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30 Abstract

32 This study provides a simple model for biomass char yield obtained under conditions
34 relevant for suspension firing. Using the multivariate data analysis methods, principal
36 component analysis (PCA) and partial least squares regression (PLS regression), an
38 equation is presented, which predict the char yield for wood and herbaceous biomass.
40 The model parameters are heating rate (0.1-12 -103 K/s), average particle size (0.13-
0.93 mm), maximum temperature (873-1673 K), potassium content (from 0.02 wt%
43 db and upwards), and char yield (1-15 wt% daf). The model is developed based on
45 wood biomass data and subsequently expanded to include straw and other herbaceous
47 biomass. It is validated against experimental data from the literature and in general
49 it exhibits the same characteristics. Independent data sets of wood are predicted with
51 an average error (RMSEP) of 0.9 wt%point daf, and straw with an RMSEP = 0.9 wt%
53 daf for the model, when a slope/intercept correction is applied, or RMSEP = 1.1 wt%
daf otherwise. To include herbaceous biomass, the model introduces a potassium cut

off level at 0.53wt%db, because the catalytic effect of potassium on the devolatilization
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process levels off above this concentration. The model consists of one equation, making
implementation into CFD and devolatilization models possible without adding to the

computational costs.

1 Introduction

The increased awareness of climate change has resulted in a demand for a more sustainable
power and heat production. One possible option is suspension firing of biomass, which is
often economically advantageous, because biomass particles can be utilized in existing boil-
ers originally constructed for coal combustion. Combustion of single particles, regardless of
whether it is coal or biomass, in suspension fired boilers includes devolatilization followed by
volatile and char combustion. The combustion of the released volatiles happens relatively
fast within the visual flame, while the char combustion is a more time consuming process.!»?
Consequently, it is important to know the fractions of volatiles and char for prediction of the
burnout of the fuel. The volatile and char fractions are also often used as input parameters
in combustion models.? Differences between coal and biomass particles include e.g. particle
size, chemical composition, and volatile fraction;® which influence the obtainable char yield.
Since so many parameters influence the process, char yield fractions are often determined
experimentally for each individual fuel batch, but this is time-consuming and laborious un-

der suspension firing conditions.

Several experimental studies”'? have investigated how typical suspension fired conditions
influence the char yield of different types of biomass. Typical condition for suspension firing
include high heating rates (> 1000 K/s), high final temperatures (> 1000 K), and small par-
ticles (< 3 mm). For fully devolatilized wood particles char yields in the range 1-15 wt% dry
ash free basis (daf) have been observed.”® Experimental results obtained under suspension
firing conditions have shown that particle size,”® final temperature,”%!% heating rate,®

£ 78,12

and alkali conten influence the obtained char yield. Higher values for both particle size

2
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and potassium content result in a higher char yield for suspension firing conditions. For an
increase in particle size the tendency is weak,® whereas the potassium content shows a strong
correlation to char yield up to approximately 0.5 wt% db of the biomass.® Values above 0.5
wt% db seem not to change the char yield further. An increase in final temperature and/or

heating rate yields an exponentially decreasing correlation with char yield.®

In this study, the influence of different experimental and material parameters on biomass
char yield has been examined through multivariate data analysis. The use of multivariate
data analysis to determine biomass thermal conversion properties is limited, but a few ex-
amples have been found in literature. Acquah et al.'® have made a chemometric analysis for
predicting the results of thermogravimetric analysis (TGA) experiments, Kim et al.'* used
principal component analysis (PCA) to study biomass properties after exposure to CO,, and

.15 and Mancini

wood pellet properties have been studied using PCA by both Toscano et a
et al.'® To the knowledge of the authors, no papers predicting the char yield of high heating
rate experiments with the help of multivariate data analysis have been published. Neves et
al.'” made an empirical model for char yield obtained from devolatilization at final temper-

atures up to 1273 K and heating rates in the order 1-100 K/s. Trubetskaya et al.’® made a

one dimensional kinetic model of the char yield, fitting a set of differential equations.

