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� A data-driven modeling framework
was developed for ammonia
adsorption over a vanadium-based
SCR catalyst.

� The proposed model, based on the
Langmuir adsorption framework,
involves 5 adsorption sites.

� Model parameters, such as the
enthalpy and entropy of adsorption,
have physical significance
comparable with other studies.

� The data-driven modeling framework
maximizes the utilization of
information from experiments.

� Besides the model parameters, the
adsorption model structure is
considered as a variable which can be
optimized.
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a b s t r a c t

Ammonia adsorption is a precondition for the selective catalytic reduction (SCR) of nitrogen oxides (NOx)
to take place and it influences catalyst performance under transient conditions. For a vanadium-based
SCR catalyst NH3 adsorption takes place on multiple adsorption sites over the catalyst surface with dif-
ferent behaviours depending on temperature, gas concentration and catalyst oxidation state. In this
study, a mechanistic NH3 adsorption model within the framework of Langmuir adsorption models was
developed for describing the NH3 adsorption isotherms obtained with a gas flow reactor for a
vanadium-based SCR. The model was created by a data-driven modeling process, which involves different
steps. First, a large set of candidate models was created systematically by combining multiple feasible
adsorption mechanisms. Then, a parameter estimation workflow was performed using three different
objective functions with increased complexity. Finally, a model reconciliation step was executed and a
quality assessment was done for creating a unified robust model with a high degree of validity. As a result
of this method, an NH3 adsorption model with five adsorption sites with different mechanisms was
obtained that captures the main features from the experimental data. Furthermore, the model parame-
ters have physical significance and relate to the adsorption strength and spatial arrangement for NH3

and water molecules. The proposed model can be used in the development of transient models with
increased validity over a wide experimental region.
� 2022 The Authors. Published by Elsevier Ltd. This is an open access article under the CCBY license (http://

creativecommons.org/licenses/by/4.0/).
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1. Introduction

Sustainable transportation involves several road-maps where
multiple technologies are developed and improved towards the
reduction of the impact on the planetary boundaries of our ecosys-
tem (Gross, 2020; Teter et al., 2017). Technologies are aimed to
mitigate or remediate the impact from our anthropogenic activity
(Frey, 2018; Senecal and Leach, 2019). In that aim, the exhaust
after-treatment system used for internal combustion engine vehi-
cles reduces the air pollution by converting harmful pollutants,
such as NOx, by using multiple catalysts integrated with a sophis-
ticated control system (Nova and Tronconi, 2014; Heck et al.,
2016).

The selective catalytic reduction (SCR) catalyst plays an impor-
tant role in the emission after-treatment system by reducing NOx

to N2 in an oxidative environment. The SCR catalyst achieves this
through the use of NH3 which is supplied by an aqueous urea solu-
tion (Nova and Tronconi, 2014; Tronconi et al., 2005). Currently,
there are two main SCR technologies used in automotive applica-
tions: vanadium-based or copper-functionalized zeolite monolith
catalysts. The vanadium-based SCR catalyst offers high NOx con-
version in the temperature range from 300 to 450�C, and is robust
to chemical poisons such as sulfur and some alkali-metals (Nova
and Tronconi, 2014; Wachs and Weckhuysen, 1997). On the other
hand the vanadium-based SCR catalyst has lower NH3 storage
capacity and it is more sensitive to high temperatures compared
to the copper-functionalized zeolites (Nova et al., 2006; Wachs
andWeckhuysen, 1997). Nevertheless, the vanadium-base SCR cat-
alyst offers adequate performance, with high selectivity and pro-
longed durability if the temperature is controlled to avoid
vanadium sublimation and the urea dosing is calibrated properly.
In fact, vanadium-based SCR catalysts are essential for future emis-
sion after-treatment systems as they complement other technolo-
gies such as copper-functionalized zeolites, making the system
more robust and with a wider operating region.

New legislation on fuel efficiency and reduction of CO2 emis-
sions could lead to an increase of engine-out NOx emissions which
will increase the demand on the SCR catalyst. Dealing with this
scenario will require better understanding of the SCR catalysts,
its main features and reaction mechanisms (Tronconi et al., 2005;
Teter et al., 2017). The best strategy for establish understanding
is by the development of models that are able to capture the main
features and phenomena involved in a process. The importance of
an SCR catalyst model is evident in the emission after-treatment
system proposal for the future CARB emission legislation in Califor-
nia, where a model-based strategy for NH3 storage control is sug-
gested (Sharp et al., 2021; Zavala et al., 2020). The idea is that
the control strategy keeps track on the NH3 storage capacity and
the NH3 distribution among the different SCR catalysts in the sys-
tem by using NOx and NH3 sensors (Zavala et al., 2020).

NH3 adsorption is one of the main reaction steps for the SCR cat-
alyst since it is a prerequisite for the SCR reaction to occur. In the
SCR mechanism, NH3 activates the adsorption site to react with
NOx which is assumed to not be adsorbed or weakly adsorbed over
the catalyst surface (Tronconi et al., 2005; Topsøe, 1994). More-
over, NH3 adsorption relates to the NH3 storage capacity of the cat-
alyst which affects the transient behavior and the urea dosing
strategy in the emission after-treatment system. An accurate esti-
mation of the NH3 adsorption phenomena enables further opti-
mization of the current system to fulfill future stricter emission
legislation, reducing NH3 slip, minimizing side reactions and
improving the urea dosing control (Lietti et al., 1997; Nova and
Tronconi, 2014).

In a vanadium-based SCR catalyst, formulating a detailed intrin-
sic mechanism is a challenge due to the diversity of species over
2

the catalyst, where vanadium forms different structures with dif-
ferent behavior and interactions with the support (TiO2) and pro-
moters such as tungsten (W). Topsøe et al. proposed a reaction
cycle for a vanadium-based SCR catalyst composed of both acid
and redox reactions (Topsøe, 1994). In this mechanism, NH3 is
adsorbed on an acid Brønsted site, and reacts with NO to produce
N2 and water, thereby reducing the vanadium site which then is
regenerated by O2 in the redox cycle. Arnarsson et al. comple-
mented the previous mechanism by including the standard and
fast SCR reactions in a combined cycle (Arnarson et al., 2017).
Moreover, Lian et al. defined different cycles for monomeric and
polymeric vanadium sites, explaining the high activity of the poly-
meric form compared to the monomeric one (He et al., 2018).

