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Abstract
Gasification represents a potential technology for the conversion of biomass into usable energy. The influence of the main 
gasification parameters, i.e. the type of biomass used and its composition, as well as the composition of the outlet gas, were 
studied by a multivariate statistical analysis based on principal component analysis (PCA) and partial least square (PLS) 
regression models in order to identify the main correlations between them and to the contents of methane, ethylene and 
tar in the outlet gas. In this work, the experimental data used as input for the multivariate statistical analysis came from a 
TRL-4 gasification plant running under sorption enhanced conditions, i.e. using steam as the gasifying agent and CaO as 
the bed material. The composition of the biomass feed played an important role in the quality of the outlet gas composition. 
In fact, biomasses with high ash and sulphur contents (municipal solid waste) increased ethylene content, while those with 
high-volatile matter content and fixed C content (wood pellets, straw pellets and grape seeds) mainly increased CO and CO2 
formation. By increasing the gasification bed temperature and the CaO/C ratio, it was possible to reduce the methane and 
the collected tar contents in the outlet gas. Other light hydrocarbons could also be reduced by controlling the Treactor and TFB. 
Methane, ethylene and tar contents were modelled, cross-validated and tested with a new set of samples by PLS obtaining 
results with an average overall error between 8 and 26%. The statistically significant variables to predict methane and eth-
ylene content were positively associated to the thermal input and negatively to the CaO/C ratio. The biomass composition 
was also remarkable for both variables, as mentioned in the PCA analysis. As far as the tar content, which is undesirable 
in all gasification processes, the decrease in the tar content was favoured by high bed temperature, low thermal input and 
biomass with high-volatile matter content. In order to produce an outlet gas with adequate quality (e.g. low tar content), a 
compromise should be found to balance average bed temperature, sorbent-to-mass ratio, and ultimate and proximate analyses 
of the biomass feed.

Keywords  Biomass gasification · Statistical tools · Principal component analysis · Partial least square regression · 
Modelling

Abbreviations and nomenclature
Ash	� Content of ashes in the biomass [wt%]
BFB	� Bubbling fluidised bed
C	� Carbon content in the biomass [wt%]
CaO/C	� Sorbent to carbon molar ratio
Fixed C	� Content of fixed carbon in the biomass 

[wt%]
CH4	� Methane content in the outlet gas [vol%]
C2H4	� Ethylene content in the outlet gas [vol%]
C2H6	� Ethane content in the outlet gas [vol%]

C3H8	� Propane content in the outlet gas [vol%]
CO	� Content of carbon monoxide in the outlet 

gas [vol%]
CO2	� Content of carbon dioxide in the outlet gas 

[vol%]
Cl	� Chlorine content in the biomass [wt%]
GC-MS	� Gas chromatography with mass spectrom-

etry detection
GS	� Grape seeds
G1-G5	� Gasification experiments performed with 

GS
ΔH	� Enthalpy [kJ/mol]
H	� Hydrogen content in the biomass [wt%]
H2	� Hydrogen content in the outlet gas [vol%]
HHV	� Higher heating value [MJ/kg]
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ICP-OES	� Inductively coupled plasma optical emis-
sion spectroscopy

LHV	� Lower heating value [MJ/kg]
LV	� Latent variables
IC	� Ion chromatography
IQR	� Interquartile range = Q3-Q1
Min	� Minimum value of a variable
Max	� Maximum value of a variable
Moisture	� Content of water in the biomass [wt%]
MSW	� Municipal solid waste
M1-M11	� Gasification experiments performed with 

MSW
N	� Nitrogen content in the biomass [wt%]
n	� Number of samples
O	� Oxygen content in the biomass [wt%]
OE	� Overall error for the calibration samples 

Eq. (3) [%]
OECV	� Overall error for the cross-validation sam-

ples Eq. (3) [%]
OEext	� Overall error for the external validation 

samples Eq. (3) [%]
PCA	� Principal component analysis
PLS	� Partial least square
Q2	� Coefficient of determination for the cross-

validation samples
Q2

ext	� Coefficient of determination for the exter-
nal validation samples

R2	� Coefficient of determination for the cali-
bration samples Eq. (1)

RSD	� Relative standard deviation [%]
RMSEC	� Root mean square error of calibration 

Eq. (2)
RMSECV  	� Root mean square error of cross-validation
RMSEPext  	� Root mean square error of prediction for 

the external validation samples
S	� Sulphur content in the biomass [wt%]
S/C	� Steam to carbon ratio
SEG	� Sorption enhanced gasification
SP	� Straw pellets
S1-S2	� Gasification experiments performed with 

SP
Std Deviation	� Standard deviation, units of the variable
Tbed  	� Temperature of the bed [℃]
TFB  	� Temperature of the freeboard [℃]
Treactor  	� Temperature of the reactor [℃]
TRL-4	� Technology readiness level 4
Volatile	� Content of volatile matter in the biomass 

[wt%]
WP	� Wood pellets
W1-W2	� Gasification experiments performed with 

WP
WChips	� Wood chips

WC1	� Gasification experiment performed with 
WChips

ŷi 	� Predicted Y values according to the PLS 
model Eq. (1)

yi 	� Means values Eq. (1)

1  Introduction

Effective climate change mitigation needs a substantial 
reduction of greenhouse gas emissions, and to do so, an 
important shift from fossil to renewable energy is needed 
[1]. Biomass is a renewable energy source that could play a 
crucial role in climate change mitigation due to its consid-
eration as carbon–neutral energy compared to fossil fuels, 
since the CO2 released when biomass is burned is the CO2 
that plants capture through photosynthesis as they grow [2]. 
In this way, biofuels produced from biomass could be deci-
sive in the decarbonisation of heat, transport, electricity and 
high-value chemical production sectors [3].

Gasification is one of the main thermochemical routes for 
converting biomass and waste materials into syngas that can 
be directly used as a fuel or be converted through a catalytic 
process [4]. In a biomass gasification process, a solid or /
liquid organic compound is converted to a gas/vapour phase 
and a solid phase [5]. In steam gasification, the high-calo-
rific value syngas produced is mainly composed of hydrogen 
(H2), carbon monoxide (CO), methane (CH4), and carbon 
dioxide (CO2) and also includes some light hydrocarbons 
and heavier hydrocarbons which condense between 250 and 
300 ℃, known as tars [6]. The resulting solid phase, referred 
to as char, is composed of the inert and the unconverted 
organic fraction, mainly carbon and ash.

Multiple reactions take place at the same time during the 
gasification process, which hinders understanding of the 
process and the effect of the main variables involved. This 
complexity can be overcome by conducting more research 
on how different variables affect the process and how these 
variables interact with each other [7]. In the particular case 
of gasification, these variables are related, on the one hand, 
to the gasification parameters (temperature, gasifying agent, 
reactor type, thermal power, etc.) and to the material used as 
the feedstock and on the other hand, to the reactor technol-
ogy used. In addition, it is also necessary to take into con-
sideration the nature and quality of the gas obtained in the 
process, which should meet different specifications depend-
ing on its final use.

Different studies into biomass gasification with fluidised 
bed gasifiers have been reported in the literature [8–16] that 
assess the effect of the operating parameters [8–10] on the 
gas produced, feedstock characteristics, gasifier design [11, 
12], gasification agent [10, 13–16] and the use of catalysts 
[8]. However, modelling and simulation are helpful tools 
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for better understanding these complex phenomena and so 
facilitating the experimental work at large-scale pilot plants 
[7]. Nevertheless, each one of these models has limita-
tions, unique features and capabilities that limit the scale 
of applicability.

Identification of the most influential parameters on the 
gas quality is one of the main outcomes of developing a gen-
eral model for biomass gasification. Different models can be 
applied: theoretical model (equilibrium model), semi-empir-
ical model (modified equilibrium model, kinetic combined 
with hydrodynamic model) and empirical model (statistical 
model) [17]. In this particular work, attention will be mainly 
focussed on statistical models.

Multivariate statistical tools have been applied to assist 
the study of data composed of large sets of experimental data 
and different variables for easier interpretation drawing con-
clusions in several areas [18]. It merits mention that these 
studies have not been frequently applied to energy research.

Principal component analysis (PCA) and partial least 
square (PLS) regression models are two powerful analyt-
ical tools that have been successfully applied in order to 
determine which parameters meaningfully affect a process 
and how to model dependent variables. Statistical tools [19] 
have been applied to gasification research in recent years, 
in particular, the application of PCA [20, 21] to study the 
influence of the biomass characteristics and PLS to the gasi-
fication process [22–24]. However, the complexity of the 
process, the different types of gasifiers, biomass used and 
experimental conditions complicate comparison with and 
extrapolation to dissimilar experimental installations. Stud-
ies have also been conducted on circulating fluidised bed 
gasifiers to correlate input and output parameters in order to 
determine the most important parameters affecting product 
gas quality [25].

 PCA was also applied to examine which variables had a 
more determinant influence on the differentiation found in 
the syngas resulting from the steam gasification of particular 
feedstocks [22] based on (co)-gasification. Linear regres-
sion models have also been applied to biomass in fluidised 
bed for chemical looping gasification for future simulations 
of devolatilisations [26]. Artificial neural network (ANN) 
models have also been developed to simulate the gasification 
process in a fluidised bed gasifier with different biomasses 
at different operating parameters based on data from experi-
mental investigation [27, 28]. Some of these PLS model-
ling studies have been performed by compiling bibliographic 
data on gasification [22, 23], whereas others have taken 
into account the properties of the biomass and gasification 
parameters [20, 29].