This paper has two main purposes. First, it presents an exploratory investigation into
data from devolatilization of biomass under suspension firing conditions using the key in-
put parameters; particle size, final temperature, heating rate, and potassium content. This
investigation is conducted through a principal component analysis (PCA). Subsequently, a
model using aforementioned data to predict char yield is presented. The prediction model is
calculated using partial least squares regression (PLS). The model is interpreted; evaluating
the importance of the input parameters in a quantifiable way. The prediction model is sim-

ple, so it can be implemented into more complicated models and CFD simulations without

3
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adding substantial computational time.

2 Method

Chemometrics is the subject of extracting information from chemical measurements with a
statistical approach. Commonly used methods within chemometrics are PCA and PLS. 192!
In depth descriptions of PCA and PLS is beyond the scope of this paper, but can be found
in the literature.'®2* The PCA and PLS models presented here are made in PLS Toolbox
version 8.1.1, Matlab version 9.3.0 (R2017b). The data have been extracted from the relevant

papers using WebPlotDigitizer version 4.1.

2.1 Definitions of Parameters used for Model Development

The input parameters to the models are particle size, final temperature, heating rate, and
potassium content, as they affect char yield from high heating rate biomass devolatiliza-
tion.®17 In the scope of this paper particle size is defined as the average between the upper
and the lower sieve sizes used for determination of biomass particle size. The sieve size
average is used because it is frequently available and for simplicity. As biomass can vary
in size and shape, more complicated measures exist.?” Final temperature is the final or
maximum temperature of the applied reactor. Heating rate can be obtained, e.g., via a
thermocouple in a wire mesh reactor. Otherwise the heating rate is estimated as described in
supplementary material. The potassium content is here defined as the potassium content
in wt% dry basis (db) of the original biomass. In papers where the potassium content is not
published it is estimated as described in the supplementary material. The Char yield is

defined as the percentage of ash free char from a dry ash free biomass sample.

4
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2.2 Selection of Data Applicable for Model Development

The interest of this study is the final char yield after suspension firing, hence only data for
fully devolatilized particles have been used both for model development and model evalua-
tion. The data set used for developing the model is obtained in a wire mesh reactor (WMR)

1.819 and will be referred to

and a drop tube reactor (DTR), originates from Trubetskaya et a
as the calibration set. Any data, which fulfills the requirements indicated below will be used
for independent validation of the model, and is referred to as the validation set. The papers
used for validation are given in table 2. The data have been obtained in EFRs and DTRs
as noted in the table. Particles were considered to have obtained full devolatilization if a
paper showed consistent results for particle yield fractions over time and/or the residence
time was long compared to the particle size.® Data which describe the char yield for fully

26-32

devolatilized particles are scarce in literature, and papers, which do not provide data on

3334 where

fully devolatilized particles have been omitted from the study. Likewise, papers,
the experimental conditions are outside the parameter intervals for the calibration data set,
are also omitted from this study. The parameter intervals are given in table 1 for woody

3536 obtained from reactor types (e.g. fluid bed

biomasses. Furthermore, char yield data
reactors), where particle and operating conditions are vastly different from suspension firing

conditions, may not be comparable and have been disregarded.

As the amount of published data describing char yield for non-wood biomass is limited,
the presented model is developed based on wood biomass only. Considerations regarding
expansion of the model to include herbaceous biomass char yield is presented in section 3.5
and 3.6. The parameter spans valid for the herbaceous char yield model are identical to the
ones presented in table 1, except the potassium content, which has no upper limit for the

herbaceous model.

3
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Table 1: Parameter span for which the model for wood biomass is made. The full data
set containing 37 data points from Trubetskaya et al.®!? can be seen in the supplementary
material. The herbaceous biomass model use the same parameter spans except for the
potassium content, where there is no upper limit; see section 3.6. * Estimated value as
described in the supplementary material.

