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Abstract 

Biomass pyrolysis has emerged as a flexible platform for converting low-value residues 
into higher-value energy carriers (bio-oil, biochar and gas) and carbon-rich materials, with 
realistic potential for negative emissions when biochar is deployed in long-lived sinks. 
Over the last decade, three developments have driven the field forward: first, a finer mech-
anistic understanding of devolatilization and secondary reactions; second, major im-
provements in analytical techniques for characterising feedstocks and products; and third, 
more rigorous techno-economic and life-cycle assessments that place pyrolysis in a 
broader energy-system context. Recent experimental work on forestry and agro-industrial 
residues has clarified how biomass composition, ash chemistry and operating conditions 
jointly govern product yields, energy content and stability. Parallel advances in GC×GC–
MS, high-resolution mass spectrometry, NMR and thermogravimetric methods have 
shifted the discussion from bulk “bio-oil” and “char” to families of molecules and well-
defined structural domains, which can be deliberately targeted by reactor and catalyst 
design. Data-driven models, ranging from support vector machines applied to TGA 
curves to ANFIS and random forests for yield prediction, are now accurate enough to 
support process screening and multi-objective optimisation. At the system level, commer-
cial fast pyrolysis biorefineries report overall useful energy efficiencies on the order of 80–
86%, while slow pyrolysis configurations centred on biochar can be economically viable 
when carbon storage and co-products are appropriately valued. Thermodynamic analyses 
confirm that indirect gasification via fast-pyrolysis oil sacrifices some energy and exergy 
efficiency relative to direct solid-biomass gasification but may offer logistical and integra-
tion advantages. This review synthesises recent work on (i) feedstock and process charac-
terisation; (ii) state-of-the-art analytical methods for bio-oil, biochar and gas; (iii) model-
ling and machine-learning tools; and (iv) energy-system deployment of pyrolysis prod-
ucts. Throughout, the emphasis is on how characterisation and modelling inform concrete 
design choices and on the trade-offs that arise when pyrolysis is considered as part of a 
wider decarbonisation portfolio. By integrating laboratory-scale characterisation with 
system-level modelling, this review aligns biomass pyrolysis with several United Nations 
Sustainable Development Goals (SDGs). The optimisation of thermochemical conversion 
pathways for forestry and agro-industrial residues directly supports SDG 7 (Affordable 
and Clean Energy) by enhancing the efficiency of bio-oil and syngas production. Further-
more, the deployment of biochar as a stable carbon sink for negative emissions and soil 
amendment addresses SDG 13 (Climate Action) and SDG 15 (Life on Land). By converting 
low-value waste streams into high-value energy carriers and chemicals within a circular 
bioeconomy framework, the research further contributes to SDG 12 (Responsible Con-
sumption and Production) and SDG 9 (Industry, Innovation and Infrastructure). 
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1. Introduction 
The global energy transition is not unfolding along a single technological pathway 

but through a patchwork of incremental improvements in existing systems and the paral-
lel development of genuinely low-carbon options. Work on optimising natural-gas pro-
duction and transport has helped to stabilise energy supply in the short term while car-
bon-intensive fuels are phased down [1–6]. In parallel, detailed studies of unconventional 
resources, including tight and shale gas, have shown both the potential and the limitations 
of using these reservoirs as bridging options in transition scenarios [7–9]. 

At the same time, attention has shifted decisively towards carbon-lean vectors and 
carbon-management technologies. Hydrogen produced from waste streams, including 
mixed plastics via pyrolysis and in-line reforming with carefully integrated heat manage-
ment, is now viewed as one way to decarbonise hard-to-electrify sectors while tackling 
resource inefficiencies in the waste system [9–13]. In parallel, carbon capture, utilisation 
and storage (CCUS) concepts are being developed to deal explicitly with the stock of 
greenhouse gases already in the atmosphere [14–19]. Together, these strands underscore 
a broader point: thermochemical processing and sorbent-based separations are likely to 
remain central tools in any credible route to net-zero and net-negative emissions. 

Within this family of thermochemical options, biomass pyrolysis occupies a distinc-
tive position. Thermochemical routes for biomass conversion—combustion, gasification 
and pyrolysis—offer different balances between simplicity, efficiency and product flexi-
bility. Combustion maximises immediate heat release for heat and power; gasification tar-
gets a gaseous intermediate for downstream synthesis; pyrolysis redistributes carbon 
among condensable vapours (bio-oil), solid carbonaceous residue (biochar) and non-con-
densable gases under oxygen-deficient conditions [20–23]. By adjusting temperature, 
heating rate and vapour residence time, this distribution can be tuned towards short-lived 
energy carriers (bio-oil and gas) or longer-lived carbon sinks (biochar), which is why py-
rolysis features prominently in scenarios for carbon-negative energy systems [20,24–27]. 
Fast pyrolysis, typically at 450–550 °C with very high heating rates and vapour residence 
times below a few seconds, is designed to maximise liquid yields, whereas slow pyrolysis 
with lower heating rates and longer residence times favours char formation and structural 
rearrangement towards more aromatic, stable solids [21,26,28–30]. Figure 1 conceptually 
maps these regimes and their characteristic product-yield envelopes. 

Several comprehensive reviews have already covered fundamental aspects of bio-
mass pyrolysis, including classical process overviews and reactor technologies, detailed 
discussions of reaction mechanisms, and broad surveys of fast pyrolysis and product up-
grading [20–23,25–27]. Building on this foundation, the present article is not intended as 
another general survey of all pyrolysis work. Instead, it focuses on four inter-linked 
themes that have developed rapidly over roughly the last decade: (i) the way feedstock 
properties and thermogravimetric behaviour inform process design and control; (ii) ad-
vances in analytical characterisation of bio-oil, biochar and pyrolysis gas at molecular and 
microstructural levels; (iii) the emergence of modelling and machine-learning tools that 
link operating conditions and biomass composition to yields, quality metrics and stability; 
and (iv) the integration of these insights into energy-system deployment, including 
techno-economic analysis (TEA) and life-cycle assessment (LCA) of fast- and slow-pyrol-
ysis pathways. 
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The scope of the review is deliberately confined to the pyrolysis of solid lignocellu-
losic biomass and its direct co-feeds, processed in slow, intermediate or fast regimes. We 
do not attempt to cover hydrothermal liquefaction, conventional combustion, or gasifica-
tion except where they provide context for comparing energy and exergy performance. 
Likewise, we touch on co-pyrolysis with plastics or other wastes only insofar as it informs 
understanding of biomass-derived product character. By structuring the review from fun-
damentals (Section 2) through feedstock and product characterisation (Sections 3 and 4), 
reactor concepts (Section 5), energy utilisation (Section 6), modelling (Section 7) and 
TEA/LCA (Section 8), we aim to provide a measurement-driven, system-aware perspec-
tive that links laboratory-scale characterisation with deployable biomass-pyrolysis op-
tions in decarbonisation strategies. 