The purpose of this research was to study the application 
of statistical analysis to the behaviour of sorption-enhanced 
gasification (SEG). The main characteristic of this indi-
rect gasification process is that a CO2 sorbent is fed into 

the gasifier together with the biomass, usually at high tem-
perature, from a second reactor or calciner [30, 31]. Dolo-
mite and limestone are typically used as the CO2 sorbent in 
this process. In this way, the CO2 produced by gasification 
reacts with the CaO present in these sorbents through an 
exothermic reaction, supplying part of the energy required 
for endothermic gasification reactions. For this work, SEG 
experiments were performed in an atmospheric fluidised bed 
gasifier using steam as the gasifying agent for five different 
types of biomass feedstocks. The gasification parameters, 
nature of the biomass (proximate and ultimate analysis) and 
the composition of the outlet gas were studied statistically as 
a first approximation in order to gain a better understanding 
of the parameters with the greatest influence over the pro-
cess. Moreover, certain variables associated with gas quality 
had to be modelled owing to the knowledge gap that hinders 
the ability to predict gasification processes.

To our knowledge, this is the first statistical study (PCA 
and PLS) to be applied to an SEG process. One of the main 
novelties of this work is that all the data used to apply sta-
tistical tools in this research were obtained experimentally 
from the same installation by modifying the operating 
variables associated with the SEG process (i.e. sorbent-
to-biomass proportion, steam-to-carbon ratio and gasifi-
cation temperature, as the most significant) for different 
biomass feedstocks. This involves that the same reactor has 
been utilised for all experiments, and in this particular case, 
no literature data have been considered. Furthermore, given 
that the gasification facility has a significant technology 
readiness level (TRL4), with a fluidised bed reactor of 3-m 
height and 0.20-m internal diameter [32–34], the application 
of statistical tools and outlet gas modelling tools could help 
to reduce the number of experiments to be performed, sim-
plifying the process and reducing time and expense in bio-
mass gasification research. In fact, other of the expectations 
of this research relies on the modelling of the tar content 
that is a variable affecting negatively to the gasification and 
involves, not only the sampling, but also the further analysis 
with analytical techniques such as gas chromatography with 
mass spectrometer detection.

In the literature, there are few models applied to tar pre-
diction [19, 28, 35, 36] compared to gasification modelling 
[37–41]. The lack of comparability of experimental data 
and the chance of obtaining previous information on this 
variable would be advantageous for reducing experimental 
work and costs. Definitively, this first approach for improv-
ing knowledge on biomass gasification process will also be 
of great interest for scaling up the facility to an industrial 
scale. All this justifies the main aim of this research that has 
been focused on the application of PCA to better understand 
the correlations among gasification parameters, biomass and 
outlet gas composition, besides the development of three 
PLS models validated for the prediction of the contents of 
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collected tar, CH4 and C2H4 with experimental data of the 
same SEG installation.

2 � Materials and methods

2.1 � Gasification plant

SEG tests were performed in the 30 kWth (in reference to the 
nominal thermal input of biomass on LHV basis) bubbling flu-
idised-bed (BFB) reactor shown in Fig. 1 (3 m of height, 0.20-m 
internal diameter). Details regarding the configuration of this 
BFB installation can be found elsewhere [32–34]. As indicated 
in this figure, CO2 sorbent (in its calcined form) and biomass 
were fed separately into the reactor from two independent 
closed hoppers by different screw feeders. Partially converted 
solids left the BFB reactor through a lateral overflow, which 
is shown schematically on the left-hand side of the reactor 

in Fig. 1, and were collected in a hopper that was periodi-
cally discharged during operation. Solid bed inventory in the 
bottom dense zone of the reactor was regulated to around 
5–7 kg (depending on the fluidisation conditions) thanks 
to this lateral overflow. A constant flow rate of 0.009 Nm3/
min of N2 was fed with the H2O to facilitate its flow through 
the evaporation system. Moreover, a second N2 flow rate of 
0.003 Nm3/min was introduced into the reactor through the 
CO2 sorbent screw feeder, the overflow solids hopper and the 
biomass hopper (not all indicated in Fig. 1 for the sake of 
simplicity) to prevent the back-flow of H2O-rich syngas into 
the hoppers, which would have caused operational problems.

2.2 � Materials characterisation

Five biomass feedstocks were used for the SEG experiments. 
Four of them were lignocellulosic materials (pine wood 

Fig. 1   Schematic diagram of the 30 kWth BFB gasification plant at ICB-CSIC
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pellets and chips (WP, WChips), grape seeds (GS) and straw 
pellets (SP)), while the fifth was a feedstock derived from 
municipal solid waste (MSW) delivered by Econward [33].

The ultimate analysis, proximate analysis and calorific 
values of the different fuels are shown in Table 1. The ulti-
mate analysis was determined in a Thermo Flash 111 (UNE-
EN-5104) whereas moisture, volatile matter and ash contents 
were calculated according to standards UNE-EN 18,134–3, 
UNE-EN 14,775 and UNE-EN 15,148, respectively.

The content of chlorine was performed by ion chroma-
tography with thermal conductivity detector. Analyses were 
carried out by a Metrohm serie 820 ion chromatography 
system with Chromeleon version 6.60SP2 software.13 The 
anion method used the Metrosep A Supp 5–250/4.0 analyti-
cal column (2 mm × 250 mm) using standards with known 
concentrations of chlorine to establish calibration curves. 
Previously to the analysis, solid samples were combusted in 
a calorimetric bomb Parr 6400 and the washing water was 
concentrated, filtered and rinsed to a final volume. Samples 
were determined by duplicate with RSD lower than 5%.

The content of sulphur was performed by inductively cou-
pled plasma optical emission spectroscopy (ICP-OES). An 
Xpectroblue-EOP-TI FMT26 (Spectro) allowed determining 
the atomic content of S. Previously, the samples were fused 
with Na2O2, at 460℃ in a muffle for 1.5 h, and further, they 
were attacked with 5 ml of HCl at 37%, rinsing with de-
ionised water to a final volume of 100 ml. Measurements 
were carried out using external standard calibration. Sam-
ples were determined by duplicate and RSD < 5% according 
to a reference material was obtained.

The calcined material used as the CO2 sorbent and bed 
material was obtained from parent limestone calcination in 
the BFB reactor. Calcination was performed at c.a. 910 ℃ 
by means of air combustion using the same wood pellets that 
appear in Table 1 as a fuel.

The calcined material was also analysed by inductively 
coupled plasma-optical emission spectrometry (ICP-OES) 
to determine its chemical composition, which consisted of 
92.2 wt% CaO, 0.9 wt% Fe2O3, 0.9 wt% MgO and 0.4 wt% 
Al2O3 (the remaining oxides being based on Na, Si and K).

A total of 21 gasification experiments (named correlative 
to the initial letter of biomass, e.g. for MSW: M1 to M11; 
for SP: S1 to S5; for GS, G1, G2, for WP: W1, W2 and 
for WChips: WC1) were carried out with the five different 
materials at the conditions shown in Table 2 using steam as 
gasifying agent. The temperatures included in this table cor-
respond to the average of the thermocouples placed within 
the dense solid bed (i.e. T1 and T2 in Fig. 1, Tbed), to the 
average of the thermocouples along the freeboard (i.e. from 
T3 to T7, TFB), and the average of all the thermocouples 
placed along the gasifier (i.e. from T1 until T7, Treactor). As a 
consequence of the specific design of this pilot plant (mainly 
electrical resistance element power input, pilot plant heat 

losses, calcined sorbent inlet temperature), there is a relation 
between the biomass thermal input, solid bed temperature 
and CaO/C ratio. In general, experiments with a higher bio-
mass thermal input or a higher CaO flow to the reactor led 
to lower Tbed stabilisation.

An additional set of three experiments were used to vali-
date model predictions. One of them was carried out with 
SP, whereas the other two were performed with WP. More 
details regarding the gasification variables can be found in 
Table S1. Supplementary Information.

2.3 � Gas analysis

Permanent gas composition (CO2, CO, H2 and CH4) was 
determined by means of an online gas analyser (SICK 
GMS810) that was placed downstream of the gas filter and 
tar sampling system, as depicted in Fig. 1. In addition to this 
continuous gas measurement, Tedlar sampling bags were 
also taken during steady-state operation in order to deter-
mine the composition of permanent gases and light hydro-
carbons (up to C4) by gas chromatography.

