type. For instance, applying a high heating rate can reduce unwanted
charring reactions of biomass feedstock (Papadikis et al., 2009). As the reactor
parameters are adjustable, various models have been developed to simulate
biomass heat transfer and momentum balance mechanism and reaction during
biomass pyrolysis. These models are introduced and discussed in this review
paper. Besides, the previously published review articles on biomass pyrolysis
technologies and modeling are also reviewed and summarized.
1.1. General reviews on biomass pyrolysis technologies
To date, a considerable number of review articles have been published on
biomass pyrolysis. Radlein and Quignard (2013) reviewed the advances in

biomass pyrolysis technologies focusing on thermal degradation for bio-oil
production. They argued that using high temperatures and high heating
rates played essential roles in boosting liquid yields. However, the low
physicochemical properties of bio-oil hamper its functionality in pure
applications. Due to biomass’s low thermal conductivity, small particle
sizes and uniform heating rates are suggested. With the aim of process
scale-up, several innovative approaches have been presented to address the
particle size limitation. The authors remarked that a wide range of particle
sizes could be used in auger pyrolysis reactors. They also underlined the
need for advanced technologies to be practical for different feedstocks types
(Radlein and Quignard, 2013).
Collard and Blin (2014) reviewed the pyrolysis of individual
lignocellulosic components, i.e., cellulose, hemicelluloses, and lignin. They
pointed out that the mass superposition of product yields of individual
components could determine the total product yields for both primary and
secondary reactions. It has been shown that lignin is principally responsible
for the highest char production and various phenols formation.
Tripathi et al. (2016) reviewed char production using bio-originated
materials. They showed that the biochar yield was significantly dependent
on the feedstock properties (i.e., biomass type, moisture content, and raw
material size), reaction temperature and time, heating rate, carrier gas type,
and biomass flow rate. In another study, Kan et al. (2016) reported that
reaction temperature and heating rate were highly critical for the pyrolysis
product quantities. More specifically, elevated heating rates produced
higher liquid but lower biochar yields. The pyrolysis temperatures ranging
from 400 to 550 °C were regarded as the optimum setpoints to maximize
bio-oil and solid product yields. It has been reported that high-temperature
catalytic pyrolysis favored forming permanent gases. As discussed earlier,
this study also highlighted that a reduction in particle size could increase
product yields due to the facile heat diffusion into the particle. It is
important to note that thermal pretreatment could reduce particles’ moisture
and oxygen contents, resulting in improved energy efficiency and product
quality. Chemical and biological pretreatments could augment bio-oil yield
by mitigating biomass’s mineral matter and lignin content (Kan et al.,
2016). It should be taken into consideration that particle shrinkage rate and
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heating source are influential considerations for the pyrolysis modeling
concept.
1.2. Reviews on biomass pyrolysis modeling
There are a handful of review articles focusing on the pyrolysis modeling of
biomass. In this context, Sharma et al. (2015) reviewed the developments of
mathematical modeling for particle movement and its interaction with the
carrier gas flow during pyrolysis. They demonstrated that computational fluid
dynamics (CFD) models could be practical tools to simulate the pyrolysis
process in different pyrolysis temperatures, times, and feedstock composition
and size. In their study, models were also developed to estimate biomass
catalytic cracking and bio-oil catalytic upgrading for bioenergy. However, it
should be noted that the current biomass pyrolysis models are still suffering
from many imperfections and are not capable of accurately estimating product
yields. In the two-step kinetics models, which include both primary and
secondary reactions, the pyrolysis rate for different feedstock types could not
often be precisely calculated since they do not consider particle shrinkage’s
effect on its degradation rate. Papari and Hawboldt (2015) reviewed the
biomass pyrolysis mechanisms in large-scale reactors and compared the results
with the experimental data obtained from a lab-scale tube reactor. They
concluded that the most accurate model for predicting the pyrolysis product
yields was the chemical percolation de-volatilization model developed by
Lewis and Fletcher (2013). They showed that the competitive model introduced
by Chan et al. (1985) was also in a good agreement with the experimental biooil yields. The utilization of the distributed activation energy model (DAEM)
in the pyrolysis of biomass was reviewed by Cai et al. (2014).
1.3. Reviews on upgrading of pyrolysis products
Isahak et al. (2012) reviewed the physical, catalytic, and chemical
modifications to upgrade bio-oil properties. Shen and Yoshikawa (2013)
studied the advances in catalytic tar elimination for the biomass
pyrolysis/gasification processes and explained the non-catalytic tar removal
under room temperatures. They reported that tars could be eliminated in
scrubbers by combining catalytic restructuring and oil adsorption. The former
would play a more critical role in the biomass pyrolysis process. Bridgwater
(2012) and Zhang et al. (2007) reviewed bio-oil production during pyrolysis
and highlighted the research on modifying primary liquid properties. They
implied that most studies investigating bio-oil production were rudimentary by
considering only the main species’ mixtures in bio-oil. In fact, the application
of limited component mixtures would not reflect the complexity of bio-oil
characteristics. The authors claimed that the integration of fast pyrolysis and
bio-oil upgrading would be a future trend in advanced pyrolysis technologies.
To this end, Asadieraghi et al. (2015) recommended microporous zeolites,
mesoporous catalysts, and metal-based catalysts to upgrade the vapor-phase
bio-oil effectively. It has been shown that the bio-oil and char quality can be
improved by adding metal chlorides during the catalytic pyrolysis of alkali
lignin (Wang et al., 2015). Moreover, many studies reported that incorporating
nickel salts could reduce tar yield and oxygen content of the bio-oil produced
in lignin pyrolysis and increase hydrogen production and gas yield (Ma et al.,
2014; Geng et al., 2017). Overall, the quality of bio-oil currently obtained from
biomass pyrolysis is still a primary concern. Therefore, bio-oil upgrading is
considered one of the most critical challenges to be tackled by future studies
(Kong et al., 2019; Lam et al., 2019b and c).
1.4. Reviews on microwave-assisted biomass pyrolysis
According to the reviews on microwave-assisted pyrolysis (MAP) of
biomass (Yin, 2012) and pyrolysis carbonization technologies (Si et al., 2015),
it could be concluded that MAP would be one of the most promising biomass
pyrolysis methods because the microwave dielectric heating could effectively
heat biomass feedstocks at the heating stage. Predictably, the required
equipment for biomass pyrolysis would be of simple and portable when using
microwave heating. Macquarrie et al. (2012) and Morgan et al. (2017) reviewed
the MAP of various biomass types under different conditions to produce char,
bio-oil, and permanent gases (e.g., CO2, CO, CH4, and H2). It was suggested
that the future MAP research work should focus on catalyst selection, reaction
optimization, and pyrolysis process simulation in order to attain high-grade biooil. The microwave absorbers and commonly used catalysts in MAP and the

characteristics and yields of bio-chars were reported by Li et al. (2016). An
overview of MAP technology by Zhang et al. (2017) explored the
fundamental microwave irradiations, various kinds of catalysts, types of
microwave absorbers, chemistry of non-catalytic MAP, and chemistry of
catalytic MAP. Compared to conventional heating, MAP could produce
higher quality products due to the key advantages of rapid and controllable
heating, energy-saving process, and no need for agitation or fluidization in
the reactors (Liew et al., 2018; Lam et al., 2019a).
1.5. Reviews on co-pyrolysis
Co-pyrolysis is referred to the simultaneous application of two different
types of feedstocks in one pyrolysis process. Plenty of studies have
demonstrated that co-pyrolysis can improve bio-oil yield and caloric value
while reducing the products’ moisture content (Abnisa and Daud, 2014;
Mahari et al., 2018a and b). It is noteworthy that the co-feeding of plastics
and rubbers with biomass (e.g., sawdust) could improve pyrolysis oil
(Wang et al., 2014). Summaries of the review articles published on biomass
pyrolysis methods and modeling are presented in Table 1.
1.6. Objectives of the present review
It is much desired to accurately predict product yields based on pyrolysis
parameters and biomass properties due to the diversity of feedstocks.
Several review articles have discussed pyrolysis modeling of biomass
through thermochemical conversion processes while inclined towards
microwave-assisted biomass pyrolysis and biomass co-pyrolysis. However,
to the best of our knowledge, none of them has focused on predicting
product yields and validation. In light of that and having summarized
previous reviews published on various aspects of pyrolysis, the present
review presents and discusses thermal degradation mechanisms and effects
of different biomass components. Afterward, the influences of biomass
characteristics, particle size, and heat transfer on biomass pyrolysis, particle
motion, reaction kinetics, product prediction, experimental validation,
current gas sensors, and potential applications are scrutinized
comprehensively. Finally, gas sensors and their applications in pyrolysis
reactors are explained, and future perspectives for pyrolysis research are
provided.
2. Thermal degradation mechanisms and effects of different biomass
components
As a natural polymer with a complex structure, lignocellulosic biomass
comprises lignin [18-40 wt% (Amen-Chen et al., 2001)], cellulose [40-90
wt% (Goodwin et al., 1972)], and hemicellulose [20-35 wt% (Di Blasi and
Lanzetta, 1997; Spearpoint, 1999)], as well as trace amounts of extractives
and ash. Thermal degradation is a complex process through which biomass
particles simultaneously undergo many different reactions, such as
dehydration, depolymerization, fragmentation, and carbonization,
producing liquid oil, char residues, and gaseous products (Patwardhan et
al., 2011).
2.1. Lignin
With a complex structure, lignin includes guaiacol, syringol, and phydroxylphenyl, bonded through ether bonds (McKendry, 2002; CalvoFlores and Dobado, 2010). Through thermal conversion, lignin could be a
promising feedstock for producing different phenolic compounds and
aromatic hydrocarbons, serving as biofuels and biochemicals (Jakab et al.,
1995; Yaman, 2004). Numerous analytical modeling and experiments have
been carried out to obtain a more in-depth understanding of lignin’s
pyrolysis mechanism and improve its conversion efficiency (Hu et al.,
2013; Shen et al., 2010b).
Liu et al. (2008) explored the performance of two types of lignin, birch
and fir, using the thermogravimetric Fourier transform infrared (TG-FTIR).
It was found that the primary volatiles released were phenols at
temperatures ranging from 150 to 287 °C, while CO2 and CH4 were
significantly released when the temperature was increased to 327-427 °C.
Consistently, it was also reported that CH4, CO, and phenols were the
most important substances released at the mass-loss stage (Yang et al.,
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Table 1.
A summary of the review articles on biomass pyrolysis methods and modeling.

