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Abstract

High-fidelity thermodynamic simulation software is available to perform de-

tailed simulations of power plants. However, these models depend on many

operating parameters the user must characterize to assess the power plant per-

formances. Unfortunately, most parameters are underdetermined by experi-

ence: the validation of the model using field measurements does not allow for

the complete determination of all parameters, notwithstanding the unavoid-

able uncertainties of the measurements themselves. These limitations can re-

sult in a drastic mismatch between simulated and actual performance and lead

to biased, suboptimal decision-making. To address these limitations, we per-

formed Uncertainty Quantification on key furnace heat transfer parameters to

predict the thermodynamic performance of coal-fired power plants retrofitted

to biomass (co-)firing under uncertain operating conditions. We used a high-

fidelity Thermoflex® model to simulate the thermodynamic performance of the

power plant, and we adopted Polynomial Chaos Expansion to perform Uncer-

tainty Quantification in a computationally-efficient manner. Finally, we evalu-
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ated the effect of various fractions of biomass in the fuel (from 0 to 100%) on

the performance, which provides additional information in the decision-making

process during the retrofit of the power plant. The results illustrate that the

uncertainty on the non-uniform radiant flux factor dominates the uncertainty on

the power, efficiency and flue gas temperature, meaning that efforts should aim

at reducing the epistemic uncertainty on the radiative heat flux in the boiler.

Increasing the biomass fraction results in a decrease in the gross power and

gross efficiency. The mean Furnace Exit Gas Temperature remains relatively

stable, but reaches a minimum value at 60% biomass co-firing. In conclusion,

Polynomial Chaos Expansion allows for a computationally-efficient probabilis-

tic assessment of non-validated operational conditions, such as a fuel switch,

in high-fidelity models for thermal power plants. Future work will focus on

extending the number of uncertain parameters.

Keywords: Biomass, Uncertainty Quantification, Thermodynamics, Exergy,

Retrofit, Furnace Exit Gas Temperature

1. Introduction

Currently, 202 coal-fired power plants are still operating in the European

Union. These 202 coal-fired power plants represent 461 coal-fired units or

111 GWe installed power. The average life span of a coal-fired power plant

is approximately 40 to 45 years [1]. If Europe wants to reach the self-imposed

goals of reducing their CO2 emissions by at least 55% by 2030 and achieving net

zero emissions by 2050, reducing CO2 emissions from coal-fired power plants are

necessary [2, 3]. Among others, electricity production with net zero emissions

from coal-fired power plants can be achieved by converting them to biomass

firing. In the European H2020 project Arbaheat, retrofitting a large Ultra-

SuperCritical (USC) coal-fired power plant into a biomass-fired Combined Heat

and Power (CHP) unit with an integrated steam explosion plant and a biore-

finery is studied [4, 5]. One of the main challenges is to predict the impact of

such a retrofit on the thermodynamic performances of the plant.
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A power plant is a complex system, consisting of different mass and energy

streams. To address these complex interactions, dedicated software are typically

adopted [6–8]. Thermoflex® is an engineering software package of Thermoflow®

which enables to perform static thermodynamic (energy and mass balance) sim-

ulations of power production facilities [5, 9].

Even if high-fidelity thermodynamic simulation software are available, many

operating parameters must be characterized by the user to assess the power plant

performances. Unfortunately, the values of all these parameters are underdeter-

mined by experience: the validation of the model using field measurements does

not allow for the complete determination of all parameters, notwithstanding the

unavoidable uncertainties on the measurements themselves.

Therefore, extrapolating the performances of an existing plant to other op-

erational conditions, including a fuel switch, leads to even more uncertainty on

the values of these internal parameters. They include, for instance, detailed

characteristics of specific processes, for which no experimental data is available

or difficult to acquire, e.g., the flame behaviour in the furnace. For such param-

eters, values are generally characterized by expert judgement or guessed. This

approach can lead to a mismatch between expected and actual performances. To

address this issue, these parameters can be characterized by a given uncertainty.

Defining the uncertainty on a model parameter can generally be divided into

two categories: epistemic and aleatory uncertainty [10]. Epistemic uncertainty

relates to the lack of knowledge on the parameter, which can be improved by

increasing the confidence through, e.g., enlarged data collection or using more

detailed models. Aleatory uncertainty represents the unknown evolution of the

parameter, e.g., the future evolution, and is therefore irreducible [11]. Gener-

ally, uncertainty characterization in energy systems does not distinguish between

both types of uncertainty. Instead, the parametric uncertainty is represented

using probabilistic or non-probabilistic approaches [12]. In a probabilistic ap-

proach, the uncertain parameter is characterized by a Probability Density Func-

tion (PDF). Such a PDF is typically estimated by statistical inference when a

large amount of data is available (e.g., measurement data), by expert judge-
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ment when no data is available, or by Bayesian inference when the dataset is

limited, but expert knowledge is at hand [13]. Whenever PDFs are assigned

to model parameters in energy systems, the distributions are usually assumed

to be normally or uniformly distributed [12]. Non-probabilistic approaches in-

clude interval analysis, fuzzy set theory and stochastic processes, like Markov

chains [14].