Permanent gases and light hydrocarbons (C1–C2) were 
analysed in a Bruker 450 gas chromatograph (GC) equipped 
with a thermal conductivity detector (TCD). Separation 
was performed by using two stainless steel packed columns 
(Molsieve 13X and HayeSep Q). An oven temperature of 
60 ℃ was maintained for 10 min. The carrier gas was Ar at 

Table 1   Proximate analysis, ultimate analysis and calorific values of 
the different biomass feedstocks tested in the 30 kWth BFB gasifier 
(HHV = higher heating value; LHV = lower heating value)

* Includes H in moisture
** The S content was determined by ICP-OES
*** The Cl content was determined by ion chromatography since this 
technique is able to determine the small amounts of Cl present in 
these samples

wt% WP GS MSW SP WChips

Proximate analysis (mass basis)
  % Moisture 5.55 6.30 5.90 6.51 8.09
  % Ash 0.36 4.30 32.2 4.87 1.30
  % Volatile matter 78.8 65.1 55.4 70.3 72.9
  % Fixed Carbon 15.3 24.3 6.60 18.3 17.7

Ultimate analysis (mass basis)
  % C 49.3 53.9 34.8 45.1 49.2
  % H* 6.30 6.58 4.40 5.96 5.83
  % N 0.10 2.20 1.70 0.70 0.14
  % S** 0.02 0.12 0.66 0.13 0.05
  % O 40.8 32.4 30.9 38.6 39.5
  %Cl*** 0.00 0.06 0.43 0.36 0.01

Calorific value
  HHV [MJ/kg] 19.1 22.1 13.8 17.4 18.1
  LHV [MJ/kg] 17.6 20.5 12.8 16.1 16.7
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a constant column flow rate of 30 Nml/min. The TCD tem-
perature was 200 ℃. The permanent gases analysed included 
H2, CO2, O2, N2 and CO, while the light hydrocarbons ana-
lysed included methane (CH4), ethane (C2H6) and ethylene 
(C2H4). Certified gas mixtures (Air Products) were used for 
identification and quantification purposes. The standards 
were injected by triplicate with relative standard deviations 
lower than 1.5%. The samples were injected by duplicate 
with relative standard deviations lower than 3% except for 
O2 and ethane that reached 10%.

Subsequently, light hydrocarbons (C1–C4) were ana-
lysed in a PerkinElmer Clarus 590 gas GC equipped with a 
flame ionisation detector (FID). Separation was performed 
by a 30-m-long and 0.32-mm-wide Alumina chloride cap-
illary column. The light hydrocarbons analysed included 
methane (CH4), ethane (C2H6), ethylene (C2H4), propane 
(C3H8), propylene (C3H6), isobutene and n-butane (C4H10), 
and trans-2-butene, 1-butene, isobutene, cis-2-butene and 
1,3-butadiene (C4H8). An initial oven temperature of 40 ℃ 
was maintained for 2.5 min, after which a heating rate of 
5 ℃/min was implemented to reach an oven temperature of 

90 ℃. The heating rate was then increased to 15 ℃/min to 
reach the final oven temperature of 180 ℃. This temperature 
was maintained for 4.5 min. The carrier gas was He with an 
initial pressure of 9 psi for 16 min, then raised to 18 psi. The 
injector and FID temperatures were both 250 ℃. Certified 
gas mixtures (Air Products) were used for identification and 
quantification purposes. The standards were injected by trip-
licate with relative standard deviations lower than 5%. The 
samples were injected by duplicate with relative standard 
deviations lower than 5% in the case of hydrocarbons.

2.4 � Tar sampling and analysis

Because one of the undesirable products of gasification is 
related to tar formation, an offline method for tar sampling 
was used based on the specific protocol for biomass gasifica-
tion units described elsewhere [42, 43]. This tar sampling 
method involved absorbing tars by flowing the gas through 
a series of 7 impinger bottles filled with isopropanol, which 
were placed in two different cooling baths as shown in 
Fig. 1: four impingers (1, 2, 3 and 5) at room temperature 

Table 2   Gasification parameters 
(i.e. biomass thermal input, 
steam-to-carbon ratio, molar 
ratio of CaO in sorbent 
to C in the biomass, solid 
bed temperature, freeboard 
temperature and reactor 
temperature) for each of the 
experiments considered in this 
work

Each biomass experiment was named with the initial of the corresponding biomass and consecutive numer-
ation

Experiment Biomass thermal input [kWth] S/C ratio CaO/C ratio Tbed [℃] TFB [℃] Treactor [ºC]

WP
  W1 16.6 1.4 0.3 717 696 702
  W2 14.6 1.6 0.4 665 639 647

GS
  G1 20.8 1.1 0.3 630 617 620
  G2 12.7 1.8 0.3 672 641 649

MSW
  M1 16.6 1.4 0.4 680 663 668
  M2 11.3 1.4 0.5 683 637 650
  M3 11.3 1.4 0.4 696 658 669
  M4 18.4 1.4 0.3 635 653 648
  M5 8.40 1.4 0.3 664 736 716
  M6 15.9 1.0 0.4 617 748 710
  M7 11.4 1.4 0.2 680 696 692
  M8 11.7 1.3 0.6 629 697 677
  M9 9.10 1.3 0.3 735 699 708
  M10 9.00 1.3 1.2 704 687 692
  M11 8.70 1.0 1.1 708 686 692

SP
  S1 10.5 1.4 0.3 644 663 658
  S2 9.60 1.5 0.5 651 631 637
  S3 10.5 1.3 0.3 665 644 650
  S4 10.8 1.3 0.2 735 711 718
  S5 10.5 1.4 0.8 697 652 665

WChips
  WC1 5.30 3.0 1.81 705 681 688
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and three (4, 6 and 7) at − 20 ℃. All of them contained 
100 ml of isopropanol, with the exception of impingers 1 
and 7, which were empty. The gas flow rate sampled through 
the tar system was regulated by a pump, and the total volume 
passed was measured by a gas metre before the gas was sent 
to the online analyser. Once the tar sampling test was com-
pleted, the isopropanol from the impingers was collected in 
an amber glass bottle, and both the impingers and connec-
tion tubes were rinsed with isopropanol. The final volume of 
the isopropanol collected, referred to as ‘collected tar’, was 
measured and the tar content determined by gas chromatog-
raphy–mass spectrometry (GC–MS).

The chemical composition of the collected tar was deter-
mined using a Varian CP-3800 gas chromatograph connected 
to a Saturn 2200 Ion Trap Mass Spectrometer. 1 µl of the 
sample was injected in the split mode with a ratio of 20:1. A 
low-bleed capillary column, CP-Sil 8 CB: 5% phenyl, 95% 
dimethylpolysiloxane (60 m × 0.25 mm i.d. × 0.25-μm film 
thickness) was used. An initial oven temperature of 60 ℃ 
was maintained for 3 min keeping a ramp rate of 7 ℃/min 
until a final temperature of 300 ℃ for 15.57 min. The carrier 
gas was He (BIP quality) at a constant column flow of 1 ml/
min. The injector, detector and transfer line temperatures 
were 300 ℃, 200 ℃ and 300 ℃, respectively.

The MS was operated in electron ionisation mode within 
35–550 m/z range. The identification and quantification of 
organic compounds were carried out by external standard 
calibration for a total of 22 compounds according to the 
quantitation ion (benzene (m/z = 78), toluene (m/z = 91), 
ethylbenzene (m/z = 91), p + m xylene (m/z = 91), 
o-xylene (m/z = 91), phenol (m/z = 94), 4-methyl phenol 
(m/z = 107), naphthalene (m/z = 128), acenaphthylene 
(m/z = 152), acenaphthene (m/z = 153), f luorene 
(m/z = 165), phenanthrene (m/z = 178), anthracene 
(m/z = 178), fluoranthene (m/z = 202), pyrene (m/z = 202), 
benz(a)anthracene (m/z = 228), chrysene (m/z = 228), 
benzo(a)pyrene (m/z = 252), benzo(b)f luoranthene 
(m/z = 252), indeno(1,2,3-cd)pyrene (m/z = 276), 
dibenz(a,h)anthracene (m/z = 278) and benzo(g,h,i)
perylene (m/z = 276)).

The tar content was obtained as the sum of each com-
pound based on these standards, according to the final vol-
ume of isopropanol and the gas sampled during each experi-
ment. More details regarding the individual composition of 
the tar content have been studied in previous papers [33, 34]. 
RSD values relative to standards were lower than 9% for 
three injections. Samples were analysed by duplicate with 
RSD lower than 15%.

2.5 � Multivariate statistical tools

Two multivariate statistical tools, PCA and PLS, were used 
to determine the relationships between the gasification 

parameters, biomass properties and outlet gas quality, and 
to model particular parameters of gas quality.

SPSS 15.0 and Unscrambler X 10.3 software were used 
to obtain the PCA and the PLS regression models.

2.5.1 � Principal component analysis

PCA [44, 45] is a statistical procedure that allows the orthog-
onal transformation of a set of possibly correlated variables 
into a set of linearly uncorrelated variables called principal 
components. PCA is one of the most powerful exploratory 
data analysis tools available for investigations of large data 
sets. It has been applied widely and successfully in different 
scientific fields [46–51].

The first component explains the highest portion of the 
total variance in the data and the successive components 
explain in decreasing order the rest of the total variance in 
such a way that only few components explain most of the 
total variance in the data.

The main aim of PCA was to study correlations among 
the process parameters, biomass characteristics and gas 
product quality. In this particular study, all these variables 
were obtained experimentally in the same installation 
described in Sect. 2.1 and characterised by the different 
analytical techniques described in Sects. 2.2, 2.3 and 2.4 so 
that no bibliographic data were compiled. PCA was applied 
to the total of 21 experiments performed with the five dif-
ferent biomasses (Table 2) and to a total of 26 variables 
including the parameters shown in Table 3. All data were 
mean-centred and divided by the standard deviation so that 
variable standardisation was carried out because different 
kinds of variables and scales were taken into account. This 
ensured that all variables had the same chance to influence 
the estimation of the components. The cross-fold valida-
tion, the uncertainty Martens’ test using the optimal number 
of components and nonlinear iterative partial least square 
(NIPALS) algorithm were applied in the model input.

A total of 5 PCs in accordance to the Kaiser’s rule (and 
the percent of the cumulative data variance) were retained, 
and only those values (either positive or negative) with the 
maximum loading (in absolute values) per each retained PC 
were considered for the interpretation of the links among 
the initial variables and outlet gas composition similarities/
dissimilarities.