There are multiple sites for NH3 adsorption in a vanadium-
based SCR catalyst. These sites can be active sites for the SCR reac-
tion or they can serve as NH3 reservoirs, not involved in the SCR
reaction. The active sites can be referred to different vanadium spe-
cies over the catalyst, while the NH3 reservoirs are the catalyst sup-
port and promoters (Wachs and Weckhuysen, 1997; Tronconi
et al., 2005; Nova et al., 2006). First principles studies, including
density functional theory (DFT) calculations, suggest that NH3

can be adsorbed on a vanadium atom in different configurations
with different bonding energies(Anstrom et al., 2002; Vittadini
et al., 2005). For instance, NH3 can adsorb on a monomeric vana-
dium species on the V-OH adjacent to the support, which is more
feasible if the monomeric vanadium is adjacent to one promoter
atom (W) (Anstrom et al., 2003; Yin et al., 1999). For the polymeric
vanadium, there are different NH3 adsorption configurations, since
adsorption can take place on one of the oxygen atoms in the struc-
ture (Acid Brønsted), or on one of the exposed vanadium atoms
(Acid Lewis) (Zhao et al., 2020; Song et al., 2018). Furthermore,
NH3 can also adsorb on the support, whereby the NH3 storage
capacity increases by interaction with adjacent vanadium atoms
(Song et al., 2020; Giraud et al., 2014).

Besides NH3, DFT simulations showed that water can also
adsorb on the catalyst surface by hydrogen bond interactions, with
lower bonding energy than NH3 (Ranea et al., 2000; Yin et al.,
1999). This results in competition for adsorption sites with NH3.
Additionally, water can also dissociates into H+ and OH� which
can activate sites for NH3 adsorption (Wahab et al., 2008; Hejduk
et al., 2010). As a result of the diversity of adsorption sites and
water dynamics, a vanadium-based SCR catalyst has a broad oper-
ating range where the NH3 storage capacity is stable.

Capturing the high diversity of NH3 adsorption sites has been
the objective of several models. The best NH3 adsorption model
in a vanadium-based catalyst used for SCR kinetics is the Temkin
adsorption model (Lietti et al., 1997). In this model, adsorption is
assumed to be non-activated (adsorption energy Ea ¼ 0) and the
desorption energy, Ed, decreases linearly with the coverage, h, i.e.
Ed ¼ Eo

dð1� ahÞ where Eo
d is the desorption energy at zero coverage

and a is an empirical parameter describing the heterogeneity of the
catalyst surface. However, the added parameter, a, does not have
physical significance (Wang and Guo, 2020). Nova et al. proposed
a modified Temkin model, where the desorption energy is
expressed by two empirical parameters (a;r) as Ed ¼ Eo

dð1� ahrÞ
(Nova et al., 2006). While, Lietti et al. developed an empirical
adsorption model assuming two adsorption sites with different
acid strength and the desorption energy expressed as
Ed ¼ Eo

d þ B tanhð�ahþ AÞ, where A;B and a are empirical parame-
ters (Lietti et al., 1997). The reviewed models assume a decrease of
adsorption energy due to the interaction of adjacent adsorbates.
However, commercial vanadium-based SCR catalysts are formu-
lated with lower vanadium concentrations, i.e. below monolayer
concentration (from 8 to 10 V/nm2), which makes the adsorbate–
adsorbate interaction unlikely (Wachs and Weckhuysen, 1997;
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Haber et al., 1986). The lower concentration aims to increase the
catalyst performance by active site – support interactions with
the lowest amount of active material for economic purposes.
Increasing the vanadium concentration (close to monolayer con-
centration) has been shown to be detrimental for NOx conversion
by previous studies (Djerad et al., 2004; Topsoe et al., 1995). Fur-
thermore, with respect to NH3 adsorption models for a
vanadium-based SCR, there are no kinetic models which describe
the effect of water and the catalyst oxidation state according to
our knowledge.

In this study an NH3 adsorption model for a vanadium-based
SCR catalyst is developed using experimental adsorption isotherm
data for a wide experimental region, considering different temper-
atures, NH3 concentrations, water concentrations and catalyst oxi-
dation states (oxidized and reduced). The present study explores a
data-driven modeling process, aimed at maximising the informa-
tion extracted from experimental data by developing computa-
tional and statistical methods that enable the evaluation of a
large model candidate set.

From the data-driven modeling process, a single model is
selected from several thousands of candidate models. The NH3

adsorption model resulting from the proposed approach involves
five adsorption sites with different adsorption mechanisms. This
model describes the water dynamics and the influence of the cat-
alyst oxidation state on the NH3 storage capacity. Moreover, the
obtained parameters from the model, DHads and DSads, have physi-
cal significance and fall within the range of values obtained from
DFT calculations.
2. Methodology

2.1. Experimental Data

Ammonia adsorption isotherms over a wide experimental
region were obtained for a state-of-the-art vanadium-based SCR
catalyst using a gas flow reactor and a data preprocessing method
developed for this study as described in our previous work (Suarez-
Corredor et al., 2021). The experimental data were obtained under
different conditions: two catalyst states (oxidized and reduced),
three water concentrations (0.0%, 0.5% and 5.0%), different temper-
atures (100 to 250�C for the oxidized sample and 100 to 400�C for
Fig. 1. Data-driven modeling framework for evaluatio

3

the reduced sample), and different NH3 gas concentrations (from 0
to 500 ppm). The acquired NH3 adsorption isotherms have features
aimed to be included in the developed model: the different water
dynamics for the oxidized and reduced catalyst, and the different
saturation levels at different temperatures which suggest multiple
adsorption sites over the catalysts.