Theme of the review

General reviews on
biomass pyrolysis
technologies

Reviews on biomass
pyrolysis modeling

Reviews on upgrading
of pyrolysis products

Reviews on microwaveassisted biomass
pyrolysis (MAP)

Reviews on co-pyrolysis

Sub-theme

Major findings or/and models

Conclusions

Reference

A short historical review of fast
pyrolysis of biomass

• High temperatures and heating rates increased
liquid yields.
• Small particle sizes were more favorable during
pyrolysis.

• A wide range of particle sizes could be accepted
using auger pyrolysis
• The application of bio-oil is hampered by its low
properties.

Radlein and Quignard
(2013)

Mechanisms/ composition of
products from the conversion of
biomass

• Bio-oil yields were estimated by the mass
superposition model, which can be used for primary
and secondary reactions.

• Lignin fraction was primarily responsible for
most of the char yield and various phenols.

Collard and Blin
(2014)

Effect of process parameters on
production of biochar

• Biochar yield was affected by feedstock
properties, temperature/time, heating rate, carrier
gas type, and flow rate.

• The pyrolysis parameters (e.g., temperature,
time, and heating rate) were critical in affecting
biochar yield.

Tripathi et al. (2016)

Product properties and effects of
pyrolysis parameters

• Higher heating rates produced higher quantities of
liquid but lower bio-char yields.
• High yield and quality of syngas could be
achieved by high-temperature catalytic pyrolysis.

• Optimum temperatures to maximize liquid and
solid product yields were from 400 to 550 °C.
• The bio-oil yields could be increased by
reducing lignin content through chemical
pretreatments.

Kan et al. (2016)

Modeling, process parameters,
and catalytic studies

• Particle movement and interaction in the carrier
gas flow were modeled during pyrolysis.
• CFD models were efficiently applicable to
simulate pyrolysis processes.

• The reviewed pyrolysis models suffered from
many problems, mainly because their product
yields could not be accurately estimated.

Sharma et al. (2015)

Pyrolysis of woody biomass to
bio-oil

• Used kinetic models to describe biomass pyrolysis
mechanisms in large-scale reactors and compared
the results with the results obtained using a labscale tube reactor.

• The most accurate model for predicting pyrolysis
yields was the chemical percolation
devolatilization model.

Papari and Hawboldt
(2015)

The distributed activation energy
(DAEM) model and its
application

• DAEM model was derived.
• Frequency and distribution of activation energy in
DAEM and numerical simulation of parameter
determination were presented.

• The DAEM model can be used in the biomass
pyrolysis process.

Cai et al. (2014)

Catalytic tar elimination during
gasification or pyrolysis

• The principle of non-catalytic absorption for tar
removal was explained.

• Tars can be used as an alternative fuel to replace
fossil fuels for heat and power generation.

Shen and Yoshikawa
(2013)

Fast biomass pyrolysis and
product upgrading

• The orientation of research in using mixtures of
major compounds to represent bio-oil production
was implied.

• It remains unclear if the limited component
mixtures could characterize the complexity of biooil.
• Future studies on biomass pyrolysis should
include the combination of fast pyrolysis and biooil upgrading.

Bridgwater (2012);
Zhang et al. (2007)

Upgrading bio-oil at its vapor
phase

• The vapor phase of bio-oil can be upgraded by the
catalysts comprising microporous zeolites,
mesoporous catalysts, and metal-based catalysts.

• Bio-oil and char quality can be improved by
adding metal chlorides during the catalytic
pyrolysis of alkali lignin.

Asadieraghi et al.
(2015); Wang et al.
(2015)

Adding nickel formate to alkali
lignin to increase contents of
alkylphenols and aromatics

• During the pyrolysis of lignin, the addition of
nickel salts can reduce tar yield and oxygen content
of bio-oil.

• Addition of nickel salts can reduce tar yield and
increase gas yield.

Geng et al. (2017)

Using biochar for methylene blue
adsorption

• Self-purging microwave pyrolysis (SPMP) can
convert oil palm shell into carbon-rich biochar

• Upgrading of bio-oil could be the main challenge
to be tackled by future studies because the bio-oil
quality currently obtained from biomass pyrolysis
is still insufficient.

Kong et al. (2019)

Microwave pyrolysis
carbonization technologies

• The simplicity and portability of biomass
pyrolysis equipment were highlighted when using
microwave heating.

• MAP is a promising biomass pyrolysis method
because the microwave dielectric heating could
effectively heat biomass at the heating stage.

Yin (2012); Si et al.
(2015)

MAP of various biomass types

• Under various conditions, MAP could effectively
produce chars, bio-oil, and gases (e.g., CO2, CO,
CH4, and H2).

• The future MAP research work should focus on
catalyst selection and optimizing reaction
conditions to improve product quality/yield.

Macquarrie et al.
(2012); Morgan et al.
(2017)

Using absorbers and catalysts in
MAP

• The characteristics and yields of bio-chars from
MAP were discussed

• Addition of absorbers and catalysts improved
quality and yields of bio-chars

Li et al. (2016)

Microwave absorbers and
catalytic MAP

• MAP could produce higher quality products due
to its key advantages of rapid and controllable
heating.

• MAP process did not require agitation or
fluidization in the reactors.
• Microwave absorbers helped to increase the
heating rate.

Zhang et al. (2017)

Simultaneous application of two
different types of feedstocks in
one pyrolysis process

• The co-pyrolysis could improve bio-oil yield and
caloric value while reducing the moisture content of
the products.

• Quality and yield of bio-oil could be enhanced
through co-pyrolysis.

Abnisa and Daud,
(2014); Mahari et al.
(2018a and b)
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2007; Wang et al., 2009; Jiang et al., 2010; Hu et al., 2013). The different
features of lignin between softwood (fir) and hardwood (maple) were compared
by Zhao et al. (2014). They observed that lower amounts of methoxyl groups
were contained in softwood lignin compared to hardwood lignin. Moreover,
both lignins released aromatic compounds between 650 and 800 °C due to the
scission of aryl-O-R linkages and the dehydroxylation reaction. Furthermore,
the amounts of phenolic methanol and CH4 released during the pyrolysis of fir
lignin were much smaller than those released from the maple lignin (Zhao et
al., 2014).
2.2. Cellulose
Being the predominant part of biomass, exploring the cellulose pyrolysis
mechanism has attracted a great deal of attention (McKendry, 2002; Sanders et
al., 2003). Despite the deposition of hemicellulose and lignin, the cohesive
interlaced cellulosic microfibrils construct the framework of biomass cell walls
(Goodwin et al., 1972; Bauer et al., 1973). Cellulose is generally converted into
liquid tar, gaseous products, and residual chars during the pyrolysis process
through dehydrating, fragmentizing, and condensing reactions. The reaction
temperature and heating rate are the most critical factors to determine the
proportions of these products.
As a linear homopolysaccharide of b-D-glucopyranose units, cellulose
thermal decomposition could be triggered by a low temperature of 150 °C
(Shafizadeh, 1982). As soon as reaching 300 °C, cellulose undergoes
depolymerization reactions to yield bio-oil, consisting mainly of anhydrooligosaccharides and furans monomeric anhydrosugars (Pouwels et al., 1989;
Patwardhan et al., 2009). Usually, higher quantities of gases could be obtained
when higher reaction temperatures and heating rates are implemented. In
contrast, higher char yields can be achieved when lower reaction temperatures
and heating rates are applied (Luik et al., 2007; Uzun et al., 2007).
Several reaction pathways have been proposed to explain cellulose thermal
decomposition (Shafizadeh and Fu, 1973; Shen and Gu, 2009). As a simple
well-accepted pyrolysis mechanism, active cellulose is first formed through
partial depolymerization and is then broken down into syngas and chars
(Piskorz et al., 2000; Wooten et al., 2004; Shen et al., 2011; Collard and Blin,
2014). To expand this mechanism, Patwardhan et al. (2009) and Wang et al.
(2012) investigated glucose as the representative of cellulose. In another study,
a series of isotopically labeled d-glucose pyrolysis was conducted by Paine et
al. (2008) to explore the details of glucose decomposition pathways.
Patwardhan et al. (2009) studied glucose-based carbohydrates and showed that
high temperatures could activate glycosidic linkages, producing intermediates
to form levoglucosan. It is important to note that the intramolecular
stabilization by the 1,6-glycosidic bond of anhydroglucopyranose (i.e.,
levoglucosan) is critically involved in the thermal degradation of cellulose
(Ponder and Richards, 1991).
2.3. Hemicellulose
Being mostly composed of galactoglucomannans (glucomannans) and
arabinoglucuronoxylan (xylan) (Dong et al., 2012), hemicellulose plays a vital
role in the thermal decomposition of biomass (Werner et al., 2014). Generally,
hemicellulose includes pentoses, hexoses, and hexuronic acids (Scheller and
Ulvskov, 2010). With an amorphous structure, hemicelluloses are referred to
as a range of polysaccharides, majorly xylan and mannan (Di Blasi and
Lanzetta, 1997; Spearpoint, 1999). Due to xylan’s commercial availability, it
is extensively used as the representative substance to study the hemicellulose
thermal decomposition (Bassilakis et al., 2001; Yang et al., 2007; Shen et al.,
2010a). During the pyrolysis process, xylans undergo a weight loss at
temperatures ranging from 190 to 350 °C, and their decomposition is associated
with exothermal reactions (Yang et al., 2007; Shen et al., 2010a).
Werner et al. (2014) investigated the pyrolysis behavior of seven different
hemicelluloses, i.e., β-glucan, arabinogalactan, arabinoxylan, galactomannan,
glucomannan, xyloglucan, and xylan, applying three methods, i.e.,
thermogravimetric analysis (TGA) coupled with FTIR spectroscopy,
differential scanning calorimetry (DSC), and pyrolysis gas chromatography
and mass spectrometry (Py-GC/MS). They observed that xylan decomposition
led to the production of high percentages of CO2 and low percentages of other
components. The maximum mass loss rates occurred at temperatures ranging
from 243 to 332 °C, yielding fixed carbon ranging from 1.3% (for β-glucan) to
13.1% (for xylan) as well as syngas.