To understand the importance of uncertain input parameters on the per-

formance of the system, Uncertainty Quantification (UQ) is typically adopted.

The state-of-the-art method that propagates parameter uncertainties through

a system model and quantifies the statistical moments of the model output

is crude Monte Carlo Simulation (MCS) [15]. Despite always-converging and

easy to implement, Monte Carlo Simulation converges slowly, i.e., 103 − 104

training samples are typically required [16]. Alternatively, surrogate-assisted

UQ promises increased computational efficiency. In this approach, a surrogate

model is constructed for the input-output relation of the system model, based

on a manageable set of training samples (typically in the order of 102 sam-

ples). Hence, when computationally intensive model evaluations are considered,

surrogate-assisted UQ provides a computationally tractable alternative to, e.g.,

crude Monte Carlo Simulation [16]. Typical surrogate models include Krig-

ing [17, 18], support vector machines [19], ANalysis Of VAriance (ANOVA) [20]

and Polynomial Chaos Expansion (PCE) [16, 21]. Once the surrogate model

is constructed, PCE enables to quantify the statistical moments (i.e., mean

and standard deviation) and the sensitivity indices (i.e., Sobol’ indices) analyt-

ically through the PCE coefficients. Coppitters et al. [22] used PCE to quantify

the statistical moments on the levelized cost of hydrogen for a directly-coupled

photovoltaic-electrolyzer system and indicated that the uncertainty on the dis-

count rate and investment cost of the electrolyzer unit are the main drivers of

the uncertainty on the levelized cost of hydrogen. Rixhon et al. [23] used PCE

to quantify the Sobol’ indices on the cost of the future Belgian energy mix and

highlighted the significant importance of the uncertainty related to the cost of

electrofuels.

4



As stated above, performing detailed thermodynamic simulations of power

plants depends on a multitude of model parameters. Generally, the values of

these parameters are based on assumptions or expert judgement and considered

deterministic, i.e., fixed and free from inherent variation. Whenever parametric

uncertainties are considered, the simulation models are simplified, to reduce

the computational cost of UQ on such a system. However, simplified models

carry a significant model-form uncertainty, which reduces the fidelity of the

UQ results. Combined, these simplifications can result in a drastic mismatch

between simulated and actual performance and consequently lead to biased,

suboptimal decision-making process.

To accurately predict the performances of a plant after a biomass retrofit

while addressing these limitations, we used an existing, high-fidelity thermody-

namic model of a power plant validated for a limited share of biomass and we

characterized the uncertainty on two key parameters of the model that generally

prove difficult to extrapolate to non-validated conditions: the radiant flux past

screen factor and the non-uniform radiant flux factor, both related to the heat

transfer process in the furnace. Then we performed UQ in a computationally-

efficient manner using PCE. This novel approach allows to accurately define

the importance of the uncertainty on these parameters to the performance of

the biomass co-fired power plant. We evaluated the effect of various fractions

of biomass in the fuel (from 0 to 100%) on the performances, which provides

additional information in the decision-making process during the retrofit of the

power plant.

The studied power plant and its thermodynamic model are described in

Section 2. The studied input parameters, the probabilistic UQ method that

was used, and the selected performance indicators are defined in Section 3. The

simulations results are discussed in Section 4.
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2. Thermodynamic model of a retrofitted plant

In this section, a large-scale power plant of which the retrofit was studied

in previous works using a deterministic approach, and the resulting thermody-

namic model, are briefly described. The model will be used as a basis for this

work.

2.1. The Power Plant

The studied power plant (Figure 1)is a modern 730 MWe USC coal-fired

power plant located in the Netherlands. The power plant was commissioned in

2015 and has a net electrical efficiency of around 45%. The feedwater is pre-

heated by 5 low-pressure preheaters before going into the deaerator. After the

deaerator, the feedwater is routed, by several pumps, through 3 high-pressure

preheaters to the 1550 MWth USC boiler. The boiler consists of an economiser,

3 superheaters and 2 reheaters (Figure 2). The steam leaving the last super-

heater has a pressure of 252 bar with a temperature of 600 ◦C. The reheater

will re-increase the temperature to 620 ◦C while the remaining steam pressure

is still 61 bar. The walls of the boiler act as an evaporator1. After the boiler,

the steam drives one high, one intermediate and two double flow low pressure

steam turbines. Afterwards, the used steam arrives in one of the two water

cooled condensors.