Parameter min max
Size |mm]| 0.13  0.93
Final Temperature [K] 873 1673
Heating rate [10° K/s|] 0.10  12%
K content [wt% db] 0.02 0.37

Table 2: Data used for model evaluation. Only data for fully devolatilized particles are taken
from the cited papers. Data above the dashed line are from wood biomass experiments.
Data below the dashed line are from herbaceous material. * Estimated value as described
in supplementary material. HR — Heating rate. # — Number of data points. EFR —
Entrained flow reactor. DTR = Drop tube reactor. Potassium levels in herbaceous material
is accounted for in section 3.6. Typical potassium levels in Cynara Cardunculus (used by

Jiménez et al.?") is studied by Solano et al.?® and the potassium content is taken from the
latter.
Paper Reactor Part. size Final Temp. HR K content #
|mm] K] [10° K/s [wt%db]
A Chen et al.?” DTR 0.35 1073 2.4% 0.05%* 1
B Dall'Oraet al.” EFR 0.30 1273-1573 4.6-11%  0.03-0.1 4
C Septien et al.® DTR 0.36-0.82 1273-1673 1.2-8.1% 0.08-0.09 6
D Zhangetal.!’ DTR 0.25 1273 12% 0.03* 1
"E Jiménez et al.’” EFR 035 1 1073-1448 10 ~0.53% . 4

2.3 Preprocessing

Preprocessing is performed to develop a robust model. The parameters have been prepro-
cessed individually to ensure linearity between parameters and char yield, as PLS is a linear
regression method. The reader is referred to figure 2-4+6 in the paper® where the cali-
bration set is originally presented for documentation of the correlations between the four
independent parameters and char yield. For particle size the correlation seems linear, so
no individual preprocessing method is applied here. Final temperature and heating rate

show an exponentially decreasing correlation to char yield. It is, however, possible that it

6
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can be approximated by a linear correlation in the parameter span relevant for suspension
firing. Both a logarithmic and no individual preprocessing (linear correlation) are tested
as possibilities. The potassium content seems to have a linear correlation to char yield
until approximate 0.5 wt% db,® above which the effect of the potassium levels off. As the
latter is only relevant for non-woody biomass, since no woody samples had potassium levels
above 0.5 wt% db, no preprocessing of the potassium content parameter has been tested.
An overview of the combinations in which the preprocessings have been tested is presented
in table 3. The data is collected in two matrices; X containing values for the independent

variables, and Y containing the dependent char yield values.

All parameters in the presented model have additionally been scaled to account for unit
variance, to ensure that parameters contribute numerically equal regardless of the unit in

which they have been measured.

2.4 Cross Validation

The cross validation performed in this study is based on the random subset method, be-
cause the information, regarding duplicates and chronology of experiments in the papers®!°
containing the data used for the calibration set, is scarce. The random subset method is
described by Dubitzky et al.*® and ensures that the entire parameter span is used for cross
validation. In this paper the cross validation is made with six splits and six iterations, i.e.
each subset consists of approximately 17 % of the data set. The cross validation is per-
formed at least ten times for all models described in table 3. The explained variances in Y
and RMSECYV values are averages of the performed cross validations. The calibration set
contains two different types of woody biomass, pine and beech. A common cross validation
approach is to remove one type of biomass to see if the remaining biomass type would give
similar results. In this case, however, it could lead to dubious results, due to the differences
in char yield values. In other words, as the two biomass types are primarily producing two

7
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different ranges of char yield values, using one type to predict the other would require an

extrapolation of the model, which is undesirable.

3 Results

3.1 Principal Component Analysis

A PCA reveals systematic behavior in a data set. Ideally the data should be normally
distribution, but even when this is not the case PCA can reveal some systematic behavior
in a data set. In this case only the first two principal components (PCs) are deemed of
interest, so only these are shown in figure 1. The loading plots for figure 1 can be seen in
supplementary material. In the direction of the first PC there is a separation of the data
points into biomass type. Within each biomass type there is also a correlation to char yield
in the direction of the first PC. In the direction of the second PC the scattering due to
differences in char yield is more pronounced. Since the data show systematic behavior with

respect to char yield in the PCA, a PLS model is developed.

3.2 Partial Least Squares Regression Model

The PLS model is developed to be able to predict the char yield of woody biomasses and
thereby also the volatile yields. The preprocessing methods described in section 2.3 have

been tested in different combinations reported in table 3.

8
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Table 3: Overview of tested PLS models for wood biomass. All models are made with one
PLS component. ExpVarY and RMSECV are average values of at least ten cross validation
runs. ExpVarY = Explained variance in Y, F'T = final temperature, HR = heating rate,
KC = potassium content, CY = char yield. x = parameter is included. - = parameter not

included directly as input parameter.