2.2. Data-driven adsorption model

The proposed data-driven modeling framework aims for the
maximization of information extracted from experimental data
for inference about the adsorption nature in a vanadium-based
SCR catalyst. The framework involves the evaluation of different
model structures besides the parameters for the model since the
model structure is a variable that can be tuned by adsorption
mechanisms which describes the NH3 adsorption isotherms. The
modeling framework is an intensive optimization problem since
the optimal parameters are evaluated for each model structure in
a large set of adsorption model candidates. Then, the best model
is chosen among the candidates by evaluating different criteria,
such as fitting performance and low correlation between parame-
ters. Furthermore, the data was divided into two workflows based
on the catalyst oxidation state, improving the parameter estima-
tion since opposite conditions, such as the oxidized and reduced
catalyst state, could hinder the global optimum. The proposed
modeling framework and its stages are presented in Fig. 1.

2.2.1. Multi-site adsorption model
The adsorption model in this work assumes that there areM dif-

ferent types of adsorption sites where NH3 can adsorb. The total
amount of NH3 adsorbed in the catalyst is expressed as the sum
over these M sites:

qNH3
¼

XM
j¼1

Njh
NH3
j ð1Þ

Where qNH3
is the total amount of NH3 adsorbed on the catalyst in

mol NH3/gwashcoat;Nj is the amount of sites of type j in mol/gwashcoat

and hNH3
j is the NH3 coverage of the site j. Each site is assigned an

NH3 adsorption mechanism, that form the building blocks for the
global adsorption model structure for the catalyst. In this work,
n and discrimination of NH3 adsorption models.
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we considered five different adsorption mechanisms that each site
can assume as listed in Table 1. The five mechanisms capture the
possibilities how NH3 and water interact with the catalytic surface
and the transformation of sites between non-active and active state
for NH3 adsorption.

The adsorption mechanisms were motivated by the most likely
and simplest interactions between an adsorption site with NH3 and
water, which are supported by previous studies at molecular scale
(Ranea et al., 2000; Yin et al., 1999; Wahab et al., 2008; Hejduk
et al., 2010; Topsoe et al., 1995). The adsorption mechanism
include (See Table 1): Simple adsorption (A), which assumes NH3

as the only compound to be adsorbed over the adsorption site
and water does not have an effect on the NH3 storage capacity; Site
activation (B) where an adsorption site transforms into non-active
and active site for NH3 adsorption; Competitive adsorption (C),
where NH3 and water compete for adsorption sites; Water acti-
vated adsorption (D) which considers an adsorption site is acti-
vated by water and produces a single site for NH3, increasing the
overall NH3 storage capacity; and Site duplication (E), which is
similar to water activated adsorption but produces two sites for
NH3 adsorption.

The expressions for the coverage for each mechanism are
derived within the framework of the Langmuir adsorption model.
At equilibrium, the coverages can be expressed in terms of the
equilibrium constant, Kc , describing the ratio of adsorption and
desorption rate coefficients. Assuming ideal gases, the equilibrium
constant, Kc , can be converted to the dimensionless thermody-
namic equilibrium constant, K, by Eq. (2), allowing to relate the
adsorption–desorption equilibrium to the Gibbs free energy
change, DG, between the gas molecule and its adsorbed state as
shown in Eq. (3).

K ¼ Kc
RT
Pref

� �d

ð2Þ

RT lnðKÞ ¼ �DG ð3Þ
In Eq. (2) and (3), T is the temperature in K, R is the ideal gas con-
stant, Pref is the experiment total pressure (101.325 kPa), and d is
the sum of the stoichiometric coefficients for the gas phase species.
The Gibbs free energy, DG, can be expressed in terms of the adsorp-
tion enthalpy change, DHads, and the adsorption entropy change,
DSads, which leads to a relation for K as presented in Eq. (4). In that
way, DHads and DSads become parameters to be estimated in the
model evaluation process.

K ¼ exp
�DHads þ TDSads

RT

� �
ð4Þ
Table 1
Site specific adsorption mechanisms forming the building blocks of the adsorption model

Mechanism

A Simple Adsorption S

B Site Activation S

S⁄

C Competitive adsorption S

S
D Water activated adsorption S

S⁄

E Site duplication by water S

2
Note. S = Adsorption site, S⁄=Activated adsorption site. Concentration (Ci) units in mo
Subscripts: A = Ammonia, W = Water, S = Surface activation, D = Site duplication

4

Previous studies suggest that the molecular arrangement of
adsorbed NH3 and water is similar between the different adsorption
sites of a vanadium-based SCR catalyst (Yin et al., 1999; Song et al.,
2018; Ranea et al., 2000; Yin et al., 1999). This motivated to treat
DSads as a global parameter, shared between the different adsorption
sites and only specified by the type of reaction. Four different DSads
values were assigned: DSA for adsorbed NH3, DSW for adsorbed
water, DSS for site activation, and DSD for site duplication. Further-
more, the number of adsorption sites of type j;Nj, is assumed to be
different for the oxidized and reduced catalyst, defining two param-

eters as Nred
j for the total amount of sites of type j in the reduced cat-

alyst and Noxi
j , for the total amount of sites of type j in the oxidized

catalyst.

2.2.2. Model structure generator and parameter estimation workflow
In a data-driven model development workflow, different model

candidates are needed for a proper model discrimination process.
The set of model candidates should be large enough to include
the different feasible models for describing the data based on pre-
vious knowledge, but it should not be too large so it become infea-
sible by the current computing capabilities. Therefore, a model
structure generator was developed for defining the possible combi-
nations between the five adsorption mechanisms assuming the
vanadium-based SCR catalyst comprises up to six types of adsorp-
tion sites (M = 1 to 6). For instance, if there is only one type of site
(M = 1), there are 5 possible adsorption models (each having one of
the mechanisms A to E in Table 1). For M = 2, there are 15 possible
adsorption models, namely AA, AB, AC, . . ., EE (in the case where
the two sites follow the same mechanism, such as AA, the two sites
are characterized by a different set of parameters). Hence, for
M = 1, . . ., 6, and five adsorption mechanisms (r = 5), there are
461 possible models obtained from the combination arrangement
without repetition presented in Eq. (5).