Thermochemical routes for biomass conversion—combustion, gasification, and pyrol-
ysis—offer different balances among simplicity, efficiency, and product flexibility [20–23]. 
Combustion maximises immediate heat release; gasification targets gaseous intermediates 
for fuel synthesis; pyrolysis distributes carbon among gas, liquid and solid phases under 
oxygen-deficient conditions. That distribution can be tuned towards shorter-lived energy 
carriers (bio-oil and gas) or longer-lived carbon sinks (biochar), which is why pyrolysis in-
creasingly appears in discussions of negative-emission and circular bioeconomy [20,25–27]. 

Fast pyrolysis, usually conducted at 400–650 °C with very high heating rates and va-
pour residence times below a few seconds, is optimised for condensable vapours that can 
be recovered as a liquid “bio-oil” [21,26,28–31]. Slow pyrolysis, with heating rates of order 
1–10 °C s−1 and much longer solid residence times, favours char formation and structural 
rearrangement towards more aromatic, stable solids. Figure 1 conceptually maps these re-
gimes, indicating typical operating windows and product-yield envelopes. Intermediate 
and staged configurations blur the classical “slow vs. fast” dichotomy and are increasingly 
used to manage secondary reactions. This figure presents the average particle size used in 
different processes; however, biomass feedstocks can exhibit wide variation in particle size, 
which may influence heat transfer efficiency and reaction surface area during pyrolysis. 

 

Figure 1. Conceptual map of biomass pyrolysis regimes (slow, intermediate, and fast) showing typ-
ical temperature, heating rate and vapour-residence windows and approximate product-yield en-
velopes. 

In parallel with process developments, the analytic side of pyrolysis has advanced 
markedly. It is now routine to combine proximate and ultimate analysis with TGA/DTG, 
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detailed gas chromatography, multi-dimensional separations and high-resolution 
MS/NMR to build a multi-scale picture of how a given feedstock responds to a specific 
operating window [25,32–37]. These techniques, summarised in Table 1, have turned char-
acterisation from a post hoc exercise into a central design tool. The sections that follow 
link feedstock properties, process conditions, product characterisation and energy utilisa-
tion, drawing out implications for future deployment. 

Table 1. Overview of analytical methods for bio-oil characterisation: technique, target analytes, 
strengths, limitations, and typical use cases. 

Techniques Target Analysis Disadvantages Advantages 

Gas Chromatography 

1- Mass spectrometric detector (GC-
MS) 

2- Flame ionisation detector (GC-
FID) 

Chemical composition & 
chemical structure of compounds 
(pyrolysis liquids) 

Insufficient chromatographic resolu-
tion 
peak coelution 
unavailability of mass spectra of 
some bio-oil components in MS li-
braries 
unable to characterise the non-vola-
tile compounds 

Acceptable price 
wide availability 

Pyrolysis Gas Chromatograph–Mass 
Spectrometry (Py GC-MS) 

1- Online pyrolysis: the pyrolysis 
products are directly introduced 
into the injector of the gas chro-
matograph 

2- Offline pyrolyses: pyrolysis prod-
ucts are captured on the sorbent 
and subsequently eluted with the 
solvent 

Studying the process of biomass 
pyrolysis and its products in the 
lab-scale 

Online pyrolysis: 
discrimination of high-molecular 
components, poor chromatographic 
behaviour of polar compounds, de-
terioration of GC columns due to the 
presence of non-volatile compo-
nents. 

 

Offline pyrolysis: 
long sampling time for high-molecu-
lar compounds 

Eliminates the memory effects 
and column deterioration and 
enables further sample treat-
ment (e.g., derivatization) before 
the analysis 

Two-dimensional gas chromatography 
(GC × GC). 

By separating on two capillary col-
umns, analyse extremely complex 
mixtures 

High purchase price limitation to 
the compounds with boiling points 
up to ∼400 °C 

achieving an extended theoreti-
cal peak capacity, enhanced 
chromatographic resolution 
significantly higher number of 
detected components in compar-
ison to the conventional GC-MS 
technique 

Liquid Chromatography (LC) 

1- Adsorption chromatography (LSC) 
2- Gel permeation chromatography 
3- High-performance liquid chroma-

tography with UV 

Separate, identify, and quantify 
compounds dissolved in a liquid 
sample 

Worse separation ability than gas 
chromatography 
*Unamenable to some heavy frac-
tions of bio-oil 

Ability to analyse volatile com-
ponents and non-volatile sub-
stances 

High-resolution mass spectrometry 
(HRMS) 

Determine the feedstock and pyrol-
ysis process conditions to produce 
bio-oils with the desired properties 

Discrimination of some compounds 
in the ionisation process 

Ability to analyse non-volatile, 
high-molecular components 

Nuclear magnetic resonance (NMR). 