A brief summary with the potential information pro-
vided by PCA: score values and loading values has been 
added. The score values describe the properties of the 
samples and allow visualising if groupings or separa-
tions among samples could be observed, indicating sam-
ple differences or similarities. In this research, score 
values provided information on how different gasifica-
tion experiments were related to each other. The loading 
plots describe the relationships between variables and 
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provide information on variable contribution and correla-
tions. Variables that are close to each other are positively 
correlated, contributing similar information and those 
opposite to each other are negatively correlated and posi-
tioned in diagonally opposed quadrants. The direction of 
PC1 in relation to the original variable is given by the 
cosine of the angles. Geometrically, loading is the cosine 
of the angle between the variable and the PC, ranging 
between − 1 and + 1 so that the smaller the angle, the larger 
the loading. When the angle between variable and PC is 
close to zero, completely describes the variable. When the 
angle between variables is 90º, both variables are uncor-
related whereas angles greater than 90º and 180º indicate 
that variables are negatively correlated [52].

The distance to the origin also conveys important infor-
mation so that the further away from the plot origin a vari-
able lies, the stronger the impact that variable has on the 
model. Variables located at the origin of the PC or very close 
to the origin are not well described by both PC. In order to 

better understand the interpretation of loading plots, it will 
be necessary to search for each PC those variables with high 
loadings. The higher the loading of a variable for a PC, the 
higher the contribution to the sample shown by the score 
plot. Variables lying close are highly correlated. The sign of 
a loading value (positive or negative) informs the positive or 
negative correlation of that variable with the PC [53].

2.5.2 � Partial least square regression

PLS was developed by Wold in 1960 for application to social 
science modelling [54], and it has been used widely in dif-
ferent scientific statistical approaches [55, 56].

In this particular work, PLS was applied in order to model 
particular parameters that determine the quality of the outlet 
gas. The dependent variables considered, i.e. the variables 
to be modelled, associated with the outlet gas were CH4 
and C2H4 contents and collected tar. On the other hand, 
the independent variables considered were the gasification 

Table 3   Descriptive statistics of the variables involved in the gasification process (N = 21 samples) (IQR = interquartile range)

Mean Max Min Range Std Deviation Variance Skewness Kurtosis Median IQR RSD [%]

Gasification conditions
  Tbed [ºC] 677 735 617 118 34.5 1190 0.0 -0.9 680 53.1 5.1
  TFB [ºC] 673 748 617 131 34.8 1209 0.5 -0.3 664 52.2 5.2
  Treactor [ºC] 674 718 620 97.8 28.3 801 0.0 -1.0 669 42.4 4.2
  CaO/C 0.5 1.8 0.2 1.6 0.4 0.2 2.1 4.5 0.3 0.2 80
  S/C 1.4 3.0 1.0 2.0 0.4 0.2 3.3 12.9 1.4 0.1 28.6
  Thermal power [kW] 12.1 20.8 5.3 15.5 3.8 14.2 0.7 0.2 11.3 4.94 31.4

Composition of the outlet gas
  Collected tar (g/m3 N) 33.6 62.2 6.7 55.5 13.9 195 0.6 0.5 29.6 11.6 41.4
  CO [vol%] 6.1 13.8 2.1 11.7 3.4 11.8 0.9 0.3 5.5 5.4 55.7
  CO2 [vol%] 7.7 12.3 4.3 8.1 2.3 5.2 0.2 -0.8 7.7 4.3 29.9
  CH4 [vol%] 9.9 14.9 4.7 10.3 2.5 6.4 0.4 0.3 9.4 2.4 25.3
  H2 [vol%] 37.3 45.6 29.2 16.5 5.6 30.9 0.0 -1.6 36.8 10.5 15.0
  C2H6 [vol%] 1.1 1.9 0.5 1.4 0.4 0.1 0.5 0.1 1.1 0.5 36.4
  C2H4 [vol%] 3.3 6.4 0.8 5.6 1.4 1.9 0.5 -0.1 3.0 1.9 42.4
  C3H8 [vol%] 0.0 0.2 0.0 0.2 0.0 0.0 2.7 9.2 0.0 0.0
  C3H6 [vol%] 0.3 1.5 0.0 1.5 0.3 0.1 2.8 10.0 0.3 0.3 100

Composition of the biomass fed
  Moisture [%] 6.2 8.1 5.6 2.5 0.5 0.3 2.4 7.8 5.9 0.6 8.1
  Ash [%] 18.5 32.2 0.4 31.8 14.8 218 -0.1 -2.2 32.2 27.3 80
  % Volatile matter 62.9 78.8 55.4 23.4 8.7 75.4 0.5 -1.3 55.4 14.9 13.8
  % Fixed C 12.4 24.3 6.6 17.7 6.6 43.6 0.5 -1.4 6.6 11.7 53.2
  % C 41.1 53.9 34.8 19.1 7.2 52.2 0.5 -1.4 34.8 10.3 17.5
  % H 5.2 6.6 4.4 2.2 0.9 0.8 0.2 -1.9 4.4 1.6 17.3
  % N 1.3 2.2 0.1 2.1 0.7 0.5 -0.6 -1.1 1.7 1.0 53.8
  % S 0.4 0.7 0.0 0.6 0.3 0.1 -0.1 -2.1 0.7 0.6 75.0
  % O 34.2 40.8 30.9 9.9 4.1 16.9 0.6 -1.7 30.9 7.7 12.0
  % Cl 0.3 0.4 0.0 0.4 0.2 0.0 -1.2 -0.3 0.4 0 66.7
  HHV* [MJ/kg] 16.1 22.1 13.8 8.3 2.8 7.9 0.8 -0.3 13.8 3.6 17.4
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parameters, i.e. biomass thermal input, steam-to-carbon ratio 
(S/C), CaO-to-C molar ratio (CaO/C), solid bed temperature 
(Tbed), freeboard temperature (TFB) and reactor temperature 
(Treactor) and the composition of the biomass feed, i.e. proxi-
mate analysis (moisture, ash, volatile and fixed C contents) 
and ultimate analysis (C, H, N, S, O and Cl contents), as well 
as higher heating value (HHV). CaO/C refers to the molar 
ratio between the moles of CaO in the CO2 sorbent fed to 
the gasifier and the moles of C in the biomass introduced. 
This material was the same for all experiments. PLS was 
applied to the entire set of experiments (21 samples) and to 
the 17 independent variables in order to establish a calibra-
tion PLS model for each dependent variable obtaining a total 
of 3 PLS models.

Prior to statistical analysis, all the initial variables were 
mean-centred and divided by the standard deviation in order 
to avoid influence from the different scale units. When the 
main aim of modelling is the prediction, one of the most 
important considerations is to validate the model. Once the 
model was elaborated or calibrated, the validation of the 
model was performed by two methods: internal validation 
and external validation. The internal validation was carried 
out by the cross-validation method (CV) with a random 
number of segments equal to 20 was used to measure the 
prediction performance of the multivariate model since there 
was a relatively low number of samples. This involves parti-
tioning a data sample into complementary subsets, perform-
ing the analysis on one subset and validating the analysis 
on the other subset [57]. A set of three external validation 
experiments were also used to assess the predictive perfor-
mance of the developed models (Table S1, Supplementary 
Information) with variables covering the range of the ones 
used for the calibration model. An uncertainty Martens’ 
test with the optimum number of latent variables (LV) was 
applied to identify non-significant variables. The NIPALS 
algorithm was also applied to each PLS model.

The quality of the PLS model was evaluated by calculat-
ing different parameters, including the coefficient of deter-
mination R2 for each predicted variable (Eq. 1),

where yi represents reference y values, while ŷi represents 
predicted Y values according to the PLS model, yi means 
value and n refers to the number of samples. The higher the 
R2, the better the model as a function of the descriptor vari-
ables, with the upper limit of 1 for a perfect fit and 0.5 for 
an acceptable fit [44].

The R2 explains how well a model performs when rep-
licating the observed outcomes. It is the proportion of the 
variance in the dependent variable that is predictable from 
the independent variable. For the cross-validation, this 

(1)R2 = 1 −

∑n

i=1
(yi − ŷi)

2

∑n

i=1
(yi − yi)

2

determination coefficient is denoted by Q2 (cross-validated 
correlation coefficient) while Q2

ext is the corresponding 
determination coefficient of the predicted variable for the 
external validation.

In order to assess the predictive ability of multivariate 
models and as a measurement of precision uncertainty, the 
root mean square error of calibration (RMSEC) (Eq. 2) was 
used to express differences between the values predicted 
by the PLS model and the experimentally measured val-
ues. This value is expressed in the same unit as the Y or 
dependent variable. The lower the RMSEC, the better the 
model prediction. The RMSECV and the RMSEPext denoted 
this value for the cross-validation and external validation, 
respectively.

Finally, an average overall error was used (Eq. 3) to relate 
the RMSEC to the experimental values according to the 
formula:

As mentioned above, the OECV and OEext measured this 
value for the cross-validation and external validation giving 
information on the relative precision. Residuals, which are 
of diagnostic value for the quality of a model and inform 
on the non-explained variance, enabled identifying outliers 
that did not fit the model. A normal probability plot of the Y 
residuals of the model showed a fairly straight line.