Model Size FT HR KC CY ExpVarY RMSECV
# [%] [wt%points daf]
1 X X X X X 72.9 1.6

2 X X log(x) x X 81.8 1.3

3 X log(x) log(x) x X 81.7 14

4 X X log(x) x log(x) 81.5 1.1

5 X log(x) log(x) x log(x) 81.3 1.1

6 - X X X X 77.6 1.5

7 - X log(x) x X 88.6 1.1

8 - X X X log(x) 80.5 14

9 - X log(x) x log(x) 86.5 1.0

10 - log(x) log(x) x log(x) 86.5 1.0

11 - log(x) log(x) x X 88.8 1.1

Based on the RMSECV and explained variance in Y, the most well-performing models
are number 7, 9, 10, and 11. As previously noted a logarithmic correlation is likely between
the final temperature and the char yield, hence model 10 and 11 are preferred over model 7
and 9. All graphs presented in the paper have been inspected for both model 10 and 11, but
as they are qualitatively similar; only one set will be presented. Since the RMSECV (and
RMSEP given in section 3.4) are lower for model 10 it will be preferred. As stated in table
3 the size parameter is not included in model 10, and in general when the size parameter is
included the regression models seem to predict the char yield less accurately than when it
is omitted. This will be discussed in the subsequent section 4. One PLS component is used
for prediction in all the PLS models reported here. Various plots were inspected for outlier

detection, but none have been found. An example of hotelling T? vs Q residuals is presented

in the supplementary material.
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PLS on Woody Biomass
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Figure 2: PLS plot of model 10 for the wood biomass calibration set.

In figure 2 the cross validated predicted char yields have been plotted as a function of
the measured char yield for model 10. The figure shows good agreement between the two,
and the model has RMSECV = 1.0 wt%point and 72 = 0.87. The model is condensed to
a regression vector, which is given both for the preprocessed data and for the raw data in

table 4.

Table 4: Regression vectors for model 10.

Parameter Reg. vec. Reg. vec.
(Preprocessed) (Raw data)

Intercept 0 3.4370

log(FT) -0.4521 -0.6598

log(HR) -0.6850 -0.2130

K content 0.5713 0.6852

The char yield can be predicted for new data, by converting the regression vector values
back to the values, they would have without the preprocessing. Thus the char yield from

wood devolatilization can be predicted for new data from equation (1).

CY = 103.4370+0.6852-K070.6598-log(FT)70.2130-l0g(HR) (1)
wood —

Here C'Y00q is the char yield in wt%daf, KC is the potassium content in wt%db, FT is the

final temperature in K, and HR is the heating rate in K/s.

11
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3.3 General Tendencies

The general tendencies predicted by the model can be seen in figure 3a through 3c. In figure
3a it can be seen that the char yield decreases for increasing final temperature. In figure
3b it can be seen that the char yield decreases rapidly with increasing heating rate in the
lower end of the heating rate range and that the changes are leveling out for higher values
of the heating rate. Both figure 3a and 3b show an exponential correlation between heating
rate, final temperature, and char yield. Figure 3c shows that the char yield increases as a
function of increasing potassium concentrations in the biomass. All these findings are in
good agreement with the experimental observations made by Dall’Ora et al.,” Trubetskaya

et al.,® and Septien et al.®
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3.4 Model Validation with External Data

The model has been validated with data from external experimental studies given in table 2.

The predicted and measured char yield values for the external data is depicted in figure 4.

Validation Data for PLS

=
[&)]

A val A

_-| A valB

A valC

L7 A valD

-7 —X=y
----Best Fit

=
o
\
\

pt

Predicted Char Yield [wt%daf]

0 5 10 15
Measured Char Yield [wt%daf]

Figure 4: PLS plot for model 10 for the validation data given in supplementary material.
Best fit line is for the validation data. Val A from Dall’Ora et al.,” Val B from Septien et
al.,? val C from Chen et al.,?” and Val D from Zhang et al.!'’ The validation data are only
in the lower end of the char yield range. The axes values are the same as in figure 2 for
comparability.