CM;r ¼
M þ r � 1

r � 1

� �
¼ ðM þ r � 1Þ!

ðM � 1Þ!r! ð5Þ

Where CM;r is the number of models with up to M sites and r mech-
anisms. The parameter estimation workflowwas performed in three
steps using the three different objective functions presented in
Table 2. At each step, 50% of the model candidates were passed over
to the next step. The first step aimed for parameter initialization for
which we assigned to each mechanism a certain subset of data and
used the least square sum (LSS) function (see Table 2) as objective
function for estimating the parameters for each mechanism. This
step was repeated several times using different subsets of the data
for each mechanism. This results in over 38,000 parameter estima-
.

Coverage

+ NH3 ¢ S-NH3 h ¼ KcACA

1þ KcACA

¢ S⁄
h ¼ KcSKcACA

1þ KcS þ KcACA

+ NH3 ¢ S⁄-NH3

+ NH3 ¢ S-NH3 h ¼ KcACA

1þ KcWCW þ KcACA

+ H2O ¢ S-H2O
+ H2O ¢ S⁄

h ¼ KcWKcACACW

1þ KcWCW þ KcWKcACACW

+ NH3 ¢ S⁄-NH3

+ H2O ¢ 2S⁄
h ¼ KcDKcACACW

1þ 2KcDCW þ 2KcDKcACACW

S⁄ + 2NH3 ¢ 2S⁄-NH3

l=m3



Table 2
Error function used as objective functions in parameter estimation

Error function Nomcltr. Equation

Least square sum LSS LSS ¼ Pn
i¼1ðqmod � qexpÞ2i

Marquardt’s function MSD
MSD ¼ 1

n�p

Pn
i¼1

qexp�qmod

qexp

h i2
i

Slope Tracking ST
ST ¼ 1

n�p k
Pn

i¼1
qexp�qmodÞ½ �2i

q2
exp;i

þ ð1� kÞPm
j¼1

aexp�amodÞ½ �2j
a2
exp;j

" #
þ

ln k
Pn

i¼1
qexp�qmodÞ½ �2i

q2
exp;i

� ð1� kÞPm
j¼1

aexp�amodÞ½ �2j
a2
exp;j

" #2

; a ¼ Dq
DC jT

Note. n = Sample size, p = Number of parameters, m = Slope set size, a=Adsorption isotherm slope
k=Contribution factor, q = NH3 adsorption capacity
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tion assignments to be evaluated in the first step (See Fig. 1). In the
second step, around 19,000 parameter estimation assignments were
considered using theMarquardt’s objective function, which includes
more information in the objective function for model discrimination
since it normalizes the residual over the experimental region and
weights the sample size, n, with the number of parameters, p.
Finally, a fine tuning was performed in the third step by using the
slope tracking function (see Table 2), a custom-made function
including the slope, a, evaluated at three specific locations along
an isotherm curve. The slope tracking function includes a new
parameter, k, which aims to balance the contribution between the
normalized sum of residual (first term in the first bracket) and the
normalized sum of the slope’s difference (second term in the first
bracket). The logarithmic term added to the slope tracking function
presents a reward term for fulfilling the equal contribution con-
straint (Griva et al., 2009). Moreover, the logarithmic function
amplifies the reward effect for an objective function already close
to the optimal solution. Including this term adds additional con-
straints to the objective function, improving convergence and sepa-
rating noise from usable information in the data. In this step over
9,000 parameter estimation assignments were evaluated.

For the NH3 adsorption model development, two different
workflows were performed: one workflow for the reduced dataset
with all the NH3 adsorption isotherm data for the reduced catalyst
state, and another for the oxidized dataset, with the isotherms for
the oxidized catalyst state (See Fig. 1). Each workflow generated a
set of around 9,000 model candidates which were evaluated and
unified in the next stage of the data-driven model development
process.

2.2.3. Model discrimination and reconciliation
In this stage, the 20 best models from each parameter estima-

tion workflow were chosen for a more detailed model discrimina-
tion process. A small but representative model set facilitates the
visualization of the different criteria used in model discrimination.
First, the Akaike information criterion (AIC) presented in Eq. (6)
was used for the evaluation of the model performance. The AIC
evaluates lack-of-fit weighted by the number of parameters in
the model (Anderson and Burnham, 2004).

AIC ¼ n � log 1
n

Xn
i¼1

qexp � qmod

qexp

" #2

i

0
@

1
Aþ 2ðpþ 1Þ ð6Þ

Furthermore, an overfitting assessment was performed by the eval-
uation of the pair-wise correlation between parameters. The pair-
wise correlation was estimated using the methods for linear models
which can be extended to non-linear models since a small perturba-
tion in the parameters for estimating the Jacobian can be assumed
to have a linear behavior.

From each workflow, oxidized and reduced, the best model with
the lowest AIC value and the lowest correlation distribution
between parameters was chosen. These two models were then
5

used for building a unified adsorption model in the reconciliation
step. A unified model was created by integrating the similarities
and differences between the models. A common set of parameters
for each site type was defined for the similar adsorption site types
between the oxidized and reduced model, while a separate set of
parameters was defined for the adsorption type sites that differed
between the oxidized and reduced catalyst. The values from the
previous parameter estimation workflows were used as initial esti-
mates and the Slope tracking objective function was used for
parameter estimation. The result from this step is a unified adsorp-
tion model with an optimal set of parameters, which minimizes
the error between the model and experimental data. However,
the optimal set of parameters depends on the specific dataset
and a robust model should not be affected by the uncertaintites
on the dataset. Therefore, a cross-validation step was performed
for estimating a robust set of parameters.