*Determine the percentage of differ-
ent carbon and hydrogen atoms in 
the sample, *Provide information 
about the concentrations of differ-
ent functionalities in bio-oils 
*Estimating the alkyl chain length 
of the alkanes present, or the de-
gree of their branching 

*Relatively low sensitivity as com-
pared to other spectroscopic tech-
niques 
*Trace and ultra-trace level quantita-
tion are always represented by poor 
limits of detection, that is, several 
orders of magnitude poorer than 
mass spectrometry or emission/ab-
sorption/fluorescence-based tech-
niques 

Characterise almost the entire 
bio-oil sample, including the 
high-molecular components 

Fourier Transform infrared spectroscopy 
(FTIR) 

Characterisation of the entire bio-
oil sample, regardless of the volatil-
ity of the compounds present 

The methanol stabilisation reduced 
viscosity and positively affected the 
stability of the bio-oil samples, 
which resulted in a reduction in the 
functional group changes in FTIR 
spectra 

Simple, cheap and fast 
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2. Fundamentals of Biomass Pyrolysis 
2.1. Biomass Constituents and Intrinsic Reactivity 

Lignocellulosic biomass is typically composed of 30–60% cellulose, 20–35% hemicellulose 
and 15–30% lignin, plus extractives and ash [21–23,25,38]. These biopolymers decompose over 
overlapping but distinct temperature intervals: hemicellulose around 200–350 °C, cellulose 
300–380 °C and lignin over a much broader range up to 600–700 °C. Figure 2 compares DTG 
curves for model cellulose, hemicellulose and lignin with a representative whole-biomass 
sample, illustrating the characteristic peaks associated with each component. 

Cellulose tends to depolymerise into anhydrosugars and low-molecular-weight oxy-
genates; hemicellulose, being more branched and heteroatom-rich, typically generates 
more permanent gas and small acids; lignin decomposes more slowly into phenolic va-
pours and char [23,28,31,38–40]. The relative proportions of these components therefore 
influence both the amount of char and the phenolic richness of the vapour phase. 

 

Figure 2. DTG curves for model cellulose, hemicellulose and lignin with a representative whole-
biomass sample, illustrating the characteristic peaks associated with each component. 

2.2. Operating Regimes and Product Distributions 

The distinction between slow, intermediate and fast pyrolysis is fundamentally ki-
netic: it hinges on the relative rates of heat transfer, primary devolatilisation and second-
ary cracking/condensation. Under slow conditions, char yields of 25–35 wt.% with rela-
tively modest liquid yields are typical; under optimised fast-pyrolysis conditions, liquids 
can reach 65–75 wt.% of dry feed for clean woody biomass, with char around 10–20 wt.% 
and gas 10–25 wt.% [20,21,26–28,41–45]. Representative ranges for different regimes and 
feedstocks are collated in Table 2. 

Fixed-bed work on residual forest and agro-forestry biomass confirms familiar but 
important trends: as peak temperature is raised from about 350 to 550 °C at moderate 
heating rates, char yield decreases while its fixed-carbon and ash fractions increase; H/C 
and O/C ratios drop substantially, indicating progressive aromatisation and deoxygena-
tion. Simultaneously, the permanent gas fraction becomes richer in CO, H2 and CH4, and 
the liquid fraction shifts towards lighter oxygenates at the expense of heavier oligomers. 
Particle size exerts a strong influence, with finer particles improving liquid yield by re-
ducing intra-particle residence times and secondary cracking. 
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Table 2. Representative proximate and ultimate analyses for different biomass types, with typical 
product yields and char higher heating value (HHV) at standard fast and slow pyrolysis conditions. 

Biomass Temp (°C) 
Heating Rate 

(C/min) 
Process 

Bio-Oil Yield 
(wt.%) 

Gas-Yield 
(wt.%) 

Char Yield 
(wt.%) 

HHV 
(MJ/kg) 

Ref 

Acid-treated rice husk 300–600 (427) 10 slow 35.5  49.2 14.6 [46] 
Spent coffee waste 400–800 (500) 3–15 (10) slow   30 22.6 [46] 

Banana pseudostem 470–540 (500)  fast 39.4   5.35 [46] 
Eucalyptus and LDEP 300–600 (524)   17.3    [46] 

Tomato peel waste 450–650 (600) 5–25 slow 40   22.5 [46] 
Palm shell 400–600 (500)  fast 60    [46] 

Sal wood sawdust 500 80 fast 46   36.1 [46] 
salicornia 600–800 (700) 15 slow 18–22.7  36.7–45.7 10.2–17.6 [46] 

Sewage sludge 300–700 (300)   72–52    [46] 
coffee grounds, and cow ma-

nure 
350–750 5–10 slow 28–61 6–42 23–55  [47] 

Neem seed-based de-oiled 
cake 

400–700 (523) 25  47.0883  70.21 26.73 [48] 

waste palm kernel cake 550 1000 fast 60    [49] 
hardwood 500 10–20 (20) slow 42.4 33.4 24.2   [50] 

pressed mustard oil cake 500 10–20 (20) slow 40.5 36.3 23.2  [50] 
corncob 500 10–20 (20) slow 43.9 33.3 22.8   [50] 

Hardwood + pressed mus-
tard oil cake + corncob 

500 10–20 (20) slow 40.1 37.4 22.7  [50] 

Mahua and neem de-oiled 
seed 

160–530 (450) 20 slow 42.6  40.1  [51] 

Medium-density fibreboard 1046 10 
intermedi-

ate 
16.75 27.2 25 21.28 [52] 

Brewery spent grains 1046 10 
intermedi-

ate 
36.02 16.23 22.5 21.28 [52] 

Post-extraction soybean meal 1046 10 
intermedi-

ate 
20.88 16.15 32.4 21.28 [52] 

Neem Seed (NS),  
Pigeon 

Pea husk (PP),  
Yellow Pea husk (YP), 

Ground Nut shell (GN), 
Soyabean Straw (SS), Wheat 

Straw (WS),  
Sawdust (SD) 

500 10 
intermedi-

ate 

47.5, 
30, 
40, 
30,  

20.5, 
34.5, 
42.5 

29.5, 
32.5, 
30, 
30, 

40.5, 
24.5, 
24.5 

32, 
32.5, 
30, 
37, 
40, 
40, 
27.5 

 [53] 

3. Feedstock Characterisation and Process Implications 
3.1. Proximate/Ultimate Analysis and Mineral Effects 

Proximate and ultimate analyses remain the starting point for correlating feedstock 
with pyrolysis behaviour. Table 2 presents representative proximate/ultimate data for 
softwood, hardwood, and an agro-residue, alongside indicative product yields and char 
heating values under standard conditions. Higher volatile matter typically correlates with 
higher combined liquid and gas yields, while higher fixed-carbon and lignin content fa-
vour char. 