1”Evaporator” is the customary term for the radiative heat exchanger in the furnace,

although the cycle is supercritical in this case and, therefore, does not present an evaporation

phase as such.
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Figure 1: Simplified schematic of the steam cycle. [5]

Several fans direct the combustion air over the rotating air preheater to the

boiler. Part of this combustion air will pass through the coal mills to one of the

four burners in one of the four burner rows. The flue gas passes a state-of-the-

art Flue Gas Treatment (FGT): an ElectroStatic Precipitator (ESP), a Selective

Catalytic Reduction (SCR), denitrification system (deNOx) and a wet scrubber

desulfurization system (deSOx) forced by an Induced Draught (ID) fan. Finally,

the cleaned flue gas will be released in the air through the stack [5].

Figure 2: Boiler overview: economizer (ECO), evaporator (EVAP), superheaters (SH) and

reheaters (RH).
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2.2. Thermodynamic modelling of the biomass retrofit

2.2.1. Base-case model and validation

In previous works, we developed a thermodynamic model of the plant using

Thermoflex® [5]. Thermoflex® is a state-of-the-art heat balance software fea-

turing a graphic users interface. It is the most flexible and adaptable package

of the Thermoflow® software and is a fully flexible engineering tool to model

and to simulate the thermodynamic behaviour of power production facilities

(CCGT, CFPP, nuclear, renewables, ...) by calculating the heat and mass bal-

ances. With the over two hundred different predefined components models can

be made. After composing the model, the default values of the components

can be adapt in three stages: thermodynamic mode, engineering mode and the

off-design mode. In the thermodynamic mode the model will be calculate on

thermodynamic design assumptions. In the next phase (engineering mode) the

model will be translate to physical realistic components. Afterwards the model

can be frozen in off-design mode and simulations can be performed. This heat

balance software calculates first all the pressures in the system, when an equi-

librium is reached, all the flows will be calculated followed with all the other

parameters. This simulations are static, but with the ELink application, the

model can be run quasi dynamic [9]. Based on the original diagrams, specifica-

tions and operational data, a base-case model of the plant was developed for full

load operation with coal. The base-case model has been validated against the

acceptance test results. The acceptance test is the official test performed during

the commissioning of the power plant to assess its original efficiency against the

design values. As the retrofit to biomass-firing is studied for the current state

of the plant, ageing of its components had to be taken into account in the as-

sessment of its performances. Therefore, the model was modified to the current

situation and validated against a recent performance test, for 100% coal fir-

ing. As stated above, such a conventional validation based on key performance

indicators however underdetermines the detailed parameters of the model and

requires expert judgment. The model developed and validated in [5] for coal-
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firing is used as a basis in this paper. While [5] has focused on the energetic

and exergetic impact of a retrofit from a coal fired power plant to a biomass

CHP with different loads using a deterministic approach, this paper focuses on

the impact of unknown parameters on the plant performances, because in the

previous paper shortcomings were observed on certain parameters. For the sake

of clarity the research for this paper was only done on a fuel switch without a

CHP extension.

2.2.2. Biomass co-firing test burns

Furthermore, the conversion of the plant to biomass-firing was studied in

the same work [5], through the replacement of coal by steam-exploded Arbacore

pellets (Table 1). When compared to traditional wood pellets, steam-exploded

pellets are hydrophobic, and the cellulose fibres are broken during the steam ex-

plosion process, whereby their structure becomes comparable with the structure

of coal. This increases the grindability and the volumetric and energetic density

of the biomass pellets, leading to lower requirements in terms of adaptation of

the power plant, and thus lower investment costs for a retrofit [24–26]. Nev-

ertheless, these pellets are more expensive, which results in a higher operating

cost. These higher operating costs can be partly compensated by extracting the

high valuable components (e.g., fulfural) out of the steam-explosion condensate

through a bio-refinery [27].

During the summer of 2019, steam-exploded pellet test burns have been per-

formed on the power plant. 22 mass% biomass co-firing was compared to 100%

coal-firing. Based on the performed measurements, the thermodynamic model

was adapted to be validated against partial biomass co-firing. The modification

of some parameters of the model was again carried out using expert judgment,

in order to reproduce the observed performances [5].

2.2.3. Predicting plant performances for higher biomass shares

The validated model was then used to predict the performances of the fully

converted plant into biomass firing. In this paper, this validated model will be
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Table 1: Measured composition of the Arbacore steam exploded pellets and coal.

pellets coal

parameter unit value value

Carbon mass% 53.1 62.43

Hydrogen mass% 6.05 4.03

Nitrogen mass% 0.05 1.46

Chlorine mass% 0.01 0.1

Sulfur mass% 0.02 1.23

Moisture mass% 14.5 6.31

Oxygen mass% 25.84 10.22

LHV kJ/kg 20,060 24,221

used in a deterministic way to predict the performances of the plant for higher

shares of biomass co-firing, up to complete conversion. To properly compare

the different co-firing fractions, the heat input in the boiler was kept constant.

This resulted in an increasing fuel flow with an increase in the biomass co-firing

fraction. However, the global fuel flow remained below the maximum possible

fuel flow of 100 kg/s, as described in the specifications of the power plant.