2.4. Pyrolysis degradation mechanisms
Biomass pyrolysis is a thermal conversion process achieved by robust
chemical and physical interactions between biomass and its adjacent hightemperature conditions (Ranzi et al., 2008). It should be noted that the
operation parameters and reactor types could remarkably affect char, tar or
bio-oil, and syngas yields (Antal et al., 2003; Bridgwater, 2003). Although
temperature is the most critical factor for product yields, many other
parameters, such as heating rate, vapor residence time, and particle size,
could also considerably influence product characteristics (Lu et al., 2009;
Phanphanich and Mani, 2011; Apaydın-Varol and Pütün, 2012; Shoja et al.,
2013). Accordingly, the pyrolysis conversion process can be classified into
fast pyrolysis and conventional pyrolysis. The former involves high heating
rates (⁓1000 °C/min), elevated temperatures (400-600 °C), and short vapor
residence time (<2s) with a quick cooling (Bridgwater and Peacocke, 2000).
It should be noted that very high-temperature pyrolysis could favor
producing higher non-condensable gases than tar and char (White et al.,
2011). In contrast to fast pyrolysis, conventional pyrolysis employs lower
temperatures and longer residence time (Dupont et al., 2007). It is necessary
to model or predict the yields of gases and tar volatiles as a function of the
process parameters to be able to estimate the desired products.
To describe the process reaction kinetics during pyrolysis, Pierucci and
Ranzi (2008) developed a model at the production scale, which can be used
for different reactor types. Accordingly, Ranzi et al. (2008) suggested that
the mechanistic kinetic model should focus on four various aspects,
including a) biomass characterization, b) biomass decomposition into
syngas, tars, and solid residue (char), c) release of gas and tar species from
secondary gas-phase reactions, and d) char gasification. In another study,
Sun et al. (2016) proposed a four-step mechanism for the biomass pyrolysis
process based on the findings reported previously by Lin and Huber (2009)
and Van de Velden et al. (2010). The stages involved in this mechanism are
a) biomass drying at temperatures below 100 °C to release moisture and
some bound water, b) production of syngas (e.g., CO and CO2) and acetic
acid at temperatures between 100 and 200 °C, c) conversion of most vapors
into bio-oil and decomposition of particles with large molecules into char
and gases at temperatures between 200 and 600 °C, and d) secondary
cracking at temperatures between 300 and 900 °C to convert volatiles into
char and non-condensable gases.
3. Prediction of product yields and validation
It is challenging to accurately predict product yields of the biomass
pyrolysis process due to the fact that it involves complicated physical and
chemical conversions and produces a large number of various product
species. A few decades ago, in a pioneering work, Suuberg et al. (1978)
estimated product yields from brown coal pyrolysis in a fixed bed reactor.
The effects of the heating rate, pyrolysis temperature, and residence time
on the volatile products were explored. Later, Milosavljevic et al. (1996)
investigated the thermodynamic aspects of cellulose pyrolysis and char
formation. Their findings led to further improvements in the global kinetics
of the biomass pyrolysis process.
3.1. Effects of particle shape/size and heat transfer on biomass pyrolysis
Since biomass particles are usually in irregular shapes and various sizes,
they can affect the pyrolysis efficiency, phenomenological models have
been developed to look into the mechanisms of biomass pyrolysis processes
under different conditions (Papadikis et al., 2009). A longer time is needed
for larger particles to transfer heat from the shell to the core and diffuse
moisture from the core to the shell. Since the ratio of particle surface area
to volume varies with the particle shape, it could considerably affect the
rates of heating, drying, and devolatilization. For the sake of simplicity,
three shape types, i.e., sphere, cylinder, and plate, are typically used for the
modeling of biomass drying and pyrolysis (Fletcher et al., 2000). For
instance, Lu and Hsieh (2010) explored the influence of different particle
shapes (i.e., disc, cylindrical, and spherical) on drying, heating rate, and
reaction rate. Using cylindrical biomass particles, Jalan and Srivastava
(1999) investigated the effects of particle size and heating rate on the heat
transfer and then the biomass decomposition rate. In a different study,
Horbaj (1997) and Liliedahl and Sjöström (1998) also developed pyrolysis

Please cite this article as: Xia C., Cai L., Zhang H., Zuo L., Shi S.Q., Lam S.S. A review on the modeling and validation of biomass pyrolysis with a focus on
product yield and composition. Biofuel Research Journal 29 (2021) 1296-1315. DOI: 10.18331/BRJ2021.8.1.2

1301

Xia et al. / Biofuel Research Journal 29 (2021) 1296-1315
models by highlighting the role of the particle shape, e.g., prism, cylinder, or
sphere.
The sphere is the most commonly used particle shape in modeling because
it is the simplest one to be implemented in pyrolysis models. However, it has
the lowest surface- area-to-volume ratio among all the shapes, so it appears
inappropriate for modeling biomass particles (Liliedahl and Sjöström, 1998).
Saastamoinen (2006) showed that spherical particles reacted more slowly than
their counterparts of other shapes. In a fixed mass weight and reaction
temperature, spherical particles were found to have the lowest volatility and
highest tar yield compared to the particles of other shapes (Thunman et al.,
2002). Under the assumption of one-dimensional heat and mass transfer, some
simplified models were developed, into which the shape factor was brought as
a variable (Thunman et al., 2002; Peters and Bruch, 2003; Saastamoinen, 2006).
Assuming the cylindrical nature of wood particles, Janse et al. (2000)
implemented the conservation equations of mass, enthalpy, and momentum to
achieve a successful simulation for the flash biomass pyrolysis process. In
addition, Bliek et al. (1985) introduced the vapor flow model influenced by
conversion time for the cylindrical particles at the particle surface temperature
of over 800 K. The results indicated that the reaction rate was the dominant
factor affecting conversion time, while the particle shape and size did not show
significant effects on conversion time. In contrast to this study, Lu and Hsieh
(2010) reported that heat transfer dominated the pyrolysis process because
particle shape/size substantially affected the conversion time.
Most computational fluid dynamics (CFD) models assume that biomass
particles are spherical. Considering the multiphase flow, the mass balance
equations in phase i are as follows (Papadikis et al., 2009) (Eqs. 1-3):
𝜕(𝜀𝑖 𝜌𝑖 )
+ 𝛻(𝜀𝑖 𝜌𝑖 𝜈𝑖 ) = 𝑚𝑖′
𝜕𝑡

Eq. 1

where 𝜀𝑖 is the volume fraction, 𝜌i stands for the density (kg/m3), 𝜈𝑖 is the
velocity vector (ui, vi, wi) (m/s), and 𝑚𝑖′ denotes the volumetric mass sources.
Mass conservation shows that the sum of volumetric mass sources (𝑚𝑖′ ) in all
phases is equal to zero, formulated as below:
𝑛

∑ 𝑚𝑖′ = 0

Eq. 2

𝑖=1

The heat transfer is calculated by assuming that the diffusion takes place
along the radius direction and by solving the following equation:
𝜕𝑇
1 𝜕
𝜕
(𝜌𝐶𝑝 𝑇) = 2 (𝑘𝑒𝑓𝑓 𝑟 2 )
𝜕𝑟
𝑟 𝜕𝑟
𝜕𝑡