Ash content and composition are equally important. Even at modest levels, alkali and 
alkaline-earth metals catalyse dehydration, decarboxylation, and cracking, often depress-
ing liquid yields and enriching gas in CO and CO2. In a comparative study of white ash, 
switchgrass and corn stover, more than half of the inlet carbon remained in the char at 
moderate temperatures, and the combustible gas fraction (CO + H2 + CH4) varied between 
roughly 50 and 70 vol.% depending largely on mineral speciation. 

3.2. Thermogravimetric Analysis and Kinetic Interpretation 

Thermogravimetric analysis is now the default tool for probing devolatilisation be-
haviour. DTG curves, as sketched in Figure 2, can be deconvoluted into pseudo-
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component peaks to estimate apparent kinetic parameters for hemicellulose, cellulose and 
lignin in a given biomass. Biagini and Tognotti proposed a generalised procedure to infer 
chemical-component fractions directly from TGA data, and validated it on a wide range 
of biomass types, effectively linking simple thermal tests to compositional fingerprints 
[39]. 

Awad and co-workers took a more pragmatic route: they carried out pyrolysis ex-
periments on several organic wastes across a broad temperature range and then built re-
gression models relating biochar and bio-oil yields and their heating values to both tem-
perature and compositional descriptors (volatiles, ash, elemental ratios). Those models 
were then embedded in a multi-response desirability framework to identify operating 
windows that jointly maximise desirable responses (for example, high char HHV and ac-
ceptable oil yield), an approach that anticipates the kind of multi-objective optimisation 
discussed later in Section 7. 

3.3. Data-Driven Links Between Feedstock and Products 

Machine learning adds another layer of insight. Li and co-workers compiled nearly 
250 data points from the literature and trained GA- and PSO-optimised ANFIS models to 
predict bio-oil yield from process conditions and biomass composition, achieving high 
coefficients of determination and low errors. Sensitivity analysis ranked temperature, 
heating rate and carbon content as the dominant variables, with ash and nitrogen exerting 
subtler effects. 

Zhu and co-workers, working on biochar, used random forests to predict both char 
yield and carbon content from compositional and operating variables across a large da-
taset, and found that ash, lignin and temperature were key drivers. Yin and co-workers 
approached the problem from a different angle, using TGA curves as input features to a 
support vector machine classifier that automatically recognises biomass type and growing 
conditions in tobacco; classification accuracies above 90% suggest that TGA-based “fin-
gerprints” could be used more broadly for feedstock screening. More recent studies have 
extended such approaches to predicting bio-oil properties directly from feedstock compo-
sition and operating conditions. 

These studies, summarised in Table 3, highlight that feedstock characterisation and 
process conditions together define a high-dimensional design space, and that data-driven 
tools are increasingly capable of navigating it. 

Table 3. Machine learning and ANN applications in bio-oil yield and quality forecasting. 

Input Variables Output Methods Performance Key Insights ref 

Temperature (HT), 
Heating rate (HR), 

Feedstock 
particle size (PS) 

*Bio-oil yield 
*quality of 

bio-oil 
ANN R2 > 0.9960 

ANN and SVM were used, with ANN having the best performance 
Provided intricate relationships between process variables and bio-

oil properties 
90% of the data was used for training the ANN model 

3 neurons in the input layer, 9 in the hidden layer, and 1 in the out-
put layer 

Create a predictive model for bio-oil properties 

[54] 

Biomass 
Type 

Temperature, 
HR, Reaction time (RT) 

Bio-oil yield DNN 
R2~0.931 

AAE~3.583 
RMSE~4.57 

Deep Neural Networks (DNN) and Lightweight Gradient Boosting 
Machines. 

Dataset consisting of 122 data points. 
Dataset divided into training and testing sets at a ratio of 3:1 

Integrates the pyrolysis data of the three major components of bio-
mass (cellulose, hemicellulose, and lignin), both individually and in 

mixtures, 
Incorporation of biomass component data significantly improves 

the prediction accuracy of co-pyrolysis bio-oil yield 

[55] 

VM (%) 
Fixed carbon (FC) (%) 

Ash (%) 

Biochar yield 
biochar HHV 

*RF re-
gress (bio 
char yield) 

R2~0.86 (biochar 
yield) 

*Dataset comprising 423 observations from 44 different biomasses 
from the literature. 

[56] 
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MC (%) 
Carbon (C) (%) 

Hydrogen (H) (%) 
Oxygen (O) (%) 

Nitrogen (N) (%) 
Pyrolysis Temperature 

(PT) 
HR 
RT 

*XGB re-
gress (bio-
char HHV)

R2~0.87 (biochar 
HHV) 

Two distinct datasets were prepared: one for predicting biochar 
yield and the other for predicting biochar HHV. 

Pyrolysis temperature and ash content of biomass were identified 
as the most influential features for the prediction of both yield and 

HHV of biochar. 

HR (°C/min), 
PT, 

C (%), 
Ash (%), 
FC (%), 

Volatile (V (%)), 
H (%), 
N (%), 
O (%), 

HT (°C), 
PS (mm), 

Nitrogen flow rate (NFR-
L/min), 

Higher heating value 
(HHV-kJ/kg) 

Bio-oil yield 
Gradient 
boosting 
method 

R2~0.89 
RMSE~2.39 

Different models, such as multi-linear regression, gradient boosting, 
random forest, and decision tree, have been trained on the dataset 
Bio-oil yield during the pyrolysis of lignocellulosic biomass does 
not follow linear relations with the considered pyrolysis parame-

ters, namely, HR and PT 
*Bio-oil yield was significantly influenced by the HR and total C 

[57] 

Proximate analysis, 
Ultimate analysis of the 
agricultural feedstock, 

Pyrolysis reaction condi-
tions 

Bio-oil yield 
Categori-
cal boost 

model 

RMSE~2.9 
R2~93.2 

*387 data points are gathered from various literature sources 
*Eight different machine-learning algorithms were investigated 