3 � Results and discussion

Usually in statistical studies, a normal distribution of the 
variables is used because most of the normal phenomena can 
be modelled with this distribution. The normal distribution, 
which is defined by two parameters (i.e. the mean and the 
standard deviation), describes how the values of a variable 
are distributed. It is symmetrical, being the most important 
probability distribution in statistics for independent, ran-
dom variables. Firstly, a study of the descriptive statistics 
for all the variables involved in the gasification process 
was performed as shown in Table 3. As measures of central 
tendency, the mean and median were included for normal 
and non-normally distributed variables. When variables are 
normal, these values are the same. This happened for most 
of the variables considered, whereas the largest differences 
were found for CaO/C, ash, volatile matter, fixed C and S.

Measures of variability or dispersion included range, 
standard deviation, variance, minimum and maximum and 

(2)RMSEC =

�

∑n

i=1
(̂yi − yi)

2

n

(3)Average OE =
100 ∗ RMSEC

ŷi
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relative standard deviations (RSD) for normal variables. It 
was observed that some variables had a very narrow range, 
such as those variables affecting the ultimate composition 
of the biomass feed, e.g. the S and Cl contents due to the 
low content of these elements in the different biomasses, 
whereas others like Tbed, TFB, Treactor, collected tar and the 
ash content of the feed biomass presented a wider variation 
in part due to the different conditions at which the gasifica-
tion process was carried out. This was interesting from the 
modelling point of view as it would permit verification of the 
adequacy of the model for a wider range of variables. Out of 
these ranges of variables, the model should be checked and 
validated. Therefore, this was one of the model limitations. 
Only for the range of these variables, the PLS model could 
be applied to predict the three dependent variables of this 
research. Out of this range, the model should be validated 
to confirm its adequacy in the prediction of new samples.

Another important parameter to take into account was 
related to RSD%, which might be useful for detecting which 
variables had the largest absolute variation. In this case, the 
highest values corresponded to C3H6, CaO/C, the CO con-
tent in the product gas, and the S, Cl, N and fixed C con-
tents in the biomass, whereas the lowest RSD% was associ-
ated with variables covering a wider range, such as gasifier 
temperatures.

Other interesting parameters to study were the skew-
ness and kurtosis, which also provide information on data 
distribution. Skewness and kurtosis were introduced for 
those variables with no normal distribution with the inter-
quartile range as dispersion indicator [58]. Kurtosis deter-
mines the heaviness of the distribution tails, while skewness 
determines the distribution symmetry. From Table 3, it is 
observed that most of the variables had skewness values 
close to zero (exception CaO/C, S/C, collected tar, CO, 
C3H8, C3H6, moisture, %N, %Cl and HHV) indicating sym-
metry while the kurtosis remarked the tailing of some varia-
bles relative to a normal distribution. In general, it is accept-
able the values for asymmetry and kurtosis between − 2 
and + 2 to prove a normal distribution [59]. In this way, the 
S/C, C3H8 and C3H6 and moisture were the exception.

Regarding the interquartile range as a measure of spread, 
it indicates where most of the values lie and it has been 
shown in Table 3 for those variables which could follow a 
non-normal distribution. The main advantage of this param-
eter is that it is not sensible to atypical values, while the 
standard deviation and the range would change drastically 
with outliers.

To avoid the lack of normality in some variables, stand-
ardisation of variables is common in order to compare dif-
ferent types of observations based on the own distribution of 
each observation. To each observation of each variable, sub-
tract the mean and divide by the standard deviation obtaining 
the standard normal distribution which, is a special case of 

the normal distribution (the mean is zero and the standard 
deviation is 1). This practice is very common in statistical 
studies like PCA and PLS, and it has been applied to this 
particular research.

3.1 � Principal component analysis

PCA was applied to all experiments (21 samples) and all 
variables, including the independent variables affecting the 
gasification process, the biomass used (ultimate and proxi-
mate analyses) and the dependent variables associated with 
syngas quality, totalling 26 variables.

Results obtained for PCA indicated that a total of 5 fac-
tors (Fig. 2) with eigenvalues higher than 1, Kaiser’s rule, 
were able to explain 89% of the total variance where the 
two first factors were able to explain most of the variance, 
70%. The first factor explained 44% of the total variance 
whereas the second, third, fourth and fifth factors explained 
24%, 12%, 6% and 4% of the variance, respectively. The 
extraction communalities found for almost all the variables 
were higher than 0.8 (with the lowest values for TFB = 0.71 
and CaO/C = 0.77), and no variable was removed from the 
analysis.

In terms of the different variables studied, the loading 
plots between the two first components (Fig. 2b) explain-
ing most of the variance shows that ash, S, Cl and C2H4 
contents, and the volatile matter, C, H, fixed C, O, HHV 
and CO contents correlated significantly with PC1, although 
inversely. Ash, S, Cl and C2H4 correlated positively, whereas 
the other parameters related to the biomass used were nega-
tively correlated. With the exception of C2H4 and CO con-
tents, all these parameters were related to the composition 
of the biomass feed. Therefore, the nature of the biomass 
feedstock seemed to play a remarkable role in the gasifica-
tion process, as shown by their link to the first factor, which 
is referred to as ‘biomass feed’.

By analysing the second factor (Fig. 2b), PC2, it was 
observed that thermal power, collected tar, C2H6, C3H6, 
C3H8 and CH4 were positively correlated with PC2 
while Treactor, Tbed and CaO/C correlated negatively. This 
second factor was related to the gasification conditions 
and hydrocarbons composition and is referred to as 
‘gasification conditions and hydrocarbons composition’. 
Into this group of different light hydrocarbons (Fig. 2b), 
it was possible to distinguish on the one hand, C2H6, C3H6 
and C3H8 that were negatively affected by the TFB and 
TReactor. The important role of the gasification temperature 
in order to reduce the presence of the light hydrocarbons 
has also been shown in previous research by these 
authors [32–34]. On the other hand, the closeness of both 
variables, CH4 and the collected tar, in the graph (Fig. 2b) 
remarked a similar behaviour, being negatively affected by 
the Tbed and CaO/C ratio.
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This corroborated previous results found for this gasi-
fication installation with MSW and straw by this research 
group [32–34]. What this statistical analysis reinforces is the 
possibility of acting on operating variables (Tbed, CaO/C, 
TReactor) to improve gas quality by reducing the collected tar, 
CH4 and C2H6 content correlation between collected tar and 
light hydrocarbons, indicated their important role in polycy-
clic aromatic hydrocarbon formation by Diels–Alder path-
ways and/or hydrogen abstraction-acetylene addition [60, 
61]. Rakesh and Dasappa [62], among others, have pointed 
out that tar formation in biomass gasification is related to 
two different pathways: (i) the direct release of aromatic 
structures in lignin devolatilisation and (ii) a mechanism of 
hydrogen abstraction and acetylene addition.

The loadings plot of the third and first factor (Fig. 2d) 
provided information regarding which variables were affect-
ing these two factors. In fact, the CO2 content was positively 
correlated to the third factor and negatively to CaO/C. This 
third factor was associated with the carbonation reaction that 
the sorbent undergoes, which is referred to as ‘carbonation 
reaction’ and whose main role is to capture the CO2 released 
during the gasification process. This would explain these sta-
tistical results which prove that the higher the CaO/C ratio, 

the lower the CO2 content released in the gasification pro-
cess because this CO2 is mainly captured by the sorbent used 
in the SEG process (CaO to produce CaCO3). This process 
is also explained through the carbonation reaction (Eq. 11) 
which is produced in this SEG process [34]. The proximity 
between CO2 and CO would also indicate a similar behav-
iour with a positive correlation.

With regard to the fourth factor (Fig. 2f), a moderate 
negative correlation between Tbed and the CH4 content was 
observed. A moderate positive correlation between Tbed and 
H2 content in the product gas was obtained in the fifth factor 
(Fig. 2h), whereas the moisture of the biomass feedstock was 
negatively correlated to this factor. However, because the 
variance explained by the third, fourth and fifth factors was 
quite low, some variables such as H2 and S/C were corre-
lated not only to one factor, but also to two or even more fac-
tors, highlighting the complexity of the gasification process.

Taking into consideration the Fig. 2a related to scores 
plot, it was possible to distinguish two different groups of 
samples classified as a function of the biomass. Firstly, all 
experiments carried out with MSW as biomass feed (right 
side of the graph), which were characterised by a high ash 
and sulphur contents compared to the other biomasses (left 
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Fig. 2   Equation: PCA results for the whole set of samples, where a, c, 
e, and g represent the scores plot PC1 versus PC2, PC1 versus PC3, 
PC1 versus PC4 and PC1 versus PC5 and b, d, f, and h represent the 
loading plot PC1 versus PC2, PC1 versus PC3, PC1 versus PC4 and 

PC1 versus PC5, respectively. Samples are named with the first letter 
of the biomass feedstock with consecutive numbers. MSW samples: 
M1-M11; SP samples: S1-S5; GS samples: G1, G2; WP samples: 
W1, W2 and WChips sample: WC1
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side of the graph). This distinction between groups of sam-
ples was observed for the four scores plots of the PCA analy-
sis (Fig. 2a, c, e and g). A possible explanation could be 
found in the different nature of the biomass. While MSW 
cannot be considered as ‘a natural biomass’ because also 
contains other components at low proportion such as plastic, 
cardboard, etc., samples represented on the left side of the 
graph are considered as natural biomass (agricultural and 
forestry residues of lignocellulosic biomass).