3. Performance assessment using UQ

In this paper, an UQ is used to provide a probabilistic assessment of the

performances of the plant for high shares of biomass, with a focus on furnace

heat transfer parameters. Radiative heat transfer in the furnace is indeed the

process which will be the most impacted by a fuel switch. It is also not modelled

in details in thermodynamic models: lump parameters are used to account for

uneven heat transfer distribution.

3.1. Radiative heat transfer parameters

Changing the fuel from coal to steam-exploded pellets induces unknown com-

bustion dynamic and kinetic changes in the boiler. Hence, the corresponding
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radiative and convective heat exchanges become uncertain. In Thermoflex®,

in addition to the calculation of the emissivity of the flame based on the flue

gas composition, the radiative heat transfer in the furnace is inherently defined

by two parameters that are difficult to extrapolate: the radiant flux past screen

factor and the non-uniform radiant flux factor. They are used as correction fac-

tors applied to the radiative heat transfer models implemented in Thermoflex

to account for the specific composition of various fuels. Unlike many other pa-

rameters, their values cannot be assessed based on the results of heat, mass and

species balances performed for the boiler. UQ will therefore be applied to them:

first to quantify the impact of the related uncertainties, and then to propagate

them to assess the resulting uncertainties on the predicted performances. To un-

derstand this two parameters better, it is important to know that Thermoflex®

calculates the radiative and convective heat exchanges, based on standard coal

compositions. Both parameters are correction factor for the deviation of the

standard coal compositions [28–30].

3.1.1. Radiant flux past screen

The Radiant flux past screen factor defines the fraction of radiation flux

directly transferred to the first heat exchanger that is situated downstream of

the furnace [9]. The first superheater (or parallel superheaters) is located by

Thermoflex® in the gas path following the radiant boiler. This radiation will

be considered as heat input to this component. This parameter is critical when

considering different fuels, as different fuels cause different heat flux distributions

in the furnace. Based on expert judgement, this parameter should range between

80% and 100% [9]. As an equal probability is assumed for each value in between

this range, a uniform distribution is considered to characterize the uncertainty

on the Radiant flux past screen factor. To give better insights on this parameter,

a simulation has been performed on the 100% coal model. With Radiant flux

past screen factor as only variable parameter, 80% resulted in a gross power

of 703.4 MW and a gross efficiency of 46.60% and 100% resulted in decreased

gross power and gross efficiency of 702.6 MW and 46.55%, respectively.
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3.1.2. Non-uniform radiant flux factor

The Non-uniform radiant flux factor parameter corresponds to a heat trans-

fer non-uniformity correction factor, which accounts for the non-uniform distri-

bution of the heat flux within the furnace [9]. Typically, these heat fluxes are

highest in the lower furnace region. When flowing upwards towards the furnace

exit, these fluxes diminish [9]. As changing the fuel will impact the combus-

tion dynamics, combustion kinetics and burn out of the fuel particles in the

boiler, the radiation of the burning gases and particles will vary. Based on ex-

pert judgement, this parameter should range between 70% and 100%. As an

equal probability is assumed for each value in between this range, a uniform

distribution is considered to characterize the uncertainty on the Non-uniform

radiant flux factor. For Non-uniform radiant flux factor the same simulation

as for Radiant flux past screen factor has been executed, but with Non-uniform

radiant flux factor as only variable parameter. For the gross power this resulted

in an increase from 702.2 MW to 703.5 MW and for the gross efficiency from

46.52% to 46.60%.

3.2. Polynomial Chaos Expansion

We adopted Polynomial Chaos Expansion (PCE), a probabilistic UQ ap-

proach, to propagate the probabilistic input parameter uncertainties through

the system model, quantify the statistical moments on the quantities of inter-

est, and determine the Sobol’ indices [11]. To apply PCE on the thermal power

plant model, we used the open-source Python framework RHEIA [31], devel-

oped in our research group. A PCE model (M̂) replicates the function that

represents the relation between the input parameters and the output parameter

of interest defined in the Thermoflex model (M). This PCE representation con-

sists of a truncated series of multivariate orthonormal polynomials Ψ, weighted

by coefficients u:

M̂ (ξ) =
∑

α∈Ad,p

uαΨα (ξ) ≈M (ξ) , (1)

where ξ = (ξ1, ξ2) represents the vector of the independent random parameters,

d corresponds to the number of input distributions and α is a multi-index. The
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truncation scheme limits the number of multivariate polynomials in the series

based on a limiting polynomial order p and the number of uncertain parameters

(d = 2). The multivariate polynomial order |α| is the sum of the order for each

univariate polynomial in the multivariate polynomial. Therefore, the multi-

indices that correspond to an order below or equal to the limiting order p are

stored in the truncated series Ad,p:

Ad,p =
{
α ∈ Nd : |α| ≤ p

}
. (2)

The amount of existing multi-indices that comply with this rule equals:

card
(
Ad,p

)
=

(
p+ d

p

)
=

(d+ p)!

d!p!
= P + 1. (3)

In conclusion, the PCE representation for this model reads:

M̂ (ξ1, ξ2) =
∑

α∈Ad,p

uαΨα (ξ1, ξ2) . (4)

As uniform distributions are considered, the Legendre polynomials are adopted,

as they are the associated family of polynomials that are orthogonal with re-

spect to standard uniform distributions [16]. For a maximum polynomial degree

of 3, the truncation set A2,3 contains 10 multi-indices (Equation 3). The 10 cor-

responding multivariate polynomials and the normalized Legendre polynomials

up to order 3 are presented in Table 2.

