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Abstract
Internal combustion engines will have an important role towards sustainable
transportation at least in the medium term. New emission legislation is aiming
to a further decrease on pollutants and an increase of fuel efficiency. The
latter could increase NOx emissions which will require more understanding of
the features and reaction mechanisms for Selective catalytic reduction (SCR)
catalysts used in the emission after-treatment system for NOx reduction.

In a vanadium-based SCR catalyst, NH3 adsorption is one of the main steps
in the SCR reaction mechanism affecting catalyst performance under transient
conditions depending on temperature, gas concentration and vanadium oxi-
dation state. Thus, modelling of NH3 adsorption for industrial application is
a challenge as it demands precision, accuracy and robustness required by the
new legislation. Therefore, new experimental methods and modeling strate-
gies are needed to capture valuable information and maximize data utilisation
from experiments.
In this thesis, a new experimental and data pre-processing method was de-

veloped using a gas flow reactor for obtaining NH3 adsorption isotherms over
a wide experimental region suitable for modeling purposes. Then, an NH3
adsorption model is proposed by a data-drive modeling process. First, a large
set of candidate models was generated based on an array of feasible adsorption
mechanisms. Then, parameter estimation was performed using different ob-
jective functions with increased complexity improving convergence. Finally, a
robust model was achieved by a cross-validation and quality assessment step.
As a result, the best selected model for NH3 adsorption over a vanadium-

based SCR catalyst involves five adsorption sites: one site with a simple NH3
adsorption mechanism, three sites with a competitive adsorption mechanism
and one site with a water activated adsorption mechanism. The model can
describe two phenomena impacting NH3 storage: surface water dynamics, ad-
sorption or dissociation, and vanadium oxidation states. Moreover, model pa-
rameters show physical significance related to studies at molecular level. The
proposed experimental and modeling method will prove useful in developing
complex kinetic models with increased validity and extended application.

Keywords: Vanadium-SCR, kinetic modeling, parameter estimation, NH3
adsorption.
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Overview

1





CHAPTER 1

Preface

1.1 A sustainability standing

Sustainable development is defined as development that "meets the needs of
the present without compromising the ability of future generations to meet
their own" [1]. Therefore, sustainable transportation involves the implementa-
tion of this concept using technology, policies, and new social and economical
constructs. However, a single path towards sustainable transportation is im-
possible since the utilisation of technology and science depends on the values,
moral, and ethical standing we have as a society.
The utilisation of technology and a sustainability road-map is case specific,

but the responsibility as researchers lies on the supply of facts, solutions and
tools for the society to develop and also to make informed decisions. The
transportation sector as a result of its diversity and relevance, is full of so-
lutions and sustainability road-maps which can be contradictory sometimes.
However, all of these solutions and road-maps have in common an anthro-
pocentric view on the environment, since they see the Earth and its resources
as a service provider for our fulfilment. Some services we get from the ecosys-
tem are illustrated in Fig. 1.1.
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Chapter 1 Preface

Figure 1.1: Ecosystem services. Taken from [2]
.

Legislation on transportation has mostly been focused on emission reduc-
tion, since it has a global effect with massive impacts. However, air pollu-
tion only involves few services we get from the ecosystem such as air qual-
ity and non-renewable sources while neglecting other relevant ecosystem ser-
vices. Moreover, in the fast large scale implementation of new technologies
like electric vehicles, there is remediation on air quality, with immediate pos-
itive health effects, but there is no guarantee on an improvement of other
ecosystem services, and some others are heavily deteriorated.
This uncertainty calls for the development and improvement of all the avail-

able technologies, including the internal combustion engine platform which
will require the integration with mitigation and remediation strategies to re-
duce the overall impact on the environment and to amend the damage already
done, while keeping our economical and social structures.
One of the pillars for environmental impact mitigation is the use of emission
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1.2 A new approach for kinetic modeling

after-treatment systems where different catalysts are integrated in a sophisti-
cated control system for minimizing harmful emissions. These after-treatment
systems are transforming in a very dynamic and fast pace since new legislation
towards tighter emissions is being introduced and reducing CO2 emissions by
fuel efficiency can increase other pollutants such as NOx. Therefore, research
on understanding the catalysts involved in the after-treatment system, spe-
cially the Selective catalytic reduction (SCR) catalyst, by the development of
mechanistic models plays an important role in a sustainable transportation
road-map where the internal combustion engine is still relevant.