The quality of the outlet gas product for these samples is 
mainly depending on the gasification conditions. According 
to the abovementioned, this kind of biomass, MSW, would 
promote the formation of light hydrocarbons, especially 
C2H4 for those experiments that would be close to C2H4. In 
fact, sample M4 showed the highest concentration of C2H4 
(6.4%) and CH4 (Fig. 2a, b) (see Table 4). However, this 
sample also favoured the formation of tar with the highest 
content of collected tar for all MSW samples (62.3 g/m3) due 
to its proximity to this variable.

These samples could be also distinguished according 
to the composition of the outlet gas due to their proximity 
to some variables associated to PC1 and PC4 (Fig. 2b, f). 
The group at the bottom comprised samples with low CH4 
contents (i.e. less than 8.0 vol%) (M9, M10, M1) (Fig. 2e, 
2f) and low tar content, whereas the group at the top (M1, 

M2, M3, M4, M5, M6, M7, M8) were characterised by a 
high content in CH4 (8.9 to 14.9 vol%) and C2H4 (4.0 to 5.3 
vol%) and collected tar (Table 4). As mentioned previously 
in the first factor, those experiments performed at low Tbed 
(M1–M8), in particular, lower than 680 ℃ favoured the CH4 
formation; on the contrary, those carried out at Tbed higher 
than 680 ℃ (M9, M10, M11) promoted the CO formation 
(Table 4).

In fact, current research [33] carried out by these authors 
have shown that for MSW feedstock samples, devolatilisa-
tion of biomass seems to be the main process occurring at 
Tbed lower than 680 ℃ (including CH4 formation), whereas 
at Tbed higher than 680 ℃, solid char gasification reactions 
become more significant, which would favour the increase 
in CO (Eq. 10), CO2 (Eq. 9) and H2 contents (Eq. 7) in the 
product gas. Taking into account Eq. 7, the steam cracking 
reaction favoured the formation of CH4 at the expense of CO 
at high temperatures. These results have also been remarked 
by other authors [21] where it has also shown that gasifi-
cation from feedstock with higher content of S and lower 
content of O produced higher CH4 content and lower CO2.

On the other hand, the other group of samples (GS, 
SP, WP and WChips) placed on the left side of the graph 
(Fig. 2a) were mainly distinguished by their high vola-
tile matter, H, C and fixed C contents, and their HHV 
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(Fig. 2b). In this group of samples, the formation of CO 
and CO2 seemed to be favoured due to their proximity to 
these variables in the PC1. This is mainly fulfilled for SP 
samples, being the S4 the one with the highest concentra-
tion for these compounds, as can be observed from the 
scores plot 2a and c (Fig. 2a, c). The influence of the bio-
mass properties on the gas composition has been remarked 
by other authors [20], finding that the C and H contents 
and the HHV of the biomass promote the CO and CH4 
production.

Other samples which could be differentiated and com-
pared were the samples S1 and S4 corresponding to SP 
(Fig. 2a). In fact, the distinction between these two samples 
was more remarked in Fig. 2c, d. For both samples, the rest 
of the gasification parameters were kept constant (S/C, ther-
mal input, CaO/C ratio) with the exception of the TFB and 
Treactor. The higher the TFB and the Treactor, the higher the 
CO and CO2 contents as observed for samples S4 versus S1 
(Table 4) due to its proximity to these variables (Fig. 2c, d). 
This could also be explained through the thermodynamic 
equilibrium of the carbonation reaction as the CO2 equilib-
rium pressure increased with the increasing of the reaction 
temperature (Eq. 11).

The sample of GS at the top left side (sample G1) 
(Fig. 2a) also presented the highest concentrations of C3H8 
and C3H6 (Fig.  2b) according to its proximity to these 

variables compared to sample G2. Both samples, differed 
in the gasification temperature, being the lowest for sample 
G1. This reflected again what was previously explained by 
the correlation found between Tbed and the formation of light 
hydrocarbons.

The reactions involved in the gasification process would 
also help to understand the complexity of predicting vari-
ables such as CO, CO2, H2 and CH4 contents, which were 
correlated with different factors according to the PCA analy-
sis. When a biomass particle enters inside the gasification 
reactor, different reactions and processes (Eqs. 4–11) occur.

(4)
Methanation reaction C(s) + 2H

2
↔ CH

4
ΔH = −74kJ∕mol

(5)
Boudouard reaction C(s) + CO

2
↔ 2CO ΔH = +172kJ∕mol

(6)Water gas (primary) reaction C(s) + H2O ↔ CO + H2 ΔH = +131.5kJ∕mol

(7)
Methane reforming CH

4
+ H

2
O ↔ CO + 3H

2
ΔH = +206kJ∕mol

(8)
Water gas shift (WGS) CO + H

2
O ↔ H

2
+ CO

2
ΔH = −41kJ∕mol

(9)
Char combustion C(s) + O

2
↔ CO

2
ΔH = −394kJ∕mol

Table 4   Mean gasification parameters and mean content of the outlet 
gas composition as a function of biomass feed. For the total of experi-
ments, the minimum and maximum of each variable are also included 

in brackets. Specific samples have been remarked for each biomass; 
n = number of samples

MSW SP GS WP WChips

Mean
n = 11

M4
n = 1

M1-M8
n = 8

M9-M11
n = 3

Mean
n = 5

S1
n = 1

S4
n = 1

Mean
n = 2

G1
n = 1

Mean
n = 2

WC1
n = 1

Tbed [℃] 675
(617–735)

635 660
(617–696)

716
(704–735)

678
(645–735)

645 735 651
(630–672)

630 691
(665–717)

705

CaO/C 0.508
(0.19–1.22)

0.28 0.372
(0.19–0.55)

0.870
(0.28–1.22)

0.422
(0.20–0.81)

0.30 0.20 0.291
(0.25–0.33)

0.25 0.327
(0.29–0.36)

1.81

S/C 1.27
(0.98–1.39)

1.39 1.31
(0.98–1.38)

1.18
(1.04–1.26)

1.35
(1.26–1.47)

1.35 1.31 1.47
(1.11–1.82)

1.11 1.47
(1.37–1.56)

2.99

Collected tar [g/m3N] 36.9
(14.8–62.2)

62.2 42.9
(27.5–39.8)

20.9
(14.8–24.0)

30.4
(23.2–38.2)

38.2 23.2 42.7
(28.5–57.0)

57.0 28.2
(26.7–29.6)

6.70

CO [vol%] 3.83
(2.15–8.52)

2.97 3.32
(2.15–6.33)

5.20
(3.52–8.52)

9.11
(6.63–13.8)

7.44 13.8 6.32
(5.35–7.30)

7.29 11.1
(8.66–13.5)

5.47

CO2 [vol%] 6.59
(4.27–10.2)

5.28 5.98
(4.27–9.67)

8.21
(6.88–10.2)

9.27
(7.0–12.3)

8.19 12.3 8.52
(7.70–9.34)

9.34 9.83
(9.75–9.91)

5.43

CH4 [vol%] 10.6
(7.26–14.9)

14.9 11.7
(8.89–14.9)

7.57
(7.26–7.92)

9.18
(8.4–10.7)

10.7 9.45 8.98
(7.22–10.74)

10.7 11.1
(10.84–11.37)

4.67

H2 [vol%] 40.0
(33.7–44.9)

36.9 40.2
(33.7–44.9)

39.51
(34.3–42.6)

32.0
(29.2–35.1)

29.7 29.2 31.2
(30.63–31.81)

30.6 38.0
(31.85–44.07)

45.6

C2H6 [vol%] 1.13
(0.56–1.70)

1.69 1.10
(0.56–1.69)

1.25
(1.17–1.30)

0.882
(0.81–0.95)

0.81 0.81 1.53
(1.18–1.87)

1.87 0.958
(0.82–1.09)

0.492

C2H4 [vol%] 4.23
(2.93–6.40)

6.40 4.69
(3.94–6.40)

2.98
(2.93–3.03)

2.14
(1.74–2.65)

2.65 2.48 3.10
(2.55–3.65)

3.65 2.05
(1.95–2.15)

0.818
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Firstly, the fuel drying and a primary devolatilisation [62] 
take place, releasing volatile compounds from the biomass. 
Rakesh and Dasappa [62], among others, have pointed out 
that when this process is carried out in the absence of air, 
pyrolysis products have a composition that mainly depends 
on biomass composition and not on the gasifying agent used. 
The released volatile compounds will react with the differ-
ent gases present in the reactor (H2O when the gasifying 
agent is steam, CO2 and H2) (Eq. 6). At this point, methane 
reforming and water gas shift reactions (Eqs. 7 and 8) take 
place with their different enthalpy changes, with CH4 being 
one of the volatile compounds released.

Afterwards, the solid carbon in the form of char under-
goes gasification reactions with different gases (H2, CO2, 
CH4, O2) (Eqs. 4, 5 and 6) so that char combustion (exo-
thermic reaction) (Eqs. 9 and 10) occurs. In addition, a reac-
tion takes place between the CaO and the CO2 formed in 
the gasification reactions to form CaCO3 (Eq. 11). When 
gasification is led to produce an H2-rich gas, endothermic 
reactions are also involved. This competition between differ-
ent reactions was also reflected in the PCA analysis, where 
H2 was affected not only by one specific factor, but also 
by different factors, as shown in Fig. 2b–d, indicating the 
complexity of predicting this gas in the gasification process. 
On the contrary, the exothermic reactions would promote 
the formation of CH4, which would be mainly encouraged 
by thermal power and discouraged by the increase in Tbed 
and Treactor.