Hence, the PCE model M̂ (ξ1, ξ2) for the Thermoflex model M (ξ1, ξ2) is the

sum of all multivariate polynomials, weighted by the coefficients (after reducing

ξ1 and ξ2 to standard uniform distributions):

M̂ (ξ1, ξ2) = u0 +

√
3

3
ξ1u1 +

√
3

3
ξ2u2 + u3

√
5

5

3ξ21 − 1

2
+ u4

ξ1ξ2
3

+

u5

√
5

5

3ξ22 − 1

2
+ u6

√
7

7

5ξ31 − 3ξ1
2

+ u7ξ2
3ξ21 − 1

2
√
15

+

u8ξ1
3ξ22 − 1

2
√
15

+ u9

√
7

7

5ξ32 − 3ξ2
2

.

(5)

To quantify the coefficients (u0, . . . , u9), training samples (x(i) = (ξ1,i, ξ2,i) , i =

1, . . . , n) are required. The regression method is adopted to quantify the coeffi-

cients for the orthonormal polynomials [16]. To acquire a well-posed least-square
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Table 2: The multivariate polynomials.

Ψ α Ψα

Ψ0 (x) = 1 (0, 0) 1

Ψ1 (x) =

√
3

3
x (1, 0)

√
3

3
ξ1

Ψ2 (x) =

√
5

5

3x2 − 1

2
(0, 1)

√
3

3
ξ2

Ψ3 (x) =

√
7

7

5x3 − 3x

2
(2, 0)

√
5

5

3ξ21 − 1

2

(1, 1)
ξ1ξ2
3

(0, 2)

√
5

5

3ξ22 − 1

2

(3, 0)

√
7

7

5ξ31 − 3ξ1
2

(2, 1) ξ2
3ξ21 − 1

2
√
15

(1, 2) ξ1
3ξ22 − 1

2
√
15

(0, 3)

√
7

7

5ξ32 − 3ξ2
2

minimization, the empirical rule of thumb is to have a number of training sam-

ples equal to at least two times the number of coefficients [16]. Hence, 2 (P + 1)

samples are evaluated in the system model, and the model response for each

quantity of interest is stored. The quasi-random Sobol’ sampling technique is

adopted to generate the training samples [32]. While the basis function for the

PCE (Eq. 5) is the same, the coefficients are different for each case (i.e., different

fractions of biomass) and for each output (i.e., gross power, gross efficiency and

the Furnace Exit Gas Temperature (FEGT)).

To estimate the error of the PCE, Leave-One-Out (LOO) cross-validation

is considered. First, a PCE is constructed without the information from one

training sample x(i), i.e., M̂\i. After that, the residual error is quantified on

the sample that has been left out as the difference between the result from the
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actual modelM and the result from the PCE without information on that point

M̂\i:

∆i =M
(
x(i)

)
− M̂\i

(
x(i)

)
. (6)

This process is repeated for each sample. With 2 (P + 1) training samples, the

LOO error is the sum of the 2 (P + 1) residual errors:

ELOO =
1

2 (P + 1)

2(P+1)∑
i=1

∆2
i . (7)

However, this approach can be cumbersome as it requires constructing 2 (P + 1)

PCEs. However, the same result can be acquired from a single PCE, using

the diagonal terms hi in the least-square minimization matrix. We refer to

Sudret [16] for additional details on the algebraic derivations. Finally, the LOO

error is quantified as:

ELOO =
1

2 (P + 1)

2(P+1)∑
i=1

(
M
(
x(i)

)
− M̂

(
x(i)

)
1− hi

)
. (8)

Note that in this formulation, M̂ is constructed based on the full experimental

design (i.e., 20 training samples). The LOO error is normalized by the variance

of the model outputs.

Using the LOO error, the maximum polynomial degree for the polynomials

p was determined such that the PCE is accurate. To define the polynomial de-

gree, the polynomial degree is increased incrementally until a sufficient accuracy

is achieved [31]. Starting from p = 1, a PCE is constructed. If the LOO error

is below a certain threshold, the corresponding polynomial order is considered

sufficient to generate an accurate PCE. If not, the order is increased and addi-

tional samples are generated based on Eq. 3. In this work, a polynomial order

of 3 is required (20 training samples, Eq. 3) to result in a LOO error below 1%

for each output considered (i.e., gross power, gross efficiency and the FEGT).