A k-fold cross-validation method was used, where the full data-
set was divided randomly into k subsets equally distributed (k = 5
for this study). The model parameters were estimated k times
using the optimal set of parameters in the unified model as initial
values (Airola et al., 2011; Kuhn et al., 2013). Each time, one subset
was assigned to the validation set, and, k� 1 subsets were used for
parameter estimation. The robust set of parameters for the unified
model was estimated as the mean value of the obtained parame-
ters at each of the k steps. Then, a quality assessment for the uni-
fied model with robust parameters was performed. The quality
assessment involves the estimation of the correlation matrix and
the confidence interval for the parameters. Furthermore, lack-of-
fit indicators were evaluated such as LSS, AIC and adjusted R2.
Finally, a local residual analysis, presented in Supplementary
Material, was implemented to identify zones in the experimental
region which could benefit from an additional experimental effort.
3. Results

The best NH3 adsorption model selected from the data-driven
modeling process is a 5-site model which comprises of a single site
with a simple adsorption mechanism, three sites with a competi-
tive adsorption mechanism with water, and one site with a water
activated adsorption mechanism as outlined in Table 3. Fig. 2
shows the fitting performance of the developed model using the
parameter values listed in Table 3 (continuous lines) compared
with the experimental data (black circles).

The main features from the experimental data are properly cap-
tured: the difference in NH3 storage capacity between the reduced
and oxidized catalyst; the water dynamics for the reduced catalyst
which lowers the NH3 storage capacity; and the water dynamics of
the oxidized catalyst which increases the NH3 storage capacity at
low water concentration (0.5%) and decreases at high water con-
centration (5.0%). This dynamic is described as a significant effect
of the activated adsorption site at low water concentration



Table 3
Ammonia adsorption model mechanisms structure and parameters with confidence interval.

Sj-Nreds (mol/gwash) Sj-Noxi (mol/gwash) Mechanism DHads (kJ/mol) DSads (J/mol.K)

Site 1 3.26E-05 � 6.86E-07 2.92E-05 � 5.94E-07 A S + NH3 ¢ S-NH3 �109.91 � 7.6 �173.58 � 2.8
Site 2 2.03E-05 � 5.10E-07 4.85E-05 � 1.05E-06 C S + NH3 ¢ S-NH3 �155.25 � 1.2 �173.58 � 2.8

S + H2O ¢ S-H2O �91.73 � 1.2 �100.59 � 1.7
Site 3 2.90E-05 � 5.54E-07 2.58E-05 � 1.08E-06 C S + NH3 ¢ S-NH3 �127.98 � 9.4 �173.58 � 2.8

S + H2O ¢ S-H2O -130.08 ± 4.9 -100.59 ± 1.7
Site 4 4.29E-05 � 8.20E-07 4.18E-05 � 5.94E-07 C S + NH3 ¢ S-NH3 �95.56 � 6.3 �173.58 � 2.8

S + H2O ¢ S-H2O �49.03 � 1.0 �100.59 � 1.7
Site 5 1.89E-05 � 4.46E-07 4.80E-05 � 1.05E-06 D S + H2O ¢ S⁄ �60.96 � 2.3 �100.59 � 1.7

S⁄ + NH3 ¢ S⁄-NH3 �153.56 � 6.4 �173.58 � 2.8
Note. Sj-Nred = Adsorption sites density for site i in the reduced catalyst,
Sj-Noxi = Adsorption sites density for site i in the oxidized catalyst,
DHads = Adsorption enthalpy change, DSads = Adsorption entropy change.

Fig. 2. Ammonia adsorption model fitting performance for the experimental adsorption isotherms. Continuous line = model values. Black circles = experimental data.

Fig. 3. Amount of adsorption sites for each site type for the reduced catalyst, Nred

(blue bar), and the oxidized catalyst, Noxi (orange bar) obtained from the developed
model.
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(0.5%), while at higher water concentration (5.0%) competitive
adsorption becomes more relevant and reduces the total amount
of NH3 adsorbed. Another feature captured by the model is the dif-
ferent saturation levels at different temperatures which indicates
multiple adsorption sites over the catalyst. Furthermore, the model
fitting does not deviate from the experimental data over the exper-
imental region, validating the wide application range of the devel-
oped model. The highest deviations were presented at low NH3

concentrations and low temperatures without water, and at high
NH3 concentrations and low temperature with high water concen-
tration (5.0%). Nevertheless, these deviations do not affect the
overall fitting performance and the description of the main fea-
tures in the experimental data.

In the model, the significance of the sites is indicated by the site
density parameter for each site listed in Table 3. For the reduced
catalyst the most important sites are: site 4 with a competitive
adsorption mechanism followed by site 1 with a simple adsorption
mechanism. On the other hand, for the oxidized catalyst, the most
significant sites are site 2 with a competitive adsorption mecha-
nism and site 5 with a water activated adsorption mechanism,
which is not relevant for the reduced catalyst. Furthermore, sites
1, 3 and 4 have similar parameter values for the reduced and oxi-
6

dized catalyst, indicating that these sites are not affected by the
catalyst oxidation state in contrast to sites 2 and 5. Fig. 3 summa-
rizes the difference in the adsorption sites between the oxidized
and reduced catalyst state.
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The adsorption enthalpies, DHads, for NH3 and water for each
site are presented in Table 3. The NH3 adsorption enthalpy varies
from �95 to �155 kJ/mol, and the water adsorption enthalpy
ranges from �49 to �130 kJ/mol. For most of the sites, water
adsorption has a lower enthalpy than NH3 in agreement with pre-
vious studies (Yin et al., 1999; Song et al., 2018; Ranea et al., 2000;
Yin et al., 1999). However for site 3, the adsorption enthalpies for
NH3 and water have similar values, �127 and �130 kJ/mol, respec-
tively. This suggests an adsorption configuration with similar
bonding strength which is not the case for adsorption over a
Brønsted or Lewis acid site for which NH3 is a stronger base than
water.