*Identify the input variables that had the greatest impact on bio-oil 
production 

In the pyrolysis of agricultural waste, hydrogen content is one of 
the most crucial parameters for maximising bio-oil yield 

[58] 

PT (°C), 
C (%) 
O (%) 
H (%) 
N (%) 

HR (°C/min) 
Moisture content-MC (%) 

V (%) 
FC (%) 

Sulfur (S-%) 
Flow rate (mL/min) 

Nitrogen-
containing 

yields 
ANN 

R2~0.9357. 
RMSE ≈ 3.4 

*Optimising the pyrolysis process and achieving its high-value con-
version 

* Utilising a dataset including 195 sets of experimental data 
* Try different types of ML methods including support vector re-
gression machine (SVR), random forest (RF) and neural network 
*Pyrolysis temperature, heating rate, and feedstock nitrogen con-

tent are the most influential factors controlling nitrogenous product 
formation. Based on model outputs and mechanistic interpretation, 

practical measures to minimise nitrogen-containing compounds 

[59] 

Cellulose 
Ligni 

Hemi-cellulose 
C (%), H (%), N (%), S (%) 
V (%), O (%), Ash (%), FC 

(%), MC (%), 
Protective gas flow rate, 

Pyrolysis time 
(PT), 

Protective gas Biochore 
(%), 

Bio-oil 
Non-condensable gas (%) 

Nitrogen-
containing 

yield 

GBDT 
model 

MSE~10.04 and 
R2~0.92 

*Dataset containing 468 samples 
*Investigating algorithms are random forest, GBDT, SVR, and ANN. 

*The content of volatiles, fixed carbon, and sulfur significantly af-
fects the yield of pyrolysis products 

*This model assists researchers and engineers in optimising pyroly-
sis process parameters to enhance product yield and quality 

[60] 

HR, 
plastic-type, 

biomass-type, 
temperature, 

PS 

Bio-oil yield 
quantitatively 
(amount) and 
qualitatively 

(composition) 

GBR R2 > 0.97 

*Investigates the impacts of feedstock composition and operating 
conditions in pyrolysis (individual feedstock) and co-pyrolysis (bio-

mass and plastic wastes 
*Reveals that synergistic effects, specifically improved yields and 
optimised temperature, exist in the co-pyrolysis of biomass and 

plastic wastes compared to individual feedstock 
*Different ML methods are explored, including random forest, gra-

dient boosting regressor, and XGBoost 
*Key factors contributing to yield include plastic content (18%) and 

biomass type (13%). 
*Introducing the optimal bio-oil yield and quality conditions using 

co-pyrolysis of wood, bagasse and plastic wastes 

[61] 
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Cellulose (%), 
Lignin (%), 

Hemicellulose (%), 
PT (°C), 

HR (°C/min) 

Bio-oil, Bio-
char, gas 

yield 
XGB R2 > 0.9 

*Dataset of 273 experiments 
*Evaluating five machine learning models, including multiple linear 
regression (MLR), k-nearest neighbours regression (kNN), support 

vector regression (SVR), random forest regression (RFR), and 
XGBoost regression (XGB) 

*Identified key parameters influencing product yields 

[62] 

V (%) 
FC (%) 
MC (%) 
Ash (%) 

C (%) 
H (%) 
N (%) 
O (%) 

Gas yield (GY)-(%) 
Bio-oil yield (BOY)-(%) 
Water yield (WY)-(%) 

Carbon monoxide (CO)-
(%) 

Char yield (CY)-(%) 
H2 (%) 

Methane (CH4)-(%) 
C-bio-oil (CBO)-(%) 
H-bio-oil (HBO)-(%) 
N-bio-oil (NBO)-(%) 
O-bio-oil (OBO)-(%) 

 XGB R2~0.89 

*This study predicts output products, optimises the process, and in-
vestigates process feasibility 

*Examining random forest, artificial neural network, ANN, and eX-
treme 

gradient boosting ensemble tree, XGBoost 
*Ability of this model to predict the production of upgraded bio-oil 
products from a broad range of biomass species, and calculate the 
energy requirements, electricity generated, and CO2 emissions by 
specifying the biomass characteristics and pyrolysis temperature 

only 

[63] 

VF, FC, MC, Ash, C, H, 
N, O, Cellulose, Lignin, 

Hemi-cellulose, ps, metal, 
loading, si/Al, weak, me-

dium, and strong acid, 
SBET, Vtotal, V micro, V meso, 

type, PT, catalyst particle 
size (CPS), Flow rate, cat-

alyst-to-biomass ratio 
(C/B) 

Yields of bio-
BTX (bio-

mass-derived 
benzene, tol-
uene and xy-

lene) and 
light olefins 

RF R2 > 0.91 

*Utilising random forest (RF), gradient boosting decision tree and 
extreme gradient boosting algorithms 

* Show the effective parameters for different yields 
*Specify the influence of input features on the output targets 

*Provide a feasible reference for the selection of parameters and 
prediction of target product yields in zeolite-catalysed biomass py-

rolysis 

[64] 

4. Product Characterisation 
4.1. Biochar: Structure, Stability and Functional Properties 

Biochar has shifted from being an inconvenient solid residue to a central product in 
its own right. Basic descriptors—proximate and ultimate analysis, HHV, H/C and O/C—
are now routinely complemented by BET surface area, pore-size distribution, FTIR, Ra-
man and sometimes XRD [21,25,65–68]. 

Figure 3 plots H/C versus O/C for a set of biomass samples and their chars produced 
at, for example, 350, 450 and 550 °C. The trajectories show a consistent movement towards 
lower H/C and O/C with increasing severity, approaching domains associated with more 
aromatic and graphitic structures. Many practitioners use empirical criteria such as 
H/C_org < 0.4 and O/C < 0.2–0.3 as proxies for long-term stability in soil, extrapolating 
from natural charcoal and black-carbon data. 