Eq. 3

where 𝐶𝑝 is the specific heat capacity (J/kgK), r is the radius of the tube (m),
and 𝑘𝑒𝑓𝑓 denotes the effective thermal conductivity (W/mK).
3.2. Effect of particle motion
Numerous studies have focused on modeling different biomass pyrolysis
reactors such as auger reactor, entrained flow, rotating cone, vacuum, fixed bed,
fluidized bed, circulating fluidized bed, etc. (Mohan et al., 2006). Among these
reactors, fluidized bed reactors were demonstrated to produce a stable product
quality with a high thermal efficiency (Scott et al., 1999). However, biomass
movement and reaction in a fluidized bed are complicated since both chemical
and physical phenomena in the multiphase domain change with time and space
(Liu et al., 2017). Typically, the flow regime in a fluidized-bed reactor is
regarded as a two-phase turbulent flow in which solid and gas phase exchange
heat and mass through mixed physical and chemical reactions (Pepiot et al.,
2010). The CFD concept offers a mighty package to simulate the motion and
decomposition of massive particles inside a fluidized bed during the biomass
pyrolysis process. Although applying CFD models to a multiphase flow is
cumbersome, its final results could provide important details about the reactor
temperature distribution, particle moisture content, decomposition rate, and
yields of products (Fan and Fox, 2008; van der Hoef et al., 2008). Given the
computers’ limited capabilities in the past, they could calculate the pyrolysis
process in lab-scale reactors rather than in industrial-scale ones.

Basically, the CFD models of simulating particle dynamics in the
multiphase flow are theoretically classified into the Eulerian and
Lagrangian methods (Gerber et al., 2010). Both approaches can predict
most of the fast pyrolysis parameters in a fluidized-bed reactor, such as the
particles’ flow, particle temperature and moisture, biomass conversion rate,
and yields of products (Authier et al., 2009). Lathouwers and Bellan (2001)
applied the Eulerian method in modeling the pyrolysis process in a
fluidized-bed reactor by introducing the biomass decomposition kinetics
into the CFD model. Gerber et al. (2010) utilized the Eulerian model to
describe the pyrolysis process, in which the fluidized medium was char
particles, and the experimental data then validated the predicted data. To
increase the modeling accuracy, Xue et al. (2011 and 2012) suggested a
CFD model considering the particle density variation caused by
devolatilization. Ranzi et al. (2008) proposed an extensive kinetic model
for biomass pyrolysis, including estimation of gas and liquid yields, which
was later used by Mellin et al. (2013 and 2014) to develop a new CFD
model for the simulation of a fluidized-bed reactor.
In addition to the Eulerian method, the Lagrangian approach was also
used to describe the particle motion by Newton’s law, estimating particle
decomposition rate without considering the particle crash (Fletcher et al.,
2000). Using the Eulerian-Eulerian-Lagrangian CFD framework, Papadikis
et al. (2008, 2009 and 2010) studied the biomass flow, internal particle heat
and mass transfer, external particle interactions with the medium in a
reactor, and particle shrinkage and reactions in order to simulate a single
biomass particle in a pre-fluidized bed. In another study, Bruchmüller et al.
(2012) applied the Lagrangian method to model the movement of a vast
number of wood particles (⁓0.8 million) in a fluidized-bed reactor and
validated the simulation with experimental results.
As a notable study in the Lagrangian context, Di Blasi et al. (1993 and
1996) proposed a three-parameter shrinkage model in which the particle
shrinkage was considered as a variable for a single biomass particle at a
limited temperature condition. It should be noted that biomass motion is
influenced by the drag force, gas flow, biomass residence time, as well as
particle size and density that are changeable during the pyrolysis (Huang et
al., 2014). These changes could also affect the secondary reaction rate and
the results obtained (Wang et al., 2014). To simulate the particle
decomposition in a fluidized bed, an innovative method, called quadrature
method of moments, was proposed and coupled with the multiphase
Eulerian CFD model by Fan and Fox (2008), Fan et al. (2004 and 2007),
Marchisio and Fox (2005), and Passalacqua et al. (2010). This method was
also applied to predict biomass particle sizes and distribution in a fluidizedbed reactor by Xue and Fox (2014).
To explain the changes in biomass particle size in fluidized reactors, Liu
et al. (2017) developed a multiphase CFD framework using the Eulerian
method by integrating the Di Blasi particle shrinkage model (Di Blasi,
1996). After considering the changes of particle size and density during
pyrolysis, using pseudo-components, the global kinetic model with multistage was proposed to explore the shrinkage effects on solid, liquid, and gas
yields. The change of the average particle diameter during the pyrolysis was
determined by solving the particle population equation using the quadrature
method of moments. The multiphase CFD model was also combined with
the distributed activation energy model to study biomass decomposition by
considering the impacts of the influential variables, such as the multiphase
flow dynamics, pyrolysis temperature, heating rate, particle residence time,
and reaction kinetics, on the yields of various products (Xiong et al., 2016).
As a brief theoretical explanation for the Lagrangian method, the force
balance on the biomass particle moving with the carrier gas during the
pyrolysis process leads to the equation of motion for the particles (Eq. 4)
(Papadikis et al., 2009).
𝑔𝑥 (𝜌𝑝 − 𝜌)
𝑑𝑢𝑝
= 𝐹𝐷 (𝑢 − 𝑢𝑝 ) +
𝜌𝑝
𝑑𝑡

Eq. 4

where u is the carrier gas velocity (m/s), up is the particle velocity (m/s), gx
stands for the gravitational acceleration (m/s2), ρ denotes the gas density
(kg/m3), ρp is the density of particle (kg/m3), and FD is the drag force which
can be calculated by using Equation 5.
𝐹𝐷 =

18𝜇 𝐶𝐷 𝑅𝑒
𝜌𝑝 𝑑𝑝2 24

Eq. 5
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where dp is the diameter of the particle (m), Re is the Reynolds number, and 𝐶𝐷
is the drag coefficient proposed by Morsi and Alexander (1972) and Haider and
Levenspiel (1989). The relative Reynolds number can be computed using
Equation 6.
𝑅𝑒 =

𝜌𝑑|𝑢𝑝 − 𝑢|
𝜇

Eq. 6

where, μ is the viscosity (kg/ms).

3.3. Reaction kinetics
3.3.1. Global kinetic model for product prediction
To fully understand the biomass conversion process and accurately predict
product yields during biomass pyrolysis, it is desired to develop wellestablished models. The design of a good biomass reaction scheme is essential
to exactly describe the chemical changes and predict the product yields (Xiong
et al., 2014). As a relatively simple scheme, a one-step global model describes
one global reaction for the biomass pyrolysis processes. However, this scheme
brings about several drawbacks, including a) incapability to describe the total
mass loss as a function of pyrolysis temperature/resident time and b)
incapability to accurately estimate the individual product yields and
distributions (Di Blasi, 1998).
In order to address the negative points of the one-step approach, the twostep scheme is introduced, which considers primary and secondary reactions
during the pyrolysis process. In the primary stage, biomass is thermally
decomposed to produce chars, tars/bio-oil, and light gases. In the secondary
stage, the intermediate tars and char resulting from the primary reactions
undergo further cracking to yield syngas and activated carbon (Xia et al., 2016;
Xia and Shi, 2016; Shi and Xia, 2017). A typical semi-global two-stage scheme
is presented in Figure 1 (Papadikis et al., 2009).

Fig. 1. Semi-global two-stage scheme for the biomass pyrolysis processes.

In this scheme, biomass usually degrades into three lump products, i.e., solid
products (carbon and chars), liquid products (tars, water, and hydrocarbons),
and gas products (CO2, H2O, CO, and C2-6Hx) (Biagini et al., 2008; Ren et al.,
2013). It should be noted that the heat/mass transfer and chemical kinetics are
decisive factors in biomass molecular reactions during the pyrolysis process.
These reactions could be classified into 1) biomass moisture losses at
temperatures below 100 °C, 2) primary phase pyrolysis at 200-600 °C, in which
biomass decomposes into the solid, liquid, and non-condensable gas products,
and 3) secondary phase pyrolysis at 300-800 °C, in which vapors are condensed
into tars or bio-oil, while large molecules are cracked to produce chars (Miller
and Bellan, 1996).
Over recent years, a great deal of attention has been drawn toward
maximizing gas production during biomass pyrolysis (Ferdous et al., 2001).
With an increase in reactor temperature, the gas yields would be increased
while the yields of bio-oils and char would be decreased (Bitowft et al., 1989;
Demirbaş, 2002; Li et al., 2004). Moreover, the increased reactor temperature
could result in the high yields of CO and H2 and the low yields of CH4 and CO2
(Corella et al., 1988; Zanzi et al., 2002). Another factor affecting gas yield is
the heating rate. At temperatures lower than 500 °C, the gas and char yields
decrease, whereas the bio-oil yield increases with an increase in heating rate.