The figure shows predicted vs. measured char yield for the validation data. There are
limited data available for external validation, but in general the data are predicted well.
More data, especially in the upper char yield range, would be preferable in order to evaluate
this part of the model as well. The root mean squared error of prediction (RMSEP) is 0.9
wt%points for the external data. I.e., the average error for predicted biomass char yield for
the completely independent data sets is &= 0.9 wt% points which is low and similar to the

RMSECYV value of 1.0 wt%points, indicating that the model is robust.

3.5 Predicting Char Yield of Straw

Straw is also a commonly used biomass fuel in suspension fired boilers. Trubetskaya et
al.®!% have conducted experiments with wheat straw, but no additional wheat straw data

obtained under suspension firing conditions applicable as validation data have been found.
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Consequently, a model for straw char yield has been developed by making a slope/intercept
correction to the wood biomass model. An advantage of this approach is that the model is
modified to give the best possible fit for the data, so biomass samples which are very similar
are predicted well. Another advantage is that the slope/intercept is unbiased in determining
the communal importance of the input parameters. A disadvantage of the slope/intercept
is that it is not applicable for data which is different from the data used to modify the
model. The following model is hence only valid for straw/herbaceous material which have
the same characteristics as the wheat straw given in supplementary material. The predicted
vs. measured wheat straw char yield can be seen in figure 5. It can be seen that the
data are approximately linear, which strengthens the validity of expanding the model by a
slope/intercept correction. Slope/intercept corrections are a standard procedure described

both in academia?! and industry.*? A more generally applicable model is presented in section

3.6.

Application of PLS on Straw

ﬁ v ——-Best Fit

/
%5 50 V/
9 /
] /
z VA% .
5 v V Original
Q V4 v S/
Z B/ V SN>15%
[ 1
g 25 , v x=y
ie]
9
o
°
e
a

o

o

25 50
Measured Char Yield [wt%daf]

Figure 5: Predicted vs. measured char yield for model 10 in |[wt%daf]| for straw data by
Trubetskaya et al.®'° both for the original and the slope/intercept corrected model. The
measured char yield data above 15 wt% daf are colored a darker orange to indicate which
predicted values are found by extrapolation of the model. S/I = slope/intercept corrected
model. The dashed best fit line is for the original model. The slope intercept corrected
model has been corrected to have the best fit as the y=x line. Straw data is given in the
supplementary material.

The slope/intercept correction is further supported by the results in figure 6a and 6b,
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which show PCA plots for the original calibration set together with validation data and
straw data. Since the validation data for wood are occupying the same space in the PCA
vector space as the calibration set, it is plausible that the prediction model is applicable also
for the validation set, which is in good agreement with the results observed in section 3.4.
The straw data are located away from the calibration set in the PCA plot, so applying the
char yield model for wood directly as presented in equation (1) is not likely to yield useful
results. The differences in locations in the PCA plots are primarily attributable to the
potassium content being higher for straw. However, it is worth noticing that the tendency
with respect to char yield in the PCA vector space is the same for straw and woody data,
so a slope/intercept corrected model is appropriate. Since some of the char yields for the
straw exceed the maximum char yield in the calibration set, these data points have been
excluded before making the slope/intercept correction. They are removed because having to
extrapolate a PLS model is generally not advisable. As can be seen in figure 5 the removed
straw data are approximately located on a straight line with the same slope as the remaining
straw data, so the changes obtained by removing them are minor. A comparison of the model
statistics with and without char yield data above 15 wt% daf and the original straw data
can be seen in table 5. The expression for straw char yield can be seen in equation (2).
The equation has not been validated against an external validation set and should thus be
used more cautiously than the model for wood biomass, especially if the potassium content

is vastly different in the sample one wants to predict the char yield of.