Machine-learning studies refine this picture by quantifying variable importance. 
When a large set of literature biochars is analysed, feedstock composition (particularly 
oxygen-rich fractions and minerals) largely controls O/C, while process parameters (tem-
perature, residence time) dominate H/C and aromaticity. This is important for design: 
some feedstocks simply cannot yield highly stable chars without extreme and possibly 
uneconomic process conditions. 
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Figure 3. H/C vs. O/C for several biomass feedstocks and their biochars at different temperatures, 
illustrating trajectories towards more aromatic and stable domains [69,70]. 

Functionally, the properties that matter depend on the application. For energy use, 
HHV, ash fusion and grindability are critical; for soil applications, cation exchange capac-
ity, surface oxygen groups and pore structure govern nutrient and water interactions; for 
adsorption and catalysis, surface area, pore architecture and specific functionalities dom-
inate [20,65–68,71]. Tables 1 and 2 can be used together to link typical char properties with 
the feedstock and conditions that produced them. 

4.2. Bio-Oil: Bulk Properties, Analytical Toolbox and Upgrading 

Raw fast-pyrolysis oil is a metastable, acidic, oxygen-rich emulsion. Typical oxygen 
contents are 35–50 wt.%, water contents 15–30 wt.%, pH around 2–3 and HHVs roughly 
at 16–20 MJ kg−1 [23,26–28,34,37]. The oil contains hundreds to thousands of identifiable 
compounds—light oxygenates (acids, aldehydes, ketones), phenolics, furans, anhy-
drosugars and heavier oligomeric material—and tends to age via condensation and 
polymerisation reactions that increase viscosity and may cause phase separation [30,32–
34,72]. Figure 4 presents a simplified compositional breakdown of a representative oil, 
distinguishing water, light oxygenates, phenolics, sugars/oligomers and heavy residues. 
The subsequent bar graph (right) details the upgrading process, showing the specific yield 
of monomeric compounds (in g/kg PO) such as phenols, guaiacols, and catechols. This 
comparison highlights the efficacy of various palladium-based catalysts (Pd/SiO2, 
Pd/Nb2O5, and Fe-modified variants) in shifting the chemical profile toward high-value 
aromatic and oxygenated intermediates. 

The current analytical toolbox for such complex liquids is summarised in Table 1. 
Karl Fischer titration, elemental analysis and basic distillation or simulated distillation 
establish water content, CHONS composition and volatility profiles. GC/MS and GC×GC–
MS resolve a large fraction of light and medium-boiling oxygenates and aromatics, while 
HPLC and UPLC target polar and high-molecular-weight fractions [29,34–37]. High-reso-
lution mass spectrometry (Orbitrap, FT-ICR) maps thousands of individual formulae, of-
ten represented as van Krevelen clouds, and NMR (1H, 13C, 2D methods) quantifies func-
tional-group distributions [45,73,74]. 
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Figure 4. Comparison of bio-oil components and the effect of palladium-based catalysts on total 
compound yield. 

Sample preparation (solvent choice, derivatisation, and fractionation) and chromato-
graphic conditions can strongly bias the apparent composition, which has motivated 
moves towards more standardised protocols, especially for stability testing. 

From an energy-utilisation standpoint, the central challenge is to convert this chem-
ically mixed and unstable liquid into something that behaves more like a conventional 
fuel. Strategies include ex situ hydrodeoxygenation, catalytic cracking and in situ catalytic 
fast pyrolysis using zeolites and metal oxides. Co-pyrolysis with hydrogen-rich plastics, 
followed by catalytic or plasma upgrading, has also shown promise in increasing mono-
cyclic aromatics while suppressing heavy polycyclic aromatics and oxygenates. 

4.3. Pyrolysis Gas and Syngas Quality 

The non-condensable gas fraction—mainly CO2, CO, H2, CH4 and light hydrocar-
bons—plays a dual role as an energy vector and a process-internal heat source. Typical 
compositions and lower heating values for different regimes and temperatures are col-
lected in Table 2. As temperature and severity increase, gas generally becomes richer in 
H2 and CH4, raising its heating value and making it more attractive for engines or micro-
turbines rather than simple flaring. 

Gas analytics, however, often lag behind those for liquids and solids. Many studies 
report only aggregate CO, CO2, CH4 and “light hydrocarbons”, with limited tar speciation. 
Where engines, turbines or synthesis are envisaged, more detailed GC and tar characteri-
sation is required, alongside measurements of trace contaminants (NH3, H2S, HCN) and 
particulates. The use of biochar and heavy fractions as internal sorbents and catalysts for 
gas cleanup, discussed later in Section 6.3, illustrates how product characterisation feeds 
directly into process integration. 

5. Reactor Concepts and Process Intensification 
Classical reactor types for pyrolysis—fixed beds, bubbling and circulating fluidised 

beds, ablative reactors, auger and screw reactors—each present characteristic trade-offs in 
terms of heat transfer, residence time control and scalability. Figure 5 sketches a repre-
sentative fast-pyrolysis biorefinery flowsheet based on a fluidised-bed reactor, coupled to 
cyclones, condensers and a char/gas combustor. 
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Figure 5. Process flow diagram of a fast-pyrolysis biorefinery showing biomass preparation, reactor, 
vapour condensation, char/gas combustor, steam and electricity export. 

Staged and fractionating concepts are gaining prominence. Two-stage pyrolysis, 
where an initial low-temperature step is followed by a higher-temperature cracking stage, 
offers temporal control over primary and secondary reactions. Py-GC/MS and online MS 
studies show that early vapour fractions are enriched in organic acids and light oxygen-
ates, while later fractions contain more phenolics and aromatics—effectively fractionating 
the oil into families that can be routed to different upgrading or product lines. This kind 
of fractionation can be represented schematically in Figures 1 and 4. 

Catalytic fast pyrolysis and catalytic co-pyrolysis have been intensely studied in mi-
cro-pyrolyser and pilot setups. Zeolites such as HZSM-5 and related MFI structures are 
particularly effective at reducing oxygen content and generating monocyclic aromatics, 
though often at the cost of increased coke formation and catalyst deactivation. Hierar-
chical and mesoporous variants can alleviate diffusion limitations and shift selectivity to-
wards lighter aromatics. Plasma-assisted stages downstream of catalytic pyrolysis have 
been used to further tune vapour composition, exemplifying the trend towards process 
intensification. 