Beyond the temperature of 500 °C, the yields of char and liquid decrease
while the yield of gases would increase (Zanzi et al., 1996; Li et al., 2004).
The global three-component kinetic model is frequently used to estimate
the amount of gas products during biomass pyrolysis (Li et al., 2004). A
method predicting the pyrolysis rates of biomass materials from the species
compositions in terms of the primary constituents (cellulose, hemicellulose,
and lignin) and their individual kinetic parameters, was proposed by Rao
and Sharma (1998). In an experimental study using TGA, the effects of the
different biomass components (hemicellulose, cellulose, and lignin) on the
pyrolysis process were examined by Yang et al. (2006a). They observed
that the interaction between the three components was negligible when the
temperature and heating rate reached 900 °C and 10 °C/min, respectively.
The authors analyzed the relationship between component proportions and
the biomass’s weight loss during pyrolysis using multiple linear regression
equations. Biagini et al. (2006) used the weighted summative law to
calculate the TGA results and estimated the chemical composition of the
obtained bio-oil. They subsequently validated the estimated results by the
FTIR curves of the released volatile species.
Dupont et al. (2009) developed a model for high temperature (800–1000
°C) and high heating fluxes (10–100 kW/m2) to explore the general biomass
pyrolysis performance using a kinetic pattern, including gas-phase
reactions of the released species, which could predict the composition of
main gases. Lu et al. (2011) carried out analytical Py-GC/MS to examine
the pyrolysis vapors online during the fast pyrolysis of cellulose. Miller and
Bellan (1996) developed a model by coupling the pyrolysis fluid flows with
kinetics schemes for cellulose and wood. The comparisons of modeled
results and experimental data indicated that the model associated with wood
pyrolysis was not accurate, particularly at high temperatures. In this model,
the modeled pyrolysis rates and tar yield were often higher than the
experimental values. In a later work by the same researchers (Miller and
Bellan, 1997), the biomass pyrolysis processes were modeled with multistep kinetics considering both primary biomass reactions and secondary tar
decomposition reactions using a superposition principle of cellulose,
hemicellulose, and lignin kinetics. This model could be used for typical
biomass materials similar to the previous works done by Bradbury et al.
(1979) and Di Blasi and Russo (1993).
The literature focusing on predicting gas yields in the biomass pyrolysis
is divided into two different groups. Some studies argue that it would be
possible to estimate gas yields from the initial biomass composition. In
contrast, others claim that that would be impossible due to the interactions
among the different components and the effect of the mineral substances in
biomass. For instance, Caballero et al. (1996) compared the yields of CO,
CO2, and light hydrocarbons. They discovered that the predicted results
using the global thermal decomposition model were not well-consistent
with those obtained by the superposition of the decomposition kinetics for
different components of almond shells.
In contrast to the mentioned studies, Couhert et al. (2009a and b) claimed
that superposition law could not be a useful idea to predict pyrolysis gas
yields due to the interaction among biomass components and the effect of
minerals on pyrolysis reactions. There are several studies on the influence
of mineral substances on prediction accuracy. Usually, the pre-washing
method of biomass could eliminate the impact of minerals on pyrolysis
reactions (Couhert et al., 2009a). Washing is generally performed with
water or acid solutions. Di Blasi et al. (2000) investigated the effects of the
minerals’ extraction from biomass. It is important to note that the biomass
composition of cellulose, hemicellulose, lignin, and extractives could be
altered during the washing process (Das et al., 2004). In reality, not only
minerals but also other components (e.g., extractives, hemicellulose) were
removed during the washing treatment (Yang et al., 2006b).
Although there have been numerous types of equations for describing
the kinetic analysis of biomass pyrolysis (Anca-Couce and Zobel, 2012;
Trendewicz et al., 2014; Xiong and Kong, 2014; Papari and Hawboldt,
2015), the general fundamental equations for pyrolysis kinetics developed
by Dizaji et al. (2014) are presented herein. Using the first-order Arrhenius
law (Tran and Rai, 1978; Rath and Staudinger, 2001), it is assumed that the
process of pyrolysis is a multi-step procedure and that each stage is
governed by the Arrhenius law (Dizaji et al., 2014). The chemical pyrolysis
kinetics for each step can be expressed as follows (Eq. 7):
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𝑑𝑚
𝑛
= −𝑘(𝑚 − 𝑚𝑓 )
𝑑𝑡

Eq. 7

By taking antilogarithm for both sides of Equation 11, the following
expression is formed (Eq. 12):

𝐸

where 𝑘 = 𝐴𝑒𝑥𝑝 (− ), n is the reaction order, m is the current mass, mf is the
𝑅𝑇
particle’s final mass, A denotes the pre-exponential coefficient, E stands for the
activation energy, and R is the global gas constant. When the particle mass
reaches mf, the reaction stops (dm/dt=0). Using the parameter of timedependent dimensionless mass decomposition (α=[m0−m]/[m0−mf], where m0
is the initial mass), Equation 7 can be re-written to the following expression
(Eq. 8):
𝑑𝛼
= 𝑘(1 − 𝛼)𝑛
𝑑𝑡

𝐴𝑅

𝐴𝑅

𝑒𝑥𝑝 (𝑙𝑛 )
𝐴𝑅
𝐸
𝑔(𝛼)
𝐻𝐸
= 𝑒𝑥𝑝 (𝑙𝑛
− )=
= 𝐻𝐸 𝐸
𝐸
𝐻𝐸 𝑅𝑇
𝑇2
𝑒𝑥𝑝
𝑒𝑥𝑝
𝑅𝑇

Eq. 12

𝑅𝑇

Finally, the mean pyrolysis rate is calculated by using the pyrolysis
kinetic constants (Eq. 13):

Eq. 8

𝑡

(

𝐸

{− ∫𝑡 2 [𝐴𝑒𝑥𝑝 (− ) (𝑚 − 𝑚𝑓 )] 𝑑𝑡}
𝑑𝑚
𝑅𝑇
1
)=
∆𝑡
𝑑𝑡

Eq. 13

Substituting the Arrhenius kinetic equation for 𝑘 and using differentiation
rules, α–parameter can be expressed as follows (Eq. 9):
𝑑𝛼 𝐴
𝐸
= 𝑒𝑥𝑝 (− ) (1 − 𝛼)𝑛
𝑑𝑇 𝐻
𝑅𝑇

Eq. 9

where H is the heating rate. By integrating Equation 9 and re-arranging it, the
following expression can be obtained (Eq. 10).

𝑔(𝛼) =

𝐴𝐸
𝑝(𝑥)
𝐻𝑅

Eq. 10

where x=E/RT. The exponential integral 𝑝(𝑥) has no analytical solutions, but
many approximate solutions can be found (Doyle, 1965; Flynn, 1997). With
model-fitting methods, it is possible to find a suitable model to describe the
influence of the relative changes in the particle mass (α) on temperature and
simultaneously determine E and A. One popular method is the Coats and
Redfern method (Coats and Redfern, 1964; Vyazovkin and Wight, 1999),
which is used herein.
By utilizing the exponential integration for both sides of Equation 10, the
following equation can be obtained (Eq. 11):

𝑙𝑛

𝐴𝑅
2𝑅𝑇
𝐸
𝑔(𝛼)
= 𝑙𝑛 [
(1 −
)] −
𝐻𝐸
𝐸
𝑅𝑇
𝑇2

Eq. 11

A typical algorithm for biomass pyrolysis modeling and validation is
presented in Figure 2.

3.3.2. Chemical percolation devolatilization (CPD) model
The CPD model was initially developed for describing changes in the
chemical structure and devolatilization behavior of the coal during the rapid
heating process (Fletcher et al., 1992). This model can predict char, tar, and
light gas yields according to the heating rate, temperature, residence time,
and pressure during the pyrolysis. The CPD model was extended from coal
to biomass pyrolysis by Sheng and Azevedo (2002). The proposed model
could estimate the pyrolysis behaviors of cellulose, hemicellulose, and
lignin cnsidering their specific chemical structure (Sheng and Azevedo,
2002). With the same reaction scheme and multi-mechanisms in the coal
model, the structural parameters were modified, and reaction kinetics were
performed by considering the three components’ reactions.
For the biomass pyrolysis process, an upgraded version of a network
devolatilization model (bio-CPD) was introduced by Vizzini et al. (2008).
Using the bio-CPD model, the authors could predict the yields of tar and
major gas species, tars and chars, and the molecular weight distribution of
tar in response to biomass’s proximate and ultimate components, heating
rate, temperature, and pressure in the reactor. Providing the initial organic
chemical structure of black liquor or biomass, the CPD model was also

Fig. 2. Flowchart of biomass pyrolysis modeling and validation.
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extended to predict gas and tar yields using the 13C NMR spectroscopy (Fletcher
et al., 2012). Lewis and Fletcher (2013) modeled the sawdust pyrolysis process
using the CPD model. The experimental results validated that the model could
accurately estimate the devolatilization yields of three types of sawdust. Wan
et al. (2015) also investigated the pyrolysis performances of coal, straw, and
coal-straw blends using a one-dimensional, time-dependent bio-CPD model.
3.3.3. Distributed activation energy model (DAEM)
DAEM has been primarily employed to analyze complex reactions of fossil
fuels, kerogen, carbon, and biomass, during pyrolysis (Mani et al., 2008; Chi et
al., 2016). This model allows having different rate parameters co-occurring by
assuming many irreversible first-order parallel reactions. Miura and Maki
(1998) used the DAEM (Eq. 14) to analyze total volatiles’ change against time
in the coal or biomass pyrolysis.