10(3.4370+0.6852-KCfO.6598-log(FT)70.2130-log(HR)) —10.6603

Y. raw — 2
C¥se 1.4963 2)

Here CY4q0 is the char yield in wt%daf, KC' is the potassium content in wt%db, F'T is the

final temperature in K, and HR is the heating rate in K/s.
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Figure 6: The validation data and straw data incorporated into the PCA first introduced in
figure 1a.
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Table 5: Model statistics for the PLS model for the cross validated calibration set for woody
biomass, the validation data for woody biomass, and the straw data. The original straw

model (Model 10) has been reported as well as slope/intercept corrected data with and
without char yield data above 15 wt%daf. * RMSECV. ** RMSEP.

Included Data RMSE r’
[wt%points daf]
Woody cross validated calibration Data, Model 10 1.0* 0.87
Woody validation Data, Model 10 0.9%* 0.45
Straw, Model 10 19.8%* 0.82
Straw, Model 10 (S/I) 1.8%* 0.82
Straw, Model 10 (S/I), yield < 15 wt% daf 0.9%* 0.93

3.6 Predicting Char Yield of Herbaceous Material

Straw is not the only herbaceous material used for suspension firing and a more broadly
applicable char yield model would be advantageous. A possible way of modifying the model
for wood presented in equation (1) in order to include additional biomass species is to deter-
mine the potassium concentration at which the catalytic effect of this compound levels off.
An advantage of this approach is a more versatile model, but it comes at the cost of lower
model accuracy. The cut off level for the effect of potassium is here determined from the
wheat straw experimental data by Trubetskaya et al.,®!% and the cut off level is then tested
for other herbaceous material experimental data by Trubetskaya et al.®!® and independent

data by Jiménez et al.’”

As previously mentioned, the linear correlation observed in the experimental data between
char yield and potassium content levels off around 0.5 wt%db, so the 1.1 wt%db reported
for the straw in the experiments used for model generation will likely cause an overshoot in
the prediction of the char yield, if the wood model were used. However, if the wood model
is used with a correction in potassium content, some of the differences between wood and
herbaceous biomass can be highlighted. To determine the concentration, where the effect

of potassium levels off, the RMSEP for the straw is used as an optimization parameter;
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the lower the RMSEP, the better. For the given straw data the potassium content, which
yields the lowest squared error (RMSEP) between measured and predicted straw char yield,
is 0.53wt%db. So for biomass with a potassium content above 0.53 wt%db the input to the
model in equation (1) should be fixed at 0.53 wt%db. Figure 7 depicts the predicted vs.
measured straw char yield, if one uses the wood biomass model with the real straw potas-
sium content and with a potassium content of maximum 0.53 wt%db. This indicates that the
major differences in biomass char yield for wood and straw is due to the catalytic effects of
potassium in the devolatilization process. This is further strengthened when the cut off value
of 0.53 wt%db is used for other herbaceous biomass, as shown in figure 8. Using the same
cut off value of 0.53 wt%db on different herbaceous biomass types shows that the change
in potassium content accounts for the majority of the difference in char yield between wood
and herbaceous material in general, but the potassium content cut off value of 0.53 wt%db
is not equally good for all biomass types. RMSEP values and 72 values for the herbaceous

biomass can be seen in table 6.

Effect of straw KC=0.53%

%‘ /
8 30 A
: »
5 / Y Wood Model
220 ¢ v V KC=0.53%
= VW v ——-Best Fit
5 /) — BestFit
S0t/ —Xx=y
2 v
g
o

0

0 10 20 30

Measured Char Yield [wt%daf]

Figure 7: Predicted vs. measured char yield for model 10 in [wt%daf] for the original straw
data by Trubetskaya et al.®!? and for the wood model with a cut off value of KC = 0.53
wt%db. KC = potassium content.
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Herbaceous Material KC < 0.53%
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Figure 8: Predicted vs. measured char yield for model 10 in [wt%daf] for leached wheat
straw, rice husk, alfalfa, and wheat straw. The two latter have a cut off value of KC = 0.53
wt%db. The leached wheat straw has KC = 0.13 wt%db. Rice husk KC = 0.25 wt% db. Val
E — validation data from Jiménez et al.?” from Cynara Cardunculus thistle with a cut off
value of KC=0.53 wt%db. KC = potassium content. Best fitted lines for all biomass types
can be seen in their respective colors.