Finally, the statistical moments can be derived from the PCE coefficients

analytically, i.e., no more model evaluations are required. To illustrate, the
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mean µ and standard deviation σ are derived as follows:

µ = u0, (9)

σ2 =
∑
i ̸=0

u2i . (10)

In addition, the Sobol’ indices can be quantified analytically as well. The total-

order Sobol’ indices (STi ) quantify the total impact of a stochastic input param-

eter on the performance indicator, including all interactions:

STi =
∑

α∈AT
i

u2α/
P∑
i=1

u2i ATi = {α ∈ A|αi > 0}, (11)

where A is the set of all the PCE coefficients and αi represents the coefficient

related to uncertain parameter i.

3.3. Energetic and Exergetic analysis

To evaluate the power plant performance for different fuel compositions, an

energetic and exergetic boiler analysis is adopted. In the next two paragraphs,

quantities of interest for both analyses are defined.

3.3.1. Energetic boiler efficiency

The energetic boiler efficiency ηboiler of the power plant is defined as follows:

ηboiler =
Pexchanged

Pfuel
[-], (12)

where Pexchanged corresponds to the increase in energy of the water and the steam

over the heat exchangers in the boiler. Hence, the energy exchange between the

flue gas and the water/steam cycle multiplied with water/steam flow through

the heat exchangers. Pfuel is the thermal power input for the boiler, calculated

as the product of the fuel flow rate and its Lower Heating Value (LHV).

3.3.2. Exergetic boiler efficiency

The exergetic boiler efficiency, ηψ,boiler, is defined as:

16



ηψ,boiler =
Pψ,exchanged
Pψ,fuel

[-], (13)

where Pψ,exchanged is the exchanged exergy between the flue gas and the wa-

ter/steam cycle and Pψ,fuel is the exergy input of the fuel, calculated as the

product of the fuel flow rate and its exergy content ψfuel.

The exchanged exergy between the flue gas and the water/steam cycle is

defined as the sum of the products of the water/steam flow through the heat

exchangers with the exergy, ψheat, difference of the water/steam over the heat

exchangers:

ψheat = (h− h0)− T0(s− s0) [kJ/kg], (14)

where T0, the absolute temperature is 19.4 ◦C (cooling water temperature), h

the enthalpy and s the entropy. The subscript 0 refers to environment.

The exergy content ψfuel is calculated using the correlations proposed by

Kostas [33], to calculate the ratio ϕ between the exergy content of a fuel and

its LHV:

ϕ =
ψfuel
LHV

[-]. (15)

For a dry solid fuel with an O/C ratio lower than 0.667, Kostas [33] proposed

the following correlation:

ϕdry = 1.0437 + 0.1882
mH2

mC
+ 0.061

mO2

mC
+ 0.0404

mN2

mC
[-] , (16)

where mX is the mass concentration of element X in the fuel. The following

correction is proposed to account for the moisture and sulfur contents of the

fuel when calculating its exergy content [33]:

ψfuel =
(
(LHV + 2442 w) ϕdry + 9417 mS

)
[kJ/kg], (17)

where w is the mass fraction of the moisture in the fuel (as received).
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4. Results and Discussion

In order to assess the impact of the uncertain parameters on the power plant

performance for a reference case, the UQ method is first applied to the case of

the test burn performed in 2019, i.e. for a 22% share of biomass (Subsection 4.1).

Thereafter, the impact of these uncertainties on the gross power, gross efficiency

and the Furnace Exit Gas Temperature (FEGT) is assessed for increasing shares

of biomass, up to full conversion (Subsection 4.2).

4.1. 22% biomass co-firing

20 training samples are generated on the two uncertain parameters using a

quasi-random Sobol’ sampling and evaluated in the high-fidelity Thermoflex®

model (the other parameters are considered fixed, based on the measurements

during the test burn). The deterministic response of these simulations are used

to construct the PCE surrogate model. From this PCE, the statistical mo-

ments on the gross power and efficiency are calculated. A mean gross power

of 702.0MW with a standard deviation of 0.5MW is retrieved (Figure 3). Fol-

lowing the parametric uncertainty considered, the actual performance situates

within 700.8MW and 702.9MW over a range of 3σ or a deviation of 0.39%.

However, due to the shape of the probability density functions, a performance

near 702.0 MW achieves the highest probability. The measured gross power

during the test burn (701.9 MW) situates within the uncertainty range on the

calculated gross power. The mean efficiency is 46.50% with a standard deviation

of 0.03% (Figure 3). The actual efficiency situates between 46.42% and 46.57%

over a range of 3σ. Based on the shape of the probability density functions, an

efficiency of 46.52% has the highest probability.

It can be observed that the distribution on the power is skewed after the

propagation of the uniform distributions through the model (Figure 3, top).