1−

∞
𝑇
𝐸
𝑉
= ∫ 𝑒𝑥𝑝 (−𝑘0 ∫ 𝑒 −𝑅𝑇 𝑑𝑡 ) 𝑓(𝐸)𝑑𝐸
𝑉∗
0
0

Eq. 14

where V is the emitted quantity of a volatile component at point t, V* is the total
volatile quantity calculated from the activation energy at a small change
interval during the pyrolysis reaction of samples, V/V* is the conversion rate of
pyrolysis products at time point t, k0 is the frequency coefficient, E is the
apparent activation energy, and R is the ideal gas constant (⁓8.314 J·mol-1·K1
). According to the Miura integration method (Miura and Maki, 1998),
Equation 4 can be simplified as follows (Eq. 15):

𝑙𝑛

𝑘0𝑅
𝑉
𝐸1
𝛽
= 𝑙𝑛
− 𝑙𝑛 [−𝑙𝑛 (1 − ∗)] −
𝐸
𝑉
𝑅𝑇
𝑇2

Eq. 15

where β = dT/dt represents the heating rate.
Using the Arrhenius equation, a further simplification of Equation 15 could
be obtained as shown in Equation 16 (Chi et al., 2016):

𝑙𝑛

𝑘0𝑅
𝐸1
𝛽
= 𝑙𝑛
+ 0.6075 −
𝐸
𝑅𝑇
𝑇2

Eq. 16

In the pyrolysis kinetic analysis, E and k0 are essential parameters describing
the pyrolysis kinetic models, such as universal first-order (Coats and Redfern,
1964), comparison of linear heating rates (Friedman, 1964), section first-order
(Lin et al., 2013), iso-conversion methods (Starink, 2003), distributed
activation energy (Wang et al., 2009).
Rostami et al. (2004) developed a computer program to solve the models
that incorporated DAEM into the CFD model to estimate yields of the
individual pyrolysis materials at any heating rate and temperature conditions
with the kinetic parameters were pre-determined by the TG–FTIR or TG–MS
examination. Mani et al. (2008) utilized the DAEM equation to accurately
predict the pyrolysis operation by the experimental data with several heating
rates. Considering the temperature dependency of the pre-exponential
coefficient in DAEM, the kinetic parameters for the non-isothermal lignin
pyrolysis were determined using the annealing and TGA data.
The DAEM has recently been extensively applied to elaborate biomass
pyrolysis under linear heating conditions (Sonobe and Worasuwannarak, 2008;
Meng et al., 2013). Cai et al. (2013) extended the DAEM to a three-parallelreaction simulation for hemicellulose, cellulose, and lignin. They fitted the
results to predict pyrolysis kinetic behaviors of eight types of biomass
feedstocks. A review paper by the same group (Cai et al., 2014) discussed the
DAEM methodology in terms of numerical calculation, parameter estimation
methods, and applications in biomass pyrolysis. Combining the DAEM
approaches detailed in this review with a multi-fluid CFD model (Xue et al.,
2012), Xiong et al. (2016) simulated different phases of the biomass process.
They showed that the activation energy distribution functions of Gaussian and
Logistic could be more accurate in simulating pyrolysis kinetics. Hu et al.
(2016) investigated the slow pyrolysis of three typical biomass feedstocks, i.e.,

bamboo, wood, and rice husk, using the combined DAEM method and
model-free/Fraser-Suzuki deconvolution method, providing another
alternative for kinetic analysis of slow biomass pyrolysis.
3.3.4. Prediction using artificial neural network (ANN) models
Over the recent years, some concerns have arisen about the accuracy of
the models using the exclusive effects of individual biomass components
(Peters, 2011; Burhenne et al., 2013; Garcia-Maraver et al., 2013). These
models could not precisely predict product yields of biomass pyrolysis
since the complex interactions between biomass compounds were ignored
(Couhert et al., 2009b). The ANN concept is becoming more popular to
solve complex nonlinear and discrete systems and to cover a large diversity
of applications (Leonard and Kramer, 1990). For instance, ANN
methodology has been successfully applied for modeling and optimization
of biosorption processes due to the fact that it is capable of quantifying the
interactions between different variables (Witek-Krowiak et al., 2014).
Moreover, ANN has also been used for biomass gasification to predict
the syngas composition for different gasifier types (Guo et al., 2001; Brown
et al., 2007; de Souza Jr et al., 2012; Puig-Arnavat et al., 2013; Mikulandrić
et al., 2014; Kumar et al., 2016; Baruah et al., 2017). Using the generalized
feedstock-independent ANN model, Guo et al. (2001) reported that the
prediction accuracy was improved compared to the traditional feedstockdependent model. Utilizing the data from the published literature for the
ANN model training, the syngas yield and the composition of the four
major gases (i.e., CO, CO2, H2, CH4) were estimated (Puig-Arnavat et al.,
2013). This model used the back-propagation algorithm; the input layer
included the biomass composition and several operation parameters, and
the hidden layer had two neurons. The results estimated by the ANN model
indicated a remarkable consistency with the experimental data.
In an interesting study, Mikulandrić et al. (2014) compared the
equilibrium model and ANN model in the biomass gasification process,
revealing that both approaches could reasonably predict the process
parameters. Brown et al. (2007) estimated the gasifier’s zone temperatures
by integrating the ANN regressions with the stoichiometric equilibrium
model. In this technique, the equilibrium model was modified by the
outputs obtained from the ANN estimation. Applying an ANN model,
Kumar et al. (2016) prognosticated the calorific values and syngas
compositions for both air and steam gasification for different input
parameters, including air flow rate, fuel flow rate, steam flow rate, fuel
composition, and reaction temperature, which exhibited a good prediction
accuracy.
In addition to biomass gasification applications, Sun et al. (2016) applied
a three-layer ANN model for pine sawdust’s pyrolysis to investigate the
effects of the pyrolysis temperature, biomass size, and carrier gas flow
velocity on the yields of major gaseous products (H2, CO, CH4, and CO2).
In another work, Çepelioğullar et al. (2016) used the heating rate and
pyrolysis temperature as inputs and the biomass weight loss as output to
predict the thermal decomposition of two fuel types, indicating the
usefulness of the ANN strategy in biomass pyrolysis. In line with this
evidence, Baruah et al. (2017) closely validated the predicted results for the
major gas species compositions at different operating parameters by the
experimental data.
Sunphorka et al. (2015) proposed an ANN model to quickly predict the
kinetic parameters using the 100-point TGA data during the biomass
oxidation process. In their study, the oxygen concentration, air-to-biomass
ratio, carbon percentage, volatile substance percentage, and ash percentage
were regarded as input data, and the pre-exponential coefficient, activation
energy, and reaction order were considered as the outputs. In another
research work by Sunphorka et al. (2017), three ANN models for the kinetic
parameters were developed to estimate their correlations with biomass
constituents. A set of 150 TGA data from different biomass compositions
was used to train and test the models. The authors proved that the developed
ANN models could estimate pyrolysis kinetic parameters with an
acceptable accuracy.
Aghbashlo et al. (2019) expanded the data bank compiled by Sunphorka
et al. (2017) by 42 additional points to develop three hybrid ANN-based
models to forecast the kinetic parameters of biomass thermal conversion.
Comparing the results by Sunphorka et al. (2017), they showed that the
adaptive network-based fuzzy inference system (ANFIS) tuned with
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particle swarm optimization algorithm could significantly improve the
prediction accuracy for biomass pyrolysis. In a later investigation, Aghbashlo
et al. (2021) consolidated the ANFIS algorithm with the genetic algorithm to
develop a hybrid intelligent model to study biomass thermal decomposition.
They evidenced that evolutionary algorithms could remarkably strengthen the
ANN models.
3.4. Experimental validation
Different validation methods for the prediction of pyrolysis products in
literature are summarized in Table 2.

3.4.1. Temperatures and weight fractions
Since the radiation adsorption can occur in the vicinity of thermocouples
in reactors, it is difficult to precisely determine the particle surface
temperature. Authier et al. (2009) used an image furnace to address this
problem and measured the particle surface temperatures during biomass
pyrolysis. Gerber et al. (2010) monitored the temperature changes by
inserting thermocouples inside the reactor. Corbetta et al. (2014) developed
an experimental device for the large wood particle pyrolysis by inserting
thin thermocouples into the particles. With a different approach, Suuberg et
al. (1996) estimated the temperatures during pyrolysis by measuring the tar

Table 2.
Different models and validation methods.

Authors

Reactor type

Model

Temperature and
particle size

TGA apparatus

Clausius-Lapeyron equation

Vertical fixed-bed reactor

Validation remark(s)

Conclusions

• 344-488 K

The vapor pressures of R-D-glucose,
D-xylose, D-cellobiose, and
levoglucosan were measured.

Knudsen effusion was a reliable
method.

Heat/mass transfer and
chemical reaction

• 673 K
• ~200 mesh

Biomass, char, etc. were weighed.

Using heat/mass transfer and
chemical reaction can well
represent the transient behavior.

Rotary kiln

1D steady-state model

• 450-800 °C
• 10 mm

Condensed matters were determined
by proximate/ultimate analysis, and
gas analysis by was performed by
online GC.

The influence of residence time
was small, and the model well
fitted with the experimental data.

Rath and Staudinger
(2001)

Coupled TGA and the
tubular reactor

Determined kinetic parameters
using a first-order kinetic
model and 1D flow model

• 800 °C
• 0.5-1.0 mm

TGA curves were established.