Table 6: Model statistics for herbaceous biomass with a cut off value for potassium of
0.53wt%db in model 10. The cut off value for potassium has been determined by determining
the minimal possible RMSEP for the straw data, all data points included. Validation data
are below dashed line.

Biomass Type RMSEP r’
[wt%points daf]
Wheat Straw 1.6 0.82
Wheat Straw, yield < 15 wt% daf 1.1 0.93
Leached Wheat Straw 1.4 0.70
Alfalfa 2.2 0.95
Rice husk 2.7 0.86
Thistle (ValE) ¢ 23 0.01
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4 Discussion

The model is generally good at predicting char yield from woody biomass from both the
calibration data set and from externally sourced data with RMSECV = 1.0 wt%point and
RMSEP = 0.9 wt%point, respectively. Model validity is further supported by the PCA,
which shows that the char yield is correlated to one or more parameters in the data set.
Expansion of the model to include wheat straw, by a slope/intercept correction, also yields
good modeled results; RMSEP = 0.9 wt%point for straw with a char yield below 15 wt%dalf.
The model is further expanded to include different herbaceous biomass of higher potassium
contents. For the versatile model, the RMSEP = 1.1 wt%daf for straw with a char yield

below 15 wt%daf.

An advantage of developing a model using chemometrics is the prevention of bias in the
selection of which parameters should have the most influence in the model, namely false as-
sumptions about how the parameters influence the char yield and which physical phenomena
are more important. Parameters are only excluded from the developed model if they do not
enhance the prediction accuracy of the desired dependent parameter, specifically the char

yield.

In this study, the particle size is excluded as input parameter to the model in the devel-
opment process, because inclusion decreases the model accuracy. This can be observed by
comparing the model statistics for models 1-5 with the ones for models 6-11 in table 3, where
the RMSECV and the explained variance in Y both increase when the size is excluded. It is
possible that the reduction to a simple mean sieve size is too crude an estimate for a biomass
particle distribution, as biomass particle sizes are generally difficult to determine.?> Even
when the size parameter is omitted it is still implicit in the model as the size affects the

wood particle heating rate.
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The heating rate can be difficult to determine accurately. In a WMR, which was used
to generate most of the calibration set data,® the heating rate can be controlled, but in other
reactor types it must be estimated, as seen in the supplementary material. In the present
work, a simple model is utilized to estimate particle heating rates, based on the assumption
that the calculated heating rate for an isothermal particle is a reasonable approximation of
the heating rate in the real particle. The larger the particle, the worse the assumption with
respect to isothermicity. The assumption is justifiable, because the model yields consistent

results both through the cross and external validation.

The potassium cut off value of 0.53 wt%db for biomass is useful in expanding the model
to include more biomass types. It is, however, also an additional parameter, which has been
fitted, and which requires validation. The cut off value results in RMSEP — 2.2 wt%daf for
alfalfa and RMSEP = 2.3 wt%daf for thistle, which is comparable to the RMSEP values
for the herbaceous biomass with lower potassium levels. The accuracy of the model should
be considered taking into account that the char yield is usually otherwise determined by
proximate analysis, which overestimates the char yield for suspension firing conditions more

than is the case for the model presented here.

For all models presented in this paper there is a tendency that the char yield is slightly
overpredicted for low char yields and underpredicted for high char yields as indicated by the
best fit lines in figures 2, 4, 7, and 8. This indicates that the model does not account for
extreme values very well and that the PLS models do not account for all variations in the
data sets. One possibility of enhancing prediction would be to develop PLS models with
a higher number of input parameters, which would also allow for a higher number of PLS
components in the model development phase. A disadvantage in using more input param-
eters is that usefulness of the model diminishes if complicated measurements are necessary

to determine the char yield. For the purpose of presenting a simple model for biomass char
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yield as an input parameter to more complicated devolatilization models/CFD, the current

compromise between complexity and accuracy has been deemed sufficient.

The model is limited by the uncertainties related to measurements in the original data, which
was reported to have a measurement error of £ 5 wt% within a 90 % confidence interval. For
a char yield of 10 wt%daf, this corresponds to a char yield of 10 + 0.5 wt%daf. This should
be compared to an RMSEP = 0.9 wt%points. The average error made by the prediction
model is just shy of twice the error reported for the calibration set data, which is considered
as being reasonable taking the number of parameters and data points into account. Espe-

cially considering the difficulty of determining uncertainties in high heating rate experiments.