The enthalpies obtained for the NH3 adsorption model are
within the range of values reported for vanadium and titanium
oxide clusters obtained in DFT studies. Fig. 4 shows the adsorption
enthalpy from the DFT studies together with the parameters
obtained in this work. The adsorption enthalpy from the DFT stud-
ies has a wide range since vanadium has different structures in the
catalyst surface interacting with the support or promoters. The
NH3 enthalpy values for titanium oxide clusters have lower spread
than the values for vanadium, but the water enthalpy values show
more variation since water dissociates over vanadium and tita-
nium oxides. The obtained values from the model are within the
Fig. 4. Adsorption enthalpy, DHads , comparison between DFT studies for vanadium and
2014; Vittadini et al., 2005; Ranea et al., 2000; Hejduk et al., 2010; Wahab et al., 2008;

Fig. 5. Normalized 95% confidence interval for the model parameters (the dimen
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expected range compared to the DFT simulations increasing the
validity and physical significance of the model.

With respect to the adsorption entropy, DSads, only two global
variables were required by the model: DSA with a value of �173
J/mol.K for NH3, and DSW with a value of �100 J/mol.K for water.
For verification, the transition-state theory was used to estimate
the limiting values for the adsorption entropy by treating NH3

and H2O as a two-dimensional adsorbed molecule and as a com-
pletely localized species (See supplementary material). The
obtained values for the model are within the range of these
extreme cases. These values suggest that NH3 adsorption is highly
localized, with the NH3 molecule losing most of its degrees of free-
dom while for water adsorption, the water molecule keeps some
mobility over the catalytic surface which is believed to be relevant
for activating sites for NH3 adsorption.

The confidence intervals (a=0.95) for the model parameters are
small as presented in Fig. 5. The normalized confidence interval for
each parameter is less than 5% in most of the cases while for the
adsorption enthalpy, DH, on sites 1, 3 and 4 it can reach around
7% of the optimum value. Nevertheless, these parameters are still
significant and the intersection between the different confidence
intervals is minimal.
titanium clusters, and the obtained values from the proposed model (Giraud et al.,
Yin et al., 1999).

sional confidence interval is divided by the actual value of each parameter).



Fig. 6. Correlation matrix for the selected NH3 adsorption model.
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Fig. 6 shows the correlation matrix for evaluating the parameter
interaction for the selected NH3 adsorption model. Each cell in the
correlation matrix evaluates the interaction between each pair-
wise parameter combination from �1 to 1. The correlation values
can be related to the microscopic behavior of the catalyst for mak-
ing inferences. High correlations are expected since the proposed
NH3 adsorption model is highly non-linear but values closer to
the limit, �1 or 1, should be analyzed individually since they can
be a sign of model overfitting. Overfitting is reduced by selecting
a model with fewer parameters.

For the selected NH3 adsorption model, correlation values are
low for most of the pair-wise combinations; the few high values
(around 0:80-0:96) do not represent overfitting since the confi-
dence intervals for the parameters are small. Nevertheless, they
revealed expected interactions in a non-linear model. For instance,
NH3 adsorption entropy, DSA (second last row in Fig. 6), has a high
correlation with all the NH3 adsorption enthalpies, and water
adsorption entropy, DSW (last row in Fig. 6), has a high correlation
with all the water adsorption enthalpies. This is expected due to
the relationship between DS and DH when estimating the dimen-
sionless thermodynamic equilibrium constant, K, see Eq. (4).

In the case of the amount of adsorption sites in the catalyst, a
high negative correlation is observed between sites 5 and 2
(�0:89 for the oxidized catalyst and �0:62 for the reduced cata-
lyst). The high negative correlation implies that a positive change
in one of the parameters corresponds to a negative change of the
other one in order to preserve the model behavior. Therefore, an
increase of type 2 adsorption sites with a competitive adsorption
mechanism, reduces the adsorption of type 5 sites with the water
activated adsorption mechanism. Furthermore, a high negative
correlation is identified between the sites 3 and 2 (�0:91 for
the oxidized catalyst and �0:59 for the reduced catalyst). Both
sites have a competitive adsorption mechanism but with different
adsorption enthalpies. The high correlation is observed for the
oxidized catalyst at low temperatures (100-250�C), where both
8

sites have a similar effect over the NH3 coverage. However, for
the reduced catalyst, there is a wider experimental temperature
range, where these sites can be differentiated. Likewise, there is
a high correlation between the amounts of adsorption sites 5
and 3 (0:95 for the oxidized catalyst and 0:71 for the reduced cat-
alyst), justified by the interplay between a site with a competitive
adsorption mechanism and a site with water activated adsorption
mechanism and their opposite outputs on the NH3 storage capac-
ity. This is explained by dynamic interactions between vanadium
species and neighboring species such as the support or the pro-
moters. For site 3 and 5, if the amount of one site is increased
(competitive adsorption), it will increase the amount of neighbor-
ing species as well (activated adsorption). This effect on the
amount of sites keeps the catalyst adsorption nature captured
by the model.