The common thread across these reactor concepts is the tight coupling between de-
sign choices and analytical feedback. Without the detailed product maps discussed in Sec-
tion 4, it would be impossible to assess whether a given intensification step genuinely 
improves the fuel or material value of the outputs. 

6. Energy Utilisation Pathways 
6.1. Fast-Pyrolysis Biorefineries and Polygeneration 

Commercial fast-pyrolysis plants processing tens of megawatts of dry biomass now 
exist and provide valuable performance benchmarks. Figure 5 shows a simplified three-
platform biorefinery based on a 25 MW_th fluidised-bed system: biomass is dried and fed 
to a fast-pyrolysis reactor; vapours are rapidly quenched to produce fast-pyrolysis bio-oil 
(FPBO); char and non-condensable gases are combusted to supply process heat, drive a 
steam cycle and sometimes export electricity [75–78]. 

Typical metrics for such a plant include FPBO output on the order of 20–25 kt per year 
from roughly 50 kt per year of dry woody residues, net useful-energy efficiency (FPBO + 
steam + electricity) around 85–86%, and cradle-to-gate FPBO emissions of a few kg CO2-
equivalent per GJ of fuel. Life-cycle assessments indicate substantial greenhouse-gas reduc-
tions compared with fossil heating oil when FPBO displaces industrial heat [41,76,79–81]. 

Table 4 places these numbers alongside those for slow-pyrolysis biochar systems and 
indirect gasification, providing a concise comparison of energy and environmental indi-
cators [24,76,79–83]. 
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Table 4. A comparison of TEA/LCA indicators for three archetypal systems. 

Slow Pyrolysis Biochar Plant Fast-Pyrolysis Biorefinery Indirect Gasification via FPBO (Fast-Pyrol-
ysis Bio-Oil) 

Technical 
Biochar yield (wt%) 

Biochar energy efficiency (%) 
Net electric efficiency (%) 

Total energy recovery efficiency (%) 

Technical 
Feedstock type and plant capacity 

Plant life 
Product Yields and Energy Efficiencies 

Technical 
Feedstock type & plant capacity 

Plant life 
Product Yields and Energy Efficiencies 

Economic 
CAPEX 
OPEX 

Levelised Cost of Biochar (£/t) 
Cost per tCO2 removed 

Economic 
CAPEX 
OPEX 

Product value 
Payback period 

Economic 
CAPEX included an air separation unit 

OPEX 
Product value 

Payback period 
Environmental (LCA) 

GWP (kgCO2-eq/t feedstock) 
Net CO2 removed (tCO2/t) 

Carbon removal efficiency (%) 

Environmental (LCA) 
Global warming potential (GWP) 

Net CO2 avoided 
Fossil energy demand 

Environmental (LCA) 
Net CO2 removed (tCO2/t) 

Carbon removal efficiency (%) 

[84] [85] [86] 

6.2. Bio-Oil in Combustion and Refining Systems 

From an energy-system perspective, FPBO can be burned directly in suitably adapted 
boilers and furnaces, co-fired with fossil fuels, co-processed in refinery units such as FCC 
and hydrotreaters, or used as a chemical feedstock for resins, solvents, acids and bitumen 
modifiers. Direct use typically requires burner and material adaptations due to acidity, 
viscosity and low stability. Co-processing in refineries mitigates some of these issues but 
raises questions about long-term catalyst performance and integration with existing pro-
cess control strategies [77,78,87–89]. Catalytic fast pyrolysis aims to embed part of the up-
grading in the vapour phase itself, front-loading the deoxygenation task. 

Figure 4 can be used to illustrate the shift from a raw to an upgraded oil: a reduction 
in light acids and carbonyls, an increase in hydrocarbons and a contraction of the “heavy 
tail” of oligomeric species [30,32–36,90]. These shifts must be balanced against hydrogen 
consumption, coke formation and equipment complexity [73,87–90]. 

6.3. Pyrolysis Gas and Syngas-Based Routes 

The gas fraction underpins process energy self-sufficiency and offers additional op-
tions for power and syngas production. Table 2 summarises representative compositions 
and heating values. In many slow- or intermediate-pyrolysis units, the gas, perhaps sup-
plemented with part of the char, is sufficient to maintain reactor temperature and run 
ancillary equipment, with surplus available for a small engine or ORC. 

Comparative studies using process simulation show that, in terms of energy and ex-
ergy efficiency, direct gasification of solid biomass generally outperforms indirect routes 
via fast-pyrolysis oil. Figure 6 contrasts these pathways. At typical gasification conditions, 
direct gasification may achieve energy and exergy efficiencies in the low-60% range, com-
pared with somewhat lower values for the FPBO route. The latter, however, offers the 
logistical advantage of transporting an energy-dense liquid rather than bulky solids, po-
tentially enabling different plant siting and feedstock-supply configurations. 

By-product recycling concepts close some loops. Biochar and heavy oil fractions can 
act as internal sorbents and catalysts for tar removal and gas cleanup, with spent sorbents 
ultimately returned to the combustor or gasifier for energy recovery. This reduces external 
reagent demand and aligns with circular-economy narratives. 
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Figure 6. Two typical gasification conditions, direct and indirect pathways. 

6.4. Biochar as an Energy Vector and Carbon-Removal Tool 

Biochar can be used as a solid fuel, a soil amendment, an adsorbent, a construction 
material or a precursor for high-value carbons [20,24–27,65–68,71]. From an energy per-
spective, char heating values of 24–31 MJ kg−1 are typical for chars produced from ligno-
cellulosic biomass at 400–600 °C, often exceeding the parent biomass HHV by 20–50%. 
From a climate perspective, biochar offers a route to relatively durable carbon storage, 
especially when H/C_org and O/C criteria indicate high aromaticity and low reactivity 
[20,24,41,65–68,91]. 