It is possible to increase the quality of the model by conducting additional devolatiliza-
tion experiments in EFRs and WMRs. This should be done primarily to explore the design
space more systematically, but also to increase the amount of experimental data. In the
design space covered by the experiments for the calibration set, the input parameters are
correlated to the degree seen in the correlation coefficient chart in figure 9. The chart
gives the correlation (negative or positive) between the input parameter values chosen in
the experiments. The higher the absolute value in the coefficient chart, the more the two
parameters are correlated in the conducted experiments. It is advantageous not to have a
high correlation between parameters in order to be able to determine the effects of the indi-
vidual parameters. Despite being generally good, the chart still suggests that variations in
the particle size have not been tested equally for the two wood types, which would have been
optimal. The correlation between heating rate and final temperature might be more difficult
to separate as they are physically linked, but more WMR experiments could decouple these

two parameters.
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log(HR) | log(FT)

log(HR)

log(FT)

Figure 9: Correlation coefficient chart for the parameters used to obtain the calibration set
of wood biomass data.

5 Conclusion

Often a proximate analysis is used to determine the char yield for a biomass sample, however,
for suspension firing combustion conditions with high heating rates and high final temper-
atures the char yields are lower. The models presented in this paper can be used to more

accurate estimations of char yield under suspension firing conditions.

Through PCA and PLS experimental char yield data from woody biomass particles have
been used to develop a simple model for predicting the char yield of woody biomass with
an RMSECV = 1.0 wt%daf. The input parameters for the model are final temperature,
heating rate, and potassium content. Validation of the model has been carried out using
experimental data from four different studies, which gave an RMSEP = 0.9 wt%daf. The
model has been expanded to include wheat straw by applying a slope/intercept correction,

which yielded an RMSEP = 0.9 wt%daf. At a slight cost in model accuracy the model is
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further expanded to include all herbaceous biomass. This gives RMSEP — 1.1 wt% daf for
straw, and slightly higher RMSEP values for other herbaceous biomass. The expansion is
conducted by determining the potassium content, where the catalytic effects of potassium
on the devolatilization process levels off. The value is determined to be 0.53 wt%db. Thus

the char yield of biomass can be determined from equation (1) repeated below.

3.4370+0.6852- KC'—0.6598-log(F'1T)—0.2130-log(HR
10Mmass

Here CYiiomass 18 the char yield in wt%daf, F'T is the final temperature in K, HR is the
heating rate in K/s, KC is the potassium content in wt%db, if KC > 0.53 wt%db then

KC = 0.53 in the above equation. The model is relevant for suspension firing conditions.
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daf
db
DTF
FT
HR
KC
LV
PC
PCA
PLS
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Computational Fluid Dynamics
Char Yield

dry ash free base

dry base

Drop Tube Funrnace

Final Temperature

Heating Rate

Potassium content

Latent Variables

Principal Component
Principal Component Analysis

Partial Least Squares regression

RMSE Root Mean Squared Error

TGA Thermogravimetric Analysis

WMR Wire Mesh Reactor

wt

weight

Greek Characters

€

I

p

o

emissivity coefficient
dynamic viscosity
density

Stefan-Boltzmann constant

Roman Characters

G
D

specific heat capacity
diameter
gravity acceleration constant

convective heat transfer coeflicient
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1

2

z k thermal conductivity [J/(sm-K)|
Z n number of datapoints

; Nu  Nusselt Number

?0 Pr  Prandtl Number

:; Re  Reynolds Number

12 T Temperature K]
1 2 v velocity [m /s
17 y measured char yield value for experiment i [wt%]
18

;g 7 predicted char yield value for experiment i [wt %]
;; X Matrix of independent parameters

;i Y Matrix of dependent parameters
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;? Sub- and Superscripts

28 .

29 P particle

2(1) CV  Cross Validation

gg end final or maximum value of e.g. the temperature

34

35 g gas

36 . .

37 i index number

38 .. ...

39 ini initial value

40 S

a1 P Prediction
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