This follows from the non-linear interactions in the model, mainly related to

radiative heat transfer in this case. To clarify the distribution shape, 104 samples

were evaluated and their resulting power and efficiency is plotted with respect to
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the non-uniform radiant flux factor (Figure 3, middle) and the radiant flux past

screen (Figure 3, bottom). The height of the plane at each power output (resp.,

efficiency) illustrates the probability of realizing this value for the corresponding

input parameter. Hence, the peak of the distribution is located on the power

(resp., efficiency) axis where the sum of the two heights is the highest.

power [MW]
702.0

efficiency [%]

non-uniform
radiant flux

factor

radiant flux
past screen

probability
density

probability
density

Figure 3: The distributions of the gross power and gross efficiency for 22% biomass co-firing.

4.2. 0% to 100% biomass co-firing

In this section, the predicted gross power, gross efficiency and Furnace Exit

Gas Temperature (FEGT) are assessed in a probabilistic way up to full con-

version to biomass. A series of probability distribution functions are therefore

generated for each of these parameters, showing their evolution when moving

towards full conversion.
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4.2.1. Gross power and gross efficiency

Figure 4 shows the evolution of the probability densities of the gross power

and the gross efficiency of the plant for an increasing share of biomass.

power [MW]

probability
density

100%

0%

fraction biomass in fuel

100%

0%

fraction biomass in fuel

efficiency [%]

Figure 4: The distributions of the gross power (left) and gross efficiency (right) for different

biomass fractions in the fuel.

These results show that the mean gross produced power will decrease from

703.0 MW for no biomass co-firing to 693.7 MW for the full re-conversion to

biomass. The standard deviation will increase with an increasing biomass frac-

tion from 0.4 MW (only coal) to 0.8 MW (only biomass). The mean gross effi-

ciency of the power plant will decrease from 46.57% (only coal) to 45.95% (only

biomass). The related standard deviation is also increasing with an increasing

biomass fraction, from 0.03% to 0.05%. The gross power and the efficiency are

therefore both subject to an increasing uncertainty for an increasing biomass

fraction (Figure 5, middle).

This increase in the uncertainty is analysed through the evolution of the

Sobol’ indices (Figure 5, bottom). They give the contribution of each parameter

to the standard deviation. In other words, they show by how much the standard

deviation would be reduced if the parameter was perfectly known. In this case,

the uncertainty on the produced power and the efficiency is mainly due to the

uncertainty on the non-uniform flux parameter. This contribution increases

with an increasing biomass share in the fuel.

This behaviour can be explained by invoking the change in the operating

parameters of the power plant when switching to biomass. Although the fuel

energy input stays the same for all the simulations, the different characteristics
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fraction biomass in fuel [%]

Sobol'
index

standard
deviation

power
[MW]

mean
power
[MW]

Sobol'
index

standard
deviation
efficiency

[%]

mean
efficiency

[%]

radiant flux past screen

non-uniform radiant flux factor

fraction biomass in fuel [%]

radiant flux past screen

non-uniform radiant flux factor

Figure 5: The mean power and the mean efficiency both decrease when increasing the biomass

share in the fuel. The related standard deviations increase, meaning that the expected power

becomes more uncertain. The Sobol’ indices show that the uncertainty on the produced power

and the efficiency is mainly due to the uncertainty on the non-uniform flux parameter.

of biomass compared to coal lead to a decrease of the produced gross power

(Figure 4). First, the LHV of the fuel mix decreases with an increasing biomass

fraction because the LHV of coal (24,221 kJ/kg) is higher than the LHV of

biomass (20,060 kJ/kg). Second, the moisture content of the biomass (14.5%) is

higher than for coal (6.31%). Combined, the combustion of biomass generates

more flue gas than coal for a constant boiler heat input. This results in a

lower adiabatic flame temperature (Table 3) and therefore in a less radiant heat

transfer. To keep the energy input constant, the fuel flow will raise with an

increasing biomass fraction. As a consequence, reaching the nominal steam

temperature cannot be achieved without decreasing the nominal steam pressure

and steam flow rate (Table 3). This corresponds to a loss of both quantity and
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exergy content of the produced steam. As a consequence, the exergy efficiency

of the boiler itself decreases by more than 3% for full conversion, while its energy

efficiency decreases by less than 1%, see Figure 6. This loss of quality of the

energy delivered to the water/steam flow is the main reason for the decrease of

the gross power and the gross efficiency.

Table 3: Differences between pellets and coal for the main resulting parameters in the studied

case.

pellets coal

parameter unit value value

Steam Temperature ◦C 603.1 603.1

Steam pressure bara 228.9 238.4

Steam flow kg/s 514.6 539.6

Adiabatic flame temperature ◦C 1853.7 2001.8

fraction biomass in fuel [%]

efficiency
[%] energy efficiency

exergy efficiency

Figure 6: Evolution of the energy and exergy efficiency of the boiler with an increasing biomass

co-firing fraction.