The positive correlation between Tbed and CaO/C and negative 
correlation to the thermal power found in the PCA analysis could 
also be explained by the energy balance in this particular gasifier. For 
the same thermal power (maintaining the biomass feed constant), an 
increase in CaO/C involves a decrease in Tbed because the sensible 
heat required to heat the CaO stream is higher. On the other hand, by 
keeping CaO/C constant and if thermal power decreases, the gasifi-
cation reaction becomes less endothermic, achieving a higher Tbed 
(because there is less biomass feed and because CaO decreases).

Understanding the relationship between variables can be 
a great advantage when working with experimental plants 
of considerable dimensions in which different variables are 
involved and their control is relatively difficult. Once the 
interrelations between the different parameters involved in 
the gasification process were studied, the statistical analysis 
focused on modelling the gas quality, searching for particu-
lar final product compositions. In some cases, the aim was 
to optimise the composition of the outlet gas trying to max-
imise (for example) CH4 content when the production of 
synthetic natural gas was the objective downstream, while 

(10)
Char combustion C(s) +

1

2
O

2
↔ CO ΔH = −111kJ∕mol

(11)
Carbonation reaction CaO + CO

2
↔ CaCO

3
ΔH = −178kJ∕mol

minimising the amount of tars produced in the gas product. 
In attempting to meet these requirements, PLS regression 
was used to model each individual parameter of the out-
let gas, in particular collected tar, CH4 and C2H4 contents, 
without taking into account the composition of the other 
outlet gases.

3.2 � Partial least square regression models

A total of three PLS models were obtained for each one of 
the three independent variables: collected tar, CH4 and C2H4 
with the main aim of predicting these variables avoiding 
a high number of gasification experiments that are really 
costly in time and expenses. It is important to point out that 
the main implications of the model are related to the avail-
ability of compiling enough experimental data and variables 
that can be reduced to a new set of explanatory variables 
just maintaining the same information of the original data. 
The simplicity of the model, as it is not necessary to include 
kinetic reactions and the ability of handling more descrip-
tor variables than compounds, constitute one of the main 
advantages of applying PLS. As disadvantages, it is worth 
mentioning that only a limited number of available experi-
ments have been used to predict the model.

More experimental data would be required for this present 
model in order not only, to improve the prediction in all the 
range of the model but also the accuracy, especially with 
those biomasses that have only been represented by a low 
number of experiments such as GS, WP and WChips. The 
wider the range of gasification conditions and the feedstock 
composition, the more robust the model for predicting the 
outlet gas composition.

3.2.1 � Partial least square regression for collected tar

It is well known that tars are undesirable subproduct of 
the gasification process that requires minimisation owing 
to potential problems of fouling and soot formation on the 
cold surfaces downstream of the gasifier. In this sense, a PLS 
regression model was produced in order to determine which 
parameters mainly affected collected tar as a function of the 
independent variables (17) associated with the gasification 
plant and biomass used (Fig. 3).

A total of six factors explained 91% of the variance, with 
the first factor explaining (61%), more than half of total 
variance (Table 5). As found in the PCA analysis, and as 
a function of the PLS scores (Fig. 3a), it was possible to 
distinguish between different groups of samples according 
to the different biomass feedstocks based on their nature and 
their proximate and ultimate composition. Separate groups 
were obtained between the MSW feedstock and SP, GS and 
the WP. But not only the nature of the biomass fed affected 
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these samples, but also the gasification conditions. In fact, 
the lowest average tar content was obtained for the WChips 
sample, the result of the favourable conditions in which the 
gasification process took place (high S/C and CaO/C and 
moderately high Tbed) in comparison with the GS and MSW 
feedstocks (see Tables 2 and 4), which showed the highest 
tar content.

For collected tar, all variables included in the two outer 
circumferences of the correlation loadings plot (Fig. 3b) 
were found to influence tar content. However, it was 
observed that the statistically significant variables were 
thermal power, Tbed and volatile matter content, related to 
gasification conditions and biomass feedstocks. The Beta 
coefficients, which provide information on the most impor-
tant variables affecting the predicted variable are also shown 
in Fig. 3c, where in red colour appear those coefficients sta-
tistically significant at 95% level according to Martens’ test. 
While thermal power was positively correlated to collected 
tar, Tbed and volatile matter content were negatively corre-
lated (Fig. 3b, c). In this way, these model results confirmed 
previous results shown in this research for the PCA analysis 
where the increase of the Tbed decreased the tar content, 
despite the PCA analysis considers all variables in the same 
way as input and PLS model includes the variable to be 
modelled as dependent variable.

In fact, it has been proved in the literature that high 
temperatures (bed temperatures) produce a reduction in 
tar content [63, 64] mainly owing to the fact that thermal 
cracking and reforming reactions become more favoured. 
Wolfesberger et al. [65], among others, found decreasing 
amounts of tar at higher temperatures during the gasifica-
tion of biomass in a 100 kW steam‐blown dual fluidised-
bed gasifier pilot plant. Previous studies [33, 34] also 
pointed out the important role that Tbed had on the tar 
content obtained for the MSW samples, resulting in lower 
concentrations of tars (gravimetric and collected tar) as 
Tbed increased, indicating that this gasification parameter 
was quite relevant for decreasing tar content.

These results were also corroborated by the results pre-
viously mentioned in the PCA section where collected tar 
was positively correlated to thermal power and negatively 
correlated to Tbed and Treactor. The adequacy of the PLS 
model was evaluated using the coefficient of determination 
R2 = 0.91, which reached a value of 0.80 for the valida-
tion between the experimental and the modelled results 
(Table 5).

In addition, the RMSEC was obtained in the vali-
dation samples as well as the average overall error 
(OE). For the collected tar, RMSECV = 6.62 (g/m3N) 
and average OECV = 19.8%. By applying this model 
to a new set of samples not used in the modelling, 
it was found that the average OEext = 26.2% with 
RMSEPext = 5.74 (g/m3N) (Table  5 and Table  S2, 

Supplementary Information). According to Dellave-
dova et al. [22], a good agreement between the exper-
imental and the prediction results can be achieved 
when the average OE is within ± 30%. Therefore, this 
variable, which is time consuming, could be modelled 
through this PLS model by knowing the gasification 
parameters and the biomass composition.

Compared to the literature, high coefficients of deter-
mination with R2 higher than 0.90 and 0.98 were found 
by different authors [28, 66] by using artificial networks 
ANN to predict tar from biomass gasification. Despite the 
essence of this model is the same that PLS, the ANN has 
also got limitations related to an oversimplified approach, 
where some parameters are assumed to be constant. It 
requires a very large number of samples and it has got 
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Fig. 3   PLS results for collected tar. a Factor 1 versus factor 2 
scores plot, b factor 1 versus factor 2 correlation loadings plot and c 
weighted regression coefficients plot (bars in red are statistically sig-
nificant variables)
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‘black box’ nature in comparison with other models. Other 
authors have mainly proposed models based on kinetic 
models finding overestimation of the tar content or even 
the models are not able to foresee the tar content in the 
product gas [35, 66–69]. The lack of kinetic data and 
the theoretical comprehension of the tar reaction during 
gasification point out the difficult task of modelling this 
variable. For this reason, these modelling results could be 
considered as promising for this SEG plant.

3.2.2 � Partial least square regression for methane

A total of five factors were used to model the CH4 content in 
the product gas by PLS in order to explain 96% of total vari-
ance, where the dependent variable was CH4 content and a 
total of 17 variables associated with the gasification param-
eters and the biomass feed were introduced as independent 
variables. The first factor explained 51% of total variance 
and the following factors explained 23%, 16%, 4% and 2% 
of total variance, respectively (Fig. 4a, 4b).

As mentioned in the PCA analysis, the scores plot 
between the factors 1 and 2 allowed two different groups of 
samples to be distinguished based on the type of biomass 
(Fig. 4a), as pointed out by tar content. On the lower right-
hand side of the graph, all samples from MSW biomass with 
a high ash content  constituted one group. On the left side of 
the graph, the other biomasses formed another group com-
prising SP, GS and WP. These samples were characterised 
by their high content in volatile matter, fixed C, C and H, 
and their HHV. An exception was the sample correspond-
ing to WChips with the highest moisture content and tested 
under conditions of high S/C and CaO/C, which produced 
the lowest CH4 content (see Tables 1, 2, and 4).

According to the CH4 content for the different biomass 
feed, a decreasing order was obtained for WP, MSW, SP 
and GS under similar conditions of S/C, CaO/C and Tbed 
(Table 4). MSW samples could be distinguished according 
to gasification parameters (Fig. 4a, b). In fact, thermal power 
had an opposite effect on CH4 content to that of Tbed and 
CaO/C (Fig. 4b), and the samples were located at different 

points of the graph, with those close to these variables being 
the ones with the highest values for these gasification param-
eters, as also remarked in the previous PCA analysis.

When the weighted regression coefficients that provide 
information on the most important variables affecting the 
predicted variable were plotted (Fig. 4c), it was found that 
thermal input was the variable exerting the most influence 
on CH4 production as it was positively correlated to CH4 
and negatively correlated to the CaO/C, C, H, N and HHV 
of the biomass feed. The Martens’ test allowed assessing 
which variables were statistically significant (p < 0.05) for 
beta coefficients (Fig. 4c, variables in red colour).