The model could predict CO, CO2,
H2O, hydrocarbons, acetylene,
methane, ethane, and propene.

Dupont et al. (2007);
Dupont et al. (2009)

Lab-scale entrained flow
reactor

Kinetic model, particle
decomposition model, and
reaction model.

• 1073-1273 K
• 0.4-1.1 mm

Solid in a decanter was collected.
Gas was analyzed by GC and FTIR.
Gas and solid masses at the reactor’s
outlet were measured.

It was concluded that the model
could be satisfactorily used for
prediction.

Várhegyi et al. (2009)

TGA apparatus

Distributed activation energy
model (DAEM)

• 150-600 °C
• 60 μm

The least-squares evaluation for DTG
and TGA results were obtained.

A good agreement with the
experimental data was achieved.

Fluidized-bed reactor
(image furnace)

Eulerian and Lagrangian
approaches

• 1800 K
• Various sizes

Experiments were performed in an
image furnace.

The gas and char yields and their
compositions depended on the
heating rate and temperature.

Quartz glass reactor

Eulerian multiphase approach

• 670 K
• Various sizes

Thermocouples were used to monitor
the temperatures in the reactor. Gas
concentrations were examined at the
outlet of the reactor with GC and
laser MS.

Operating conditions and model
parameters strongly influenced the
tar content in the gas.

TGA apparatus

A single nth-order reaction
model

• 973-1273 K
• 70-250 μm

TGA curves were established and the
measurements of solid residue yield
were performed.

A linear relationship existed
between residue yield and lignin
content of biomass.

Bubbling fluidized-bed
reactor

Euler multiphase CFD model
coupled

• 700 °C
• 520 μm

Model predictions are compared to
the experimental yields.

Biomass size and gas velocity
influenced tar yield considerably.

Bruchmüller et al. (2012)

Fluidized-bed reactor

Eulerian-Lagrangian or CFDDEM model

• 699-758 K
• 0.5 mm

The steady-state experimental data
used to validate the fluidization
process.

The fluidization velocity
remarkably affected the bio-oil
yield.

Brown and Brown (2012)

Auger reactor

Regression models

• 600 °C
• 750 μm

The bio-oil and char yields were
gravimetrically determined, and gas
yields were measured using MicroGC.

Auger reactor was found suitable
for bio-oil production

Laboratory-scale
bubbling fluidized-bed
reactor

Three kinetic schemes coupled
with multi-fluid models

• 773 K
• Various sizes

The predicted yields were compared
with experimental results.

The three-component scheme was
the best one to represent biomass
pyrolysis.

Fluidized-bed reactor

Multi-fluid model coupled
with chemical reactions

• 773 K
• 0.5 mm

All yields at the reactor exit were
presented.

Increases in gas velocity and tar
convective flow could prevent the
tar from cracking into gas.

Olaleye et al. (2014)

Special designed 2-stage
fixed bed.

A dynamic model considering
heat/mass transfer

• 800 °C

Two condensers and dry ice were
employed to collect the final
products. The gases were collected in
a bag and analyzed by GC.

The prediction was in a good
agreement with test data.

Lee et al. (2015)

Bubbling fluidized-bed
reactor with three-stage
condenser

CFD models coupled with the
lumped model and hybrid
model

• 873 K
• Various sizes

The calculated yields were compared
with the tested results and with the
literature.

Both lumped and hybrid models
could satisfactorily predict the char
yield.

Oja and Suuberg (1999)

Bandyopadhyay et al.
(1996)

Klose and Wiest (1999)

Authier et al. (2009)

Gerber et al. (2010)

Hashimoto et al. (2011)

Xue et al. (2012)

Xiong et al. (2014)

Xiong and Kong (2014)
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Table 2.
continued.

Reactor type

Model

Temperature and
particle size

TGA apparatus

First-order Arrhenius law

Corbetta et al. (2014)

Some unpopular reactors
for centimeter-scale
samples

Wan et al. (2015)

Ranzi et al. (2017)

Authors

Dizaji et al. (2014)

Validation remark(s)

Conclusions

• 1100 K
• Various sizes

The weight loss curves versus
temperature were obtained.

The mean pyrolysis rate was a
criterion to predict the volatility.

A kinetic model integrating the
chemical reactions and
heat/mass transfer

• 468-1050 °C
• 2-3 cm

Temperatures were measured using
K-type thermocouples. Mass loss as
well as gas and tar yields were
obtained using GC and FTIR.

Prediction and experiment results
were reasonably fit.

A single-particle reactor

CPD for coal and straw

• 1100 K
• 0.8 mm

Mass loss was determined by TGANMR.

CPD model could simulate the
pyrolysis of coal and straw.

TGA apparatus

The kinetic model used for
secondary reactions

• 800 °C
• Various sizes

TG data and reported data were
compared.

Acceptable agreements with
experiments were observed.

GC = gas chromatography; TGA = thermogravimetric analysis; DTG = derivative thermogravimetric analysis; CPD = chemical percolation devolatilization.

vapor pressures.
As another difficulty, the solid yields at the reactor outlet cannot be
accurately measured because char particles leave the reactor in an erratic
pattern and should be collected after extracting gas products, tar, and water
(Bruchmüller et al., 2012). Bandyopadhyay et al. (1996) weighed solid samples
of biomass and char at different time intervals, and the experiments had to be
restarted and continued for the prescheduled time. The yields were determined
using the method of weighted summative volatiles and char as well as the predetermined composition of the volatiles.
Dupont et al. (2009) weighed the solids in the decanter at the reactor’s outlet,
and the fine particles and remaining tars were separated on the gas filter.
Hashimoto et al. (2011) used weights of solid residue yields of the pyrolysis
and reported that the lignin content linearly affected the solid residue yield. Xue
et al. (2012) weighed the chars and bio-oil collection system components at
each time interval during pyrolysis, and the equation of mass balance was
gravimetrically developed based on the masses of the bio-oil and chars. Brown
and Brown (2012) applied response surface models for predicting the bio-oil
and char yields by considering the interaction between the carrier gas flow and
auger speed. Xiong and Kong (2014) presented all weight fractions of the
pyrolysis yields at the reactor’s exit. Lee et al. (2015) reported yields of biooil, syngas, and chars in their experiments and used the data to verify their
models.
3.4.2. Instrumentation-based approaches
Due to the diversity of pyrolysis reactor conditions and biomass feedstocks,
it is desirable to develop comprehensive models of biomass-pyrolysis, which
can accurately predict yields of products based on the feedstock type, particle
characteristics, and pyrolysis process conditions (Miller and Bellan, 1997;
Miura and Maki, 1998). As a popular technique for examining the thermal
characteristics during the biomass pyrolysis process, the TG-FTIR analysis can
be used to generate kinetic input parameters and then produce quantitative
results for different feedstocks, such as glucose, cellulose, hemicellulose,
xylan, lignin, poplar and pine wood, wheat straw, bagasse, tobacco, and
chlorogenic acid (Bassilakis et al., 2001; De Jong et al., 2003; De Jong et al.,
2007). The kinetic parameters obtained by TG-FTIR analysis can be
incorporated into a pyrolysis model to predict product yields (Wójtowicz et al.,
2003). De Jong et al. (2003) used the TG-FTIR analysis to examine the
characteristics of two materials and explore the role of different functional
groups in devolatilization, vaporization, and cross-linking.
In a rotary kiln at temperatures ranging from 450–800 °C, Klose and Wiest
(1999) determined the concentrations of CO2, CO, CH4, and H2 by an online
packed-column GC/MS and the characteristics of condensed matters by
proximate and ultimate analyses. This led to a balance between each product’s
mass and total mass and an energy balance using the gross calorific value as
chemical enthalpy. Rath and Staudinger (2001) used TG curves to calculate the
components of different gas products (CO, CO2, H2O, hydrocarbons, acetylene,
methane, ethane, and propene) produced in the pyrolysis process. Using the
least-squares method, Várhegyi et al. (2009) analyzed the derivative