Based on the Thermoflex model, the increasing standard deviation with an

increasing biomass co-firing fraction is a consequence of several reasons: com-

pared with burning coal, burning biomass will require a higher airflow rate, and

will result in a lower flue gas temperature. The biomass flow will be also higher

to reach the same energy input. As a consequence, the adiabatic flame temper-
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ature in the boiler, will be 2002 ◦C for 100% coal-firing and 1854 ◦C for 100%

biomass-firing.

4.2.2. Furnace Exit Gas Temperature

An important parameter for coal and biomass-fired power plants is the Fur-

nace Exit Gas Temperature (FEGT). The FEGT is a key performance parame-

ter of the combustion process in boilers, but very difficult to measure [34]. From

a thermodynamic point of view, a high FEGT results from a limited heat trans-

fer in the furnace and leads to a higher heat transfer in the convective passes.

However, the FEGT can also have several operational implications, e.g., the

fact that the FEGT cannot be too high to avoid the deposition of molted ash

particles on the convective heat exchangers (slagging). Therefore, any solid fuel

must be tested to measure its Ash Fusion Temperature (AFT) [35], which needs

to be compared to the FEGT. The norms to determine the AFT in reducing and

oxidizing atmosphere are ASTM D1857 and DIN 51730. The AFT of biomass

is generally lower than for coal. In general, high fusion temperatures result in

low slagging potential in dry bottom furnaces, while low fusion temperatures

are considered mandatory for wet-bottom furnaces [36].

Given the importance of this operational parameter, the UQ method is par-

ticularly interesting to apply to assess its value. Figure 7 shows the evolution

of the probability distribution of the FEGT for increasing shares of biomass.

The distribution of FEGT spreads over 20 to 40 ◦C, and the spread tends

to increase with higher shares of biomass, which would potentially decrease the

risk of slagging. The average value is however rather stable, between 1239 ◦C

and 1247 ◦C. A minimum value can be observed for a biomass co-firing of 60%.

It can be explained by two counteracting effects of biomass combustion in the

furnace. On the one hand, as explained above, the larger amount of flue gas

decreases the radiative heat transfer. But on the other hand, it also increases

the convective heat transfer in the furnace. It can therefore be concluded that

a lower risk of slagging is expected for 60% biomass co-firing fraction. This, in

turn, will decrease the need for soot blowing, leading to a decrease of auxiliary
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furnace exit gas temperature [oC]
1225 1239 1247 1269

probability
density

100%

0%

fraction biomass in fuel

mean

0.015

0.072

Figure 7: The probability distribution of the Furnace Exit Gas Temperature as a function of

the share of biomass.

power losses.

The standard deviation follows the same trend as for the gross power and

gross efficiency and increases with a increasing biomass fraction (Figure 7). The

standard deviation increases or the accuracy decreases with a increasing biomass

fraction from 6.7 ◦C to 12.2 ◦C.

5. Conclusions

In this work, UQ has been applied to a high-fidelity Thermoflex® model of

a power plant to investigate the effect of uncertainty in the boiler radiative heat

transfer parameters when converting a power plant from coal to biomass.

A significant gain in computational efficiency has been achieved by adopt-

ing PCE instead of Monte Carlo Simulation, as only 20 training samples are

required, instead of 103−5 samples, to calculate the statistical moments and

to perform a global sensitivity analysis on the quantities of interest of the

power plant. Hence, this methods allows to perform UQ on a high-fidelity

Thermoflex® model in a computationally tractable manner.

The uncertainty on the gross power and gross efficiency induced by the

uncertainty on the non-uniform radiant flux factor and the radiant flux past

screen factor is relatively small. This means that estimating the value for these
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two parameters within the ranges used in this study will not induce a significant

discrepancy between simulated and actual performances.

The uncertainty on the non-uniform radiant flux factor dominates the un-

certainty on the power, efficiency and flue gas temperature (Sobol’ indices of at

least 0.75). This contribution increases with the fraction of biomass in the fuel.

Efforts aiming at reducing the epistemic uncertainty on the radiative heat flux

in the boiler should therefore focus on this parameter.

Increasing the biomass fraction results in a decrease of the gross power and

the gross efficiency. It directly results from a lower exergy efficiency of the

boiler, where the nominal temperature cannot be reached without decreasing

the steam pressure and the steam flow rate. The related standard deviations

increase, but the uncertainty remains tolerable, even for 100% biomass firing.

The mean Furnace Exit Gas Temperature remains relatively constant, but

reaches a minimum value for 60% biomass co-firing. The related standard de-

viation also increases for higher share of biomass.

UQ proved to be an efficient method to carry out detailed thermodynamic

simulations of thermal power plants aiming at assessing their performances in a

probabilistic way for non-validated operational conditions, such as a fuel switch.

In future work, the stochastic dimension will be extended, to improve the

representation of the random operating environment of the power plant for

different fuel blends.
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