It was observed that thermal input, CaO/C ratio, C, H, N 
and HHV were variables statistically significant at 95% level. 
Although the most influential variable, thermal power, is a 
variable related to this particular gasification process, the CaO/C 
ratio and other variables associated with the nature of the biomass 
feed exerted influence on CH4 production (Fig. 4b). This contrasts 
with the findings of authors such as Dellavedova et al. [22] who 
studied the influence of the gasification conditions and biomass 
variables on the dependent variables such as CO, CO2, CH4 and 
H2 contents and found that although the nature of the syngas 
produced was mainly dependent on the gasification process 
(equivalent ratio (ER), steam to biomass ratio (SB), T and type of 
reactor), the biomass variables presented weak correlations with 
the syngas composition: HHV, C, particle size and O.

However, based on the findings in Fig. 4, it has been found that 
CH4 production is affected not only by the gasification variable 
but also by the nature of the biomass used. In fact, Gil et al. [20], 
among others, also concluded that gasification parameters and 
biomass type affected the gasification reaction by applying PCA 
and hierarchical cluster analysis (HCA). Mirmoshtaghi et al. [25] 
also indicated that the carbon content was a parameter influencing 
the biomass gasification process. For the CH4, it was obtained 
the best Q2 = 0.85 with an average overall error of 9.9% (Table 5) 
indicating a good agreement between the experimental and the 
predicted values. An overall error of 7.9% with a RMSEPext = 0.92 
vol % was obtained for the new set of gasification experiments 
not used in the model (Table 5; Table S2 Supplementary 
Information).

Table 5   Parameters obtained in the PLS regression model of col-
lected tar, CH4 and C2H4 as a function of the biomass properties and 
the gasification conditions (17 variables) for the calibration, cross-

validation and external validation samples (RMSEC, RMSECV and 
RMSEPext in g/m3N for the collected tar, in vol% for CH4 and C2H4 
contents; LV = latent variables)

Dependent variable Variance Calibration Cross validation External validation

LV X Y R2 RMSEC Q2 RMSECV OECV RMSEPext OEext

Collected tar
[g/m3N]

6 89 92 0.91 4.08 0.80 6.62 19.8 5.74 26.2

CH4 [vol%] 5 89 96 0.96 0.51 0.85 0.98 9.90 0.92 7.9
C2H4 [vol%] 2 72 86 0.86 0.51 0.80 0.61 18.5 0.34 16.3
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According to previous studies [33], when the main aim of 
biomass gasification is the production of synthetic biofuels 
such as CH4, an M-module of 3 (defined as the molar ratio 
(H2-CO2)/(CO + CO2)) is preferred. For the MSW samples, it 
was found that a decrease in CH4 content with increasing gas-
ification temperature was due to steam cracking and reform-
ing reactions into CO, CO2 and H2. However, temperature 
was not directly included among the most influential param-
eters on CH4 production in the modelling of this parameter; 
instead, thermal power was positively correlated to CH4. It 
is true, nonetheless, that thermal power is indirectly related 
to the gasification temperature in the gasifier shown in Fig. 1 
since an increase in thermal power (i.e. an increase in the 
biomass input into the gasifier) involves a decrease in the 
gasification temperature reached. Therefore, these statistical 

results on the concentration of CH4 confirm experimental 
results previously obtained when the reactions involved in the 
gasification process were taken into account [33].

3.2.3 � Partial least square regression for ethylene

A two-factor solution, explaining 86% of the total variance, 
was obtained to model C2H4 production by PLS regression 
modelling (Fig. 5a, b). The first factor (72% of total vari-
ance) was positively correlated to ash, S and N, and nega-
tively correlated to the volatile matter, fixed C, HHV and C, 
H and O contents of the biomass (Fig. 5b). The second factor 
(Fig. 5b) was associated with thermal input and negatively 
correlated to CaO/C, Tbed, Treactor and TFB and confirmed the 
results also shown in the PCA analysis. Similar results were 
also found by Mirmoshtaghi et al. [25], who determined 
that the C2H4 content in the product gas obtained in a CFB 
gasifier had a significant negative correlation with the load, 
heating value and H content of the biomass and a positive 
correlation with the moisture and ash content of the biomass.

When the weighted regression coefficients were 
plotted (Fig. 5c), it was observed that ethylene content 
was positively correlated to thermal power and the N, 
ash and S contents of the biomass used, and negatively 
correlated to the CaO/C and O, volatile matter, H, fixed C 
and C contents of the biomass used. These were the most 
influential variables, statistically significant at 95% level, 
for C2H4 content. As mentioned previously for CH4, these 
results also corroborated previous studies [33, 34] on the 
formation of non-condensable hydrocarbons (C2-C4) whose 
content decreased with increasing gasification temperature 
for MSW samples, highlighting the indirect relation between 
gasification temperature and thermal power obtained in 
this research. In addition, the role of CaO/C noted in these 
previous studies was also reflected in this statistical study as 
having a negative correlation on ethylene production.

There was found to be discrimination for the ethylene content 
between the different biomass samples (Fig. 5a) as a function of 
the nature of the biomass feed in the gasification process. The 
MSW samples are represented on the right side of the graph 
with high-ash content, N and Cl, whereas the remaining samples 
associated with other biomasses present high volatile matter, 
fixed C, C, H and O contents in the biomass feed, as previously 
mentioned in the section on PCA, confirming the important 
role of particular variables on C2H4 production. Based on these 
effects, the MSW samples produced higher amounts of C2H4 
compared to the other biomasses (Table 4), such as WChips and 
WP, which had the lowest concentrations. These results could 
have been predicted based on the proximate and ultimate 
analyses in Table 1 for the different biomasses according to 
results shown in PCA analysis.

Finally, a good correlation was also achieved with Q2 = 0.80 for 
validation, with RMSECV = 0.61 vol % and with an overall error of 
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18.5% (Table 5). For the new set of gasification samples not used 
in the model, the overall error for C2H4 prediction was 16.3% with 
RMSEPext = 0.34 vol % (Table 5, Table S2, Supplementary Infor-
mation), allowing modelling of the C2H4 content in the outlet gas 
always working in the same range of studied variables. For different 
biomasses and different ranges of variables, new models should be 
checked and validated. However, this first attempt seems to be quite 
promising in order to better understand the biomass gasification 
process and to model the composition of the outlet gas.

4 � Conclusions and prospects

The PCA study provided valuable information concern-
ing the relationships between the gasification parameters 
in an SEG process, the biomass feedstock used and the 

composition of the outlet gas, indicating which variables 
had the greatest effect on this composition.

It could be concluded as follows:

•	 Five factors explained most of the variance in the PCA 
analysis. From these factors, the nature of the biomass 
used had an important role in the SEG process explaining 
most of the variance in the PCA analysis (44%). The CO 
and the C2H4 contents in the outlet gas composition were 
also correlated to this factor although in an opposite way. 
Samples associated to different biomasses were classified 
into two main groups so that those biomasses with high 
volatile matter, C, fixed C, C and H (GS, WP, SP) seemed 
to promote the formation of CO whereas those with high 
ash and sulphur contents favoured the C2H4 formation as 
the case of MSW samples.

•	 In relation to gasification parameters, thermal power, 
average reactor temperature and solid bed temperature, 
as well as the CaO/C ratio were the variables affecting 
most the gas outlet composition, highlighting the impor-
tant role of the sorbent in the gas obtained for a SEG pro-
cess. An increase of these variables resulted in a decrease 
of the hydrocarbon composition of the outlet gas (CH4, 
C2H6, C3H6 and C3H8) and of the tar content.

•	 Related to the outlet gas composition, the CH4, C2H6 and 
collected tar contents were positively correlated between 
them and found to be negatively correlated to the bed 
temperature and the CaO/C ratio. C3H6 and the C3H8 
were also positively correlated and were mainly depend-
ent on thermal power and negatively associated with the 
reactor temperature. With regard to C2H4 content, it was 
mainly affected by the ultimate and proximate composi-
tion of the biomass feedstock. In fact, C2H4 content was 
enhanced for those biomasses with high ash, S and N 
contents and low volatile matter, fixed C, C, H and O.

With regard to the PLS analysis, it could be concluded 
as follows:

•	 It was possible to model the CH4 and C2H4 contents as well 
as the tar content in the outlet gas product with internal and 
external validation in the range of variables used for the model 
construction, obtaining good results with overall errors for the 
prediction between 8 and 26% for these three variables.

•	 The main gasification parameters decreasing the for-
mation of CH4 and C2H4 were the temperature and the 
CaO/C ratio for this SEG installation.

•	 The abatement of the tar content was promoted by high-
bed temperature, low thermal power and biomass with 
high-volatile matter content.

This study constitutes a first approximation to assess the 
influence of the biomass used, the gasification parameters 
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and the outlet gas composition in a SEG process by multi-
variate statistical analysis. Furthermore, these results seem 
to corroborate previous results on biomass gasification 
taking into account the different reactions involved in the 
process, where one of the most influential variables on gas 
composition and tar content was gasification temperature in 
addition to bed material.

This research has been performed and validated for this 
SEG experimental installation using CaO as a bed material 
and steam as gasification agent. The modelling is limited 
to the range of the experimental conditions shown in this 
paper and to this particular SEG process. However, these 
PLS models can be considered as an alive model so that 
they can be improved by including more experimental data 
obtained from this experimental installation, i.e. other sorb-
ents and/or gasification agents, biomasses, increasing in this 
way the accuracy of the models.

It should also be noticed that this modelling has also 
taken into account the tar content prediction, which is a vari-
able that requires more effort in sampling and analysis of dif-
ferent organic compounds. Nevertheless, and because of the 
considerable dimensions of this installation, experimental 
data are time-consuming. Thus, any progress with model-
ling, no matter how small is, will be really helpful to reduce 
the number of experiments for scaling this SEG process.
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