thermogravimetric (DTG) and TGA data in separate calculations and
simultaneously evaluated twelve pyrolysis experiments.
Dupont et al. (2009) placed some probes at different vertical positions in
the reactor to examine the gas and solid products. The remaining particles
and tars in the released gases were screened using a filter. The masses of
syngas and solids were determined at the outlet of the reactor. Several
methods were used to analyze gases, including the FTIR spectrometer for
CO, CO2, CH4, C2H4, C2H2, and C2H6, Non-Dispersive Infrared analyzer for
O2 and CO2, Flame Ionization Detectors for CH4 and total hydrocarbons,
Thermal Conductivity Detector for H2, and hygrometric mirror for H2O. At
least two measurement methods were performed for each gas component
so that the errors between the two measurements were always smaller than
5%. Although the temperature measurement inside the biomass particle was
impossible and the inaccurate temperature distribution in the particles
might have affected the heat transfer process, the examination of
morphological changes of solid residue with different initial sizes
confirmed the model with a reasonable accuracy. Using GC joined with
laser MS, Gerber et al. (2010) examined gas concentrations at the outlet of
the pyrolysis reactor.
Bruchmüller et al. (2012) used experimental results of the pyrolysis of
0.8 million wood particles in a fluidized-bed reactor to validate the
Lagrangian CFD simulation results. They showed that the gas composition
at the outlet determined by the unsteady-state method agreed well with that
measured by the steady-state method. Olaleye et al. (2014) collected the
final products by condensing them with two condensers and dry ice, and
used the Tedlar™ bags to collect the gases and then analyzed off-line by
GC. Dizaji et al. (2014) predicted the volatility of different materials by the
mean pyrolysis rate based on the weight loss curves vs. temperature. Ranzi
et al. (2017) used several TG-based experimental data and wide-ranged
reported data in the previous literature to validate pyrolysis’ kinetic
parameters. Using coal and biomass as feedstock materials, Pielsticker et
al. (2017) simultaneously measured the yields of 22 pyrolysis gases in a
fluidized-bed reactor using FTIR by a novel sampling technique, i.e.,
offline measurements of gas species selection. This method required long
FTIR scan times to capture enough gases for increasing the signal/noise
ratio. Consecutively, the total pyrolysis yields were continuously measured
online by the regular measurements of the simultaneous quantitative
analysis.
4. Applications of gas sensors and recommendations
4.1. Review of current gas sensors
During the biomass pyrolysis, it is desirable to accurately estimate the
syngas yield (CO2, CO, CH4, and H2). Different processes require different
types of gas sensors due to their different physical and chemical properties.
Many studies have focused on advancing the gas sensors in terms of
miniaturization and high-temperature resistance (Lakkis et al., 2014). The
current methods used for gas sensing are summarized as follows:
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a.

b.

c.

d.

Conducting polymer gas sensors are used for liquid petroleum gas
sensing (Roy et al., 2011) and humidity measurement (Singh et al.,
2012). In this type, the electrical resistance of the sensed gas is detected
based on the gas interaction. As a major drawback, they are sensitive to
the environmental parameters, such as high temperatures.
Piezoelectric surface acoustic wave (SAW) gas sensors were developed
to measure the gas concentrations by determining acoustic wave speed
varied by the different gas compositions (Toda and Kobayakawa, 2008;
Fanget et al., 2011). The SAW sensor has two electrodes in gas, one is
a transmitter, and the other is a receiver of acoustic waves. It has the
advantages of low cost, precise, reproducible, and miniaturized size. As
the primary idea, the surface wave is excited on a piezoelectric substrate
(Jakubik, 2011). To detect the major gas species during the hightemperature biomass pyrolysis, Zhang et al. (2010, 2012 and 2016) and
Zhang and Kosinski (2013) investigated the velocity shifts caused by
high temperature in quartz SAW resonators by analyzing contributions
of nonlinear material constants.
Carbon nanotubes-based gas sensors have been developed in two main
types. The first one is based on single-walled nanotubes (SWNT) that
include one layer of graphene. The second one is based on multi-walled
nanotubes (MWNT) that involve about 50 layers of graphene. These
sensors have the advantages of small size, low cost, and high sensitivity
(Gavrilov et al., 2004; Kauffman and Star, 2008). When the sensors are
exposed to gas molecules, the electrical resistance of the carbon
nanotubes changes with the different molecules (Kong et al., 2000). The
carbon nanotubes gas sensors also have the advantages of good
selectivity and are not affected by surrounding situations (Modi et al.,
2003).
Optical gas sensors include five types including optical spectroscopy
sensor, non-dispersive infrared gas sensor, active laser gas sensor,
surface Plasmon resonance (SPR) gas sensor, and optical fiber gas
sensor (Lakkis et al., 2014). The optical spectroscopy gas sensor has the
advantages of rapid detection and good sensitivity. However, this

e.

f.

g.

technique is expensive and can only measure the gas with a
substantial optical absorption (Dakin and Chambers, 2006). The
non-dispersive infrared gas sensor is used to measure the infrared
(IR) light absorbed by the gas (Lee and Lee, 2001). The active laser
gas sensor can remotely measure gas concentration, suitable for
determining air contamination (Eremin, 2007). The SPR sensor has
a thin metal film placed on a glass surface. It measures the intensity
of the reflected signal from the varied angle of the light beam at a
fixed wavelength (Jha and Sharma, 2011). The optical fiber gas
sensor has a dye coating layer on the optical fiber surfaces, and the
dye’s optical properties vary with the interaction with different
gases (Arshak et al., 2004). It has the advantages of small size and
weight, remote operation, working in a highly noisy environment,
and no power requirement (Elosua et al., 2006).
Semiconductor gas sensor is based on the interaction between metal
oxides and the measured gas. As soon as the sensor absorbs the
gases, oxidation occurs, resulting in a substantial change in
electrical resistance (Yamazoe, 2005). The semiconductor sensor
has the advantages of low cost, high sensitivity, and simplicity
(Yamazoe, 2005). However, it suffers from less reproducibility,
instability, and non-linearity.
Electrochemical gas sensor is popularly offered in the current
market (Dubbe, 2003), mainly applied to detect oxygen level in the
automotive industry (Gründler, 2007). The advantages are the short
response time, high precision, wide work range, and low power
consumption. As the main drawback, it is not applicable for the
processes taking place at the cryogenic temperature (<-40 °C).
Ionization gas sensor is a type of gas sensors working based on the
principle of physical reaction, in which the ionization characteristics
of different gases act as their fingerprints (Pearce et al., 2006; Liao
et al., 2008). In this sensor, each gas species can be ionized under a
particular voltage, temperature, and pressure. Since different gas
species have different ionization voltages, the ionization fingerprints

Fig. 3. Technology demonstration for real-time gas monitoring with surface acoustic wave (SAW) gas sensing system in the pyrolysis process; (a) the biomass feedstocks being fed into the hightemperature gasifier; (b) the enlarged view of the langasite surface acoustic wave (LGS SAW) gas sensor and signal conditioner; and (c) PC with a wireless transmitter.
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of all gases can be identified. However, the ionization gas sensors have
a large size and need high voltages and power consumption.
Silicon micromachined GC is the technique currently used for
examining the gas fractions during pyrolysis. The principle of GC is that
the sample gases are injected into the instrument with a carrier gas
stream. The samples are then transferred into a separation tube where
the various components of the gases are separated. A detector examines
the quantity of the components exiting the tube. At this stage, the gas
concentrations can be estimated by comparing the results with the
standard gas samples with known concentrations (Zampolli et al., 2009).
Although the GC system is precise, it has some limitations due to its
large size, fragility, slowness, and high cost (Radadia et al., 2010).
Furthermore, GC application provides insufficient volatility for species,
limiting real-time gas separation and yield determination (Bourgonje et
al., 2017).

Although the determination of the gas yields during the pyrolysis process
using the Py-GC/MS system is a possible approach, its bulky size, fragility,
slow detection, and high cost limit its industrial applications, particularly in
real-time measurements. Thus, it is necessary to develop an innovative
technique to accurately measure the gas yield in real-time. Recently, some
research teams have focused on high-temperature gas sensors to achieve
advanced gas sensing approaches for harsh environment applications (Ghosh
et al., 2019a and b; Zhang et al., 2019).

and power devices such as energy harvesters. In addition to this suggestion,
it is also desirable to develop high-temperature sensors for online detection
of the gaseous products during biomass pyrolysis. These sensors can
facilitate the real-time monitoring of gases during the process, offering
useful information for pyrolysis modeling, consequently leading to high
product quality and process performance. Additional useful features for the
gas sensors could be 1) wireless monitoring so that no high-temperatureresistant wire is needed and 2) simultaneous gas detection of CO, CO2, and
H2. The details of the suggested technology are presented in Figure 3.
Figure 4 also suggests a gas sensor probe consisting of three-circular
SAW resonators as the sensing element and the associated housing.
5. Conclusions
The present work reviewed the effects of feedstock characteristics,
biomass shape and size, heat-mass transfer, particle motion, and reaction
kinetics on the pyrolysis process and product yields. In addition, the
experimental validation methods and current gas sensors for pyrolysis
reactors were explained. The current techniques used for experimental
validations including the determinations of temperatures, mass losses, and
weight fractions were reviewed. Moreover, the applications of TGA, DTG,
FTIR, and Py-GC/MS analyses for describing the pyrolysis process and
estimating product yield were discussed.

Fig. 4. The suggested gas sensor probe; (a) gas sensor probe and (b) enlarged view of the dual delay line langasite surface acoustic wave (LGS SAW) resonator.

4.2. Recommendations for future works on gas sensors
Future works are recommended to increase the SAW sensor’s survival
temperature from 350 °C to 600-1000 °C. That will include improving the hightemperature adhesive and sensor fixture and the high-temperature electronics

Most studies confirmed that the investigated models could accurately
predict the product yields by superpositioning the associated values for
individual biomass components. On the contrary, some researchers claimed
that the interactions between the biomass components could hinder the
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accurate prediction for product yield. Nevertheless, the present paper
demonstrated that well-established models could result in an acceptable
accuracy. Moreover, the product validation technique was regarded as a crucial
factor for evaluating models’ effectiveness.
Among the various methods used for gas analysis, although the Py-GC/MS
offers a suitable method for gas yield estimation, it suffers from the bulky size,
fragility, slow detection, and high cost, limiting its industrial applications,
particularly in real-time measurements. Therefore, it is highly recommended to
develop an advanced technique to accurately measure the gas yield in real-time
for the biomass pyrolysis.
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