In the case of adsorption enthalpies, DH, a negative high corre-
lation is detected between the NH3 adsorption enthalpy in site 5,
and the water enthalpy of the same site (�0:81). For site 5 water
is required to activate the site for NH3 adsorption. Therefore, as
the water adsorption enthalpy is reduced, less sites will be acti-
vated by water and the NH3 adsorption enthalpy would increase
to compensate and achieve the same NH3 coverage magnitude.
Stronger interactions with NH3 occur as a result of the increase
of available space over the adsorption site since water molecules
bind more weakly. Moreover, sites 2 and 4 are highly correlated
for the NH3 and water adsorption enthalpy (0:83 and 0:87 respec-
tively). The high correlation is explained by the same mechanism
in site 2 and 4 where NH3 is strongly adsorbed compared to water.
The sites could be related to similar species over the catalyst inter-
acting with the support. As a consequence of the similar nature, an
increase in the adsorption strength in one of the sites, will increase
the same parameter at the other site. Finally, all NH3 adsorption
enthalpies are positively correlated between each other with val-
ues ranging from 0:84 to 0:96. This reflects the complexity over
the catalyst surface where all the adsorption sites have an impor-
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tant influence in the total NH3 adsorbed. The different NH3 adsorp-
tion enthalpies are close between each other, making the site dif-
ferentiation a challenge if not enough diverse information is
provided by the experimental data resulting in high correlations
and wide confidence intervals as presented in Fig. 5.
4. Discussion

The data-driven modeling process proposed in this study
involves the evaluation of a large set of candidate models that were
generated systematically by combining the adsorption site types
assumed on the catalyst and a feasible set of adsorption mecha-
nisms aimed to describe the main features of the experimental
data. Moreover, the parameter estimation was performed with
multiple initial values to avoid local optima, and the data was dis-
tributed among the site types to obtain a fast initial solution which
was fine tuned at later stages. As a result, around 38,000 parameter
estimation assignments were evaluated in the first step of the
parameter estimation workflow. Then, 50% of the best solutions
were chosen for the second step (over 19,000) using a different
objective function. Finally, half of the best solutions (approx.
9,000) were selected for the third parameter estimation step using
the slope tracking objective function developed for this study.

The fitting performance evolution for each workflow, reduced
and oxidized, in the different parameter estimations steps is pre-
sented in Fig. 7. Each parameter estimation assignment is a point
in the figure where the Akaike information criterion was calculated
as a reference for model discrimination. The red points represent
the solutions that were selected for the next step. Even though only
50% of the candidates were chosen for the next step, it is noticed
that the selected model set was representative since most of the
assumed site types (1 to 6) were included.

The high spread of the AIC value as an indicator of fitting perfor-
mance in all the three steps confirms the highly non-linear nature
of the NH3 adsorption model and the challenge on avoiding local
minima solutions. This supports the need to create a large candi-
Fig. 7. Fitting performance of the three parameter estimation steps, evaluated by the AIC
row) catalyst state. Points represent parameter estimation assignments. Red points are
magnified view for the best models region.
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date set and multiple initialization states for reaching a global min-
ima and maximizing the usable information from data. Each step
contributes on improving the fitting performance and the effect
is substantial for the oxidized workflow, where the best models
had an AIC value around �3,500 in the first step and in the last step
the AIC value for the best models is approx. �10,000. On the other
hand, for the reduced workflow, the fitting improvement is smaller
evolving from an AIC of �2,000 in the first step to �5,550 in the
third step. The difference in magnitude could be explained as the
differences in the reduced and oxidized dataset size (n = 875
and n = 960 respectively) and the smaller NH3 adsorption values
for the reduced state catalyst compared to the oxidized one. As
the NH3 adsorption values are smaller, the deterministic fraction
attempted to be described by the model and the fitting perfor-
mance are reduced. However, the AIC change in the third step
shows the higher impact due to the slope tracking objective func-
tion, which has additional constraints improving convergence, spe-
cially when the experimental region is broad.

Another relevant aspect from Fig. 7 is the differentiation of a set
of model candidates from the second step, with better AIC values
than the rest of models. This is the result of achieving global
optima solutions for different model structures, which is one of
the main purposes of parameter estimation. In the last step, the
20 best models were chosen (red points in the third column of
Fig. 7). By magnifying the scale as displayed in panel a) and panel
b), a 5-site adsorption model has the best fitting performance for
the reduced and oxidized workflow, followed by a 6-site adsorp-
tion model. The AIC difference between the first and second best
model is around 20 for the reduced workflow and around 23 for
the oxidized workflow. Based on the heuristics provided for the
AIC method for model discrimination, a difference larger than 10
makes the second best model not significant (Anderson and
Burnham, 2004). This supports that increasing the number of site
types to 6 will not improve the fitting performance, with an unsta-
ble behavior due to overfitting. Moreover, the AIC value favours
indicator (columns) for the workflow of the reduced (top row) and oxidized (bottom
the solutions used in the next step. Panel a) and b) in the third column show a



Table 4
Fitting performance summary for the 20 best models in the oxidized and reduced workflow, by the least square sum (LSS), the Akaike information criterion (AIC) and Marquardt
objective function.
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models with fewer parameters if they provide adequate fitting
performance.

For a detailed model discrimination, the 20 best models for each
workflow are summarized in Table 4. The AIC indicator shows sim-
ilar behavior as the least square sum values, but the AIC provides
better resolution for model discrimination and penalizes model
complexity. The three objective functions, LSS, AIC and the Mar-
quardt objective function, determine the same best model, but
the model ranking is different for the Marquardt objective function
compared to the AIC and LSS model rankings. This shows how the
number of parameters, p, and the sample size, n, are used different
in each function affecting the results on model discrimination.
Fig. 8. Pair-wise parameter correlation distribution for the
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Regarding the number of parameters, p, the best model for the
oxidized and reduced workflow has 20 parameters. Another model
with more parameters was also among the 20 best models, with
lower fitting performance. This confirms that the selected models
do not have overfitting issues, and the model discrimination bal-
ances fitting performance and model complexity. Additionally,
the correlation matrix was calculated for all the candidates and
the distribution of all pair-wise correlation values for the reduced
and oxidized workflow is presented in Fig. 8.

The model with the best fitting performance with no overfitting
has low values (close to zero) on the pair-wise parameter correla-
tions. However, some high values are expected since the adsorp-
tion model is non-linear and some parameters are inherently
20 best models in the oxidized and reduced workflow.