Economic analyses of slow-pyrolysis systems suggest that when co-produced heat 
and power are valued, biochar minimum selling prices in the tens to low hundreds of 
dollars per tonne are feasible, competitive with some fossil carbons and with meaningful 
carbon-removal potential. Life-cycle assessments of biochar systems typically report net 
negative emissions per tonne of dry feedstock, provided that residues are used and that 
char stability is high [41,79–82]. Table 4 includes indicative economic and environmental 
metrics for such systems. Field data on long-term stability and agronomic performance 
are still emerging and heterogeneous, which is one reason why certification schemes and 
carbon-credit methodologies emphasise both rigorous characterisation and conservative 
accounting rules [41,65–68,79–81]. 

7. Modelling, Optimisation and Digital Tools 
Modelling in biomass pyrolysis now spans detailed kinetic schemes, CFD-based re-

actor simulations, process-flowsheet models and purely data-driven surrogates. 
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Kinetic and reactor-scale models, often anchored to TGA and micro-pyrolyser data, 
resolve the interplay of heat transfer, devolatilisation, secondary cracking and hydrody-
namics, especially in fluidised beds and augers. Process models built in general-purpose 
simulators, then integrate these reactor blocks into larger systems that may include dry-
ing, gasification, Fischer–Tropsch synthesis or refinery units [24,36,73,76–78,83]. 

On the data-driven side, models such as ANFIS, random forests and support vector 
machines have been used to predict yields, heating values and stability metrics from feed-
stock and process variables [33,40,75,92–94]. Table 3 summarises representative modelling 
and ML studies, listing their methods, input features, outputs and performance. Li and 
co-workers showed that GA- and PSO-optimised ANFIS architectures can outperform 
conventional regressions for bio-oil yield prediction, while Zhu and others demonstrated 
similar gains for biochar yield and carbon content prediction. Yin and co-workers’ TGA + 
SVM approach illustrates a classification-oriented use case, where the objective is feed-
stock identification rather than yield prediction. More recent work has applied ML di-
rectly to predict bio-oil properties and biochar stability from compositional and process 
descriptors. 

Figure 7 sketches a generic ML workflow for pyrolysis optimisation: compositional 
data, TGA curves and process conditions feed ML models, which output predicted yields 
and properties. These predictions can in turn feed into techno-economic and life-cycle 
models, enabling multi-objective optimisation over both engineering and environmental 
criteria [76–83]. 

 

Figure 7. Generic ML workflow for pyrolysis optimisation. 

8. Techno-Economic and Environmental Assessment 
Techno-economic analysis and life-cycle assessment have become standard compo-

nents of serious pyrolysis studies [20,21,24,34,41,76–83,92]. 
For fast-pyrolysis biorefineries, TEA typically evaluates capital and operating costs 

for biomass preparation, reactor and separation sections, utilities and upgrading, along-
side revenues from FPBO, steam and electricity [75–78,83]. In a 25 MW_th reference case, 
total annualised costs and revenues are of similar magnitude, with profitability strongly 
sensitive to feedstock cost and FPBO selling price [75–78,83]. LCA results indicate sub-
stantial greenhouse-gas reductions compared with fossil heat, often in the range of 80–
96% on an energy-equivalent basis [41,76,79–81]. 

For slow-pyrolysis and biochar-oriented systems, TEA must consider additional rev-
enue streams such as carbon-removal credits, soil-improvement benefits and specialty-
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carbon markets [20,24,41,65–68,82]. LCAs for such systems often report net negative emis-
sions per tonne of dry feedstock, provided that residues are used and that char stability is 
high [41,79–82]. 

Table 4 compares TEA/LCA indicators for three archetypal systems: (i) a fast-pyrol-
ysis biorefinery focused on FPBO and process steam; (ii) a slow-pyrolysis plant optimised 
for biochar and heat; and (iii) an indirect gasification route where biomass is first con-
verted to FPBO and then to syngas [24,76–83]. Indicators include overall energy efficiency, 
specific GHG emissions, indicative cost metrics and dominant sensitivities. Allocation 
choices (how to distribute burdens among oil, char, gas, steam and electricity) and stabil-
ity assumptions for biochar remain contentious, and should be made explicit in any study 
[79–82]. 

9. Conclusions 
The last decade has seen biomass pyrolysis move from proof-of-concept towards 

technically and economically credible deployment in several niches. The quality and 
depth of characterisation work now available—on feedstocks, intermediates and prod-
ucts—make it possible to design pyrolysis systems around specific energy and material 
functions rather than treating them as generic “bio-oil factories” [1–4,6–8,10–14,27–30]. 

Several conclusions stand out. First, feedstock composition and process conditions 
jointly define a high-dimensional product space; neither can be treated as a minor pertur-
bation on the other [21,22,25–28,33,39,42,75,92]. Second, advanced analytical methods, es-
pecially for bio-oil and biochar, have become integral to process design and catalyst de-
velopment, not optional extras [29,30,32–37,65–68]. Third, machine-learning models, 
when used judiciously, complement mechanistic understanding and enable rapid explo-
ration and optimisation over complex variable spaces [33,40,68,75,92,94]. Finally, at the 
system level, both fast- and slow-pyrolysis configurations can achieve high energy effi-
ciencies and compelling greenhouse-gas performance, particularly when residues are 
used and carbon storage is correctly valued [20,21,24,41,76–83,95,96]. 

Remaining challenges include standardisation of characterisation protocols, long-
term field validation of biochar performance, robust integration with existing refineries 
and power systems, and careful techno-economic analysis and life-cycle assessment under 
realistic policy and market conditions. Addressing these will determine whether pyrolysis 
becomes a core pillar of low-carbon energy and carbon-removal strategies or remains con-
fined to specialised niches. 
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Abbreviations 
• “higher heating value (HHV)” 
• “lower heating value (LHV)” 
• “temperature–vacuum swing adsorption (TVSA)” 
• “carbon capture, utilisation and storage (CCUS)” 
• “thermogravimetric analysis (TGA)” and “derivative thermogravimetry (DTG)” 
• “techno-economic analysis (TEA)” and “life-cycle assessment (LCA)” 
• “fast-pyrolysis bio-oil (FPBO)” 
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