Fig. 9. Cross-validation results with the parameter variation at each scenario. The red line in each bar represents the mean value used as the final value for the unified robust
model. A standard normalization presents the deviations in terms of the standard deviation (r).
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correlated (DH and DS, see Eq. (4)). For the reduced and oxidized
workflow, model 1 is one of the models with the lowest variance
value of the correlation distribution. Even though for the oxidized
workflow, model 7 and 19 may have more narrow correlation dis-
tribution compared to model 1, the fitting performance is the main
indicator for model discrimination. From the model discrimination
process, a 5-site adsorption model was chosen from the reduced
workflow. This involves 3 sites with the NH3 simple adsorption
mechanism and 2 sites with the competitive adsorption mecha-
nism. From the oxidized workflow, a 5-site adsorption model
was selected, which includes 2 sites with an NH3 simple adsorption
mechanism, 2 sites with a competitive adsorption mechanism and
one site with the water activated adsorption mechanism.

In the reconciliation step, a unified adsorption model is built by
identifying the similarities from the two models obtained in the
oxidized and reduced dataset workflow. The following similarities
were identified: an adsorption site with the NH3 simple adsorption
mechanism and similar adsorption enthalpies. Furthermore, simi-
lar NH3 adsorption enthalpies were found for one site with com-
petitive adsorption in the reduced workflow model and one site
with simple adsorption in the oxidized workflow model; as well
as for two sites with simple adsorption in the reduced workflow
model and two sites with competitive adsorption in the oxidized
workflow model. For all these cases, the competitive adsorption
mechanism was selected in the unified model since it captures
the interactions with water.

Additionally, for the reduced workflow model, a site with com-
petitive adsorption has similar adsorption enthalpies as the site
with the water activated mechanism in the oxidized workflow
model. Here, the water activated adsorption mechanism is chosen
for the unified model since it is the only mechanism which
describes NH3 storage enhancement due to water. As a result of
this rationale, the reconciliation step generated the chosen NH3

adsorption model described earlier.
The distribution of the cross-validation scenarios is presented in

Fig. 9. The box plot for each parameter shows the mean and stan-
dard deviation from the k-fold cross-validation, normalized by the
parameter value of the original model obtained from optimizing
the experimental data in the reconciliation step. The mean value
is presented as the red line from each bar in the box plot. The mean
value is calculated from the different values obtained from the
cross-validation scenarios and they are used as the final values
for the unified robust model. The spread of the values from the
cross-validation scenarios are expressed by the bar size, its whis-
kers and the outliers (plotted with the ’+’ symbol). The parameters
11
for the unified robust model are modified by less than 0:5 standard
deviations (r) with respect to the optimal model determined for
the specific experimental data. As a result, the unified model from
the cross-validation step provides a robust description accounting
for data uncertainties while not changing the physical significance
and interpretation of the optimal parameters obtained in the pre-
vious steps.

5. Conclusions

A 5-site NH3 adsorption model for a vanadium-based SCR cata-
lyst was developed by the use of a new data-driven modeling pro-
cess using experimental adsorption isotherms data from a gas flow
reactor setup. The adsorption isotherms were obtained at different
temperatures, NH3 concentrations, water concentrations and cata-
lyst oxidation states. The model, developed within the Langmuir
adsorption framework, consists of one site with simple NH3

adsorption, three sites with competitive adsorption with water
and one site with a water activated adsorption mechanism. As a
result, the model captures the main features of the experimental
adsorption isotherms: the different NH3 storage capacities
between the reduced and oxidized catalyst, the diverse saturation
levels with temperature, and the water dynamics that reduces the
NH3 storage capacity due to competitive adsorption but can
increase the capacity in the oxidized catalyst at low water concen-
trations (0.5%) as a result of site activation with water.

The model parameters include the adsorption enthalpy, DHads,
and the adsorption entropy, DSads. They have physical significance
since they are related to the molecule bonding strength with the
catalytic surface and its spatial arrangement. The values for the
adsorption enthalpy suggest that NH3 and water adsorb on differ-
ent adsorption sites over the catalytic surface with different
strength. Moreover, water adsorbs weaker than NH3 since it is a
weaker base interacting with acidic adsorption sites (Brønsted
and Lewis). However, for one of the sites the adsorption enthalpy
between NH3 and water has similar values which suggests another
type of interaction. The NH3 adsorption enthalpy ranges from �95
kJ/mol to �155 kJ/mol while the water adsorption enthalpy ranges
from �49 kJ/mol to �130 kJ/mol which agrees with values
reported from previous studies at molecular level.

The adsorption entropy indicates that the NH3 adsorption is
highly localized, with the molecule losing most of its degrees of
freedom. On the other hand, water is a more mobile molecule over
the catalyst surface with a more dynamic behavior that involves
adsorption, dissociation, and activation. The five adsorption sites



A.F. Suarez-Corredor, Matthäus U. Bäbler, L. Olsson et al. Chemical Engineering Science 262 (2022) 117975
have different behavior based on the catalyst oxidation state. Three
adsorption sites are not affected by reduction (performed with NH3

at high temperature, see previous work (Suarez-Corredor et al.,
2021)) while for two sites, the NH3 storage capacity increased con-
siderably when oxidized. This indicates the presence of multiple
adsorption sites where some of them do not need to be involved
in the SCR reaction mechanism but serve as sites for NH3 storage
or buffer. Furthermore, it also suggests that NH3 adsorbs also on
the support and the different vanadium structures present over
the catalytic surface experience different affinities towards reduc-
tion by NH3. From the correlation matrix analysis, interaction
between the sites was identified as a result of the interplay
between the support, promoters and the vanadium structures over
the catalytic surface.

The proposed data-driven method aims to maximize the utilisa-
tion of information from experimental data. This was achieved by
considering the model structure as a variable prone to optimize
and generating a set of models to be evaluated. The set of model
candidates was generated systematically by combining feasible
adsorption mechanisms with the assumed number of site types
in the catalyst. A large set of candidates guarantees that suitable
models are not neglected. Furthermore, a global optimum for all
model candidates was achieved by a sequential parameter estima-
tion workflow using different objective functions with increased
complexity, improving convergence and fitting performance.
Finally, the quality assessment based on different indicators and
procedures, such as cross-validation, exemplifies the model valid-
ity and robustness.
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