1.2 A new approach for kinetic modeling
A kinetic modeling process involves multiple steps starting from the exper-
imental design, parameter estimation and model validation, and ending in
model deployment, where the model is used for what the modeling process it
was intended. Most of the times this is a continuous, dynamic and ceaseless
process, where the model evolves at each iteration. All of these steps require a
multidisciplinary approach, and expert knowledge about catalyst and statis-
tics, and well-defined expectations on the obtained model. A model is the
utmost result of the scientific method, since it is a form of a highly complex
hypothesis illustrated quantitatively and with physical significance when the
model is mechanistic.
Kinetic modeling is usually focused on the parameter estimation process,

where the optimal set of parameters is found for an assumed model structure
by using an objective function. The model structure is taken from previous
studies but most of the times there is no comprehensive model discrimination
process. Models, as hypothesis, need to be evaluated among a defined set of
candidates, so the best one can be selected by statistical criteria. The selection
of a single model or small set of model candidates, is a big assumption on
model development which is done frequently.

On the other side, the creation of feasible model structures involves exper-
tise, and some imagination and inspiration. As Karl Popper stated, models
are "the free creation of our minds, the result of an almost poetic intuition"
[3]. Therefore, even if model specification can be conceptually hard, and some-
times subjective, it can benefit from the current advances on data science and
computational tools.
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Furthermore, complex models and high-throughput model discrimination
require experimental data with high diversity. This involves exploding exper-
imental regions for capturing relevant features. The experimental data need
to be free from systematic artifacts which are present in real experimental
setups. These artifacts have a significant effect on models since they provide
wrong information for the inferences on the model and they add additional
noise in the data which makes convergence harder in a non-linear model.
The expectation on the kinetic modeling process relies on finding a model

which can approximate the data and can be generalized with available theo-
ries. This is a challenge, since it involves the relationship between phenomena
at molecular level and the observations captured at a macroscopic level. As
a result, an optimal compromise in the simplification of reality is needed for
achieving understanding of the dominant features of the catalytic system with
some error tolerances. Future work is certainly required for emission after-
treatment systems to bring the new advances in computational tools and data
science for closing the gap between the massive amount of information at
molecular level and the model development process, bringing science utilisa-
tion.

1.3 Objectives
The objective of this thesis is to investigate and develop new experimental
methods on gas flow reactors used in automotive emission after-treatment sys-
tems, for the development of kinetic mechanistic models in a data-driven mod-
eling process. The development of an NH3 adsorption model for a vanadium-
based SCR catalyst was obtained by the development of an NH3 adsorption
experimental plan, a data pre-processing method for the characterization of
the gas flow reactor, the quantification of artifacts, and a data-driven model-
ing process, where multiple adsorption model candidates were evaluated by a
systematic process with some advances on data science and statistical meth-
ods.
In Paper A an experimental method for obtaining NH3 adsorption data us-

ing a gas flow and a data pre-processing method for obtaining high resolution
adsorption isotherms over a wide experimental region and from different sam-
ples is developed. The data processing method involves the characterization
of the gas flow reactor by using a Residence Time distribution (RTD) model,
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1.4 Thesis outline

and the identification of systematic artifacts. This results in high resolution,
repeatable data suitable for modeling purposes.
Then, in Paper B, a data-driven modeling process is developed involving

multiple features. First a model structure generator was developed for creat-
ing multiple feasible model candidates by assuming the number of adsorption
sites over a catalyst and assigning an adsorption mechanism from a previously
defined database. Then, a sequential process with different objective functions
for parameter estimation is proposed, which helps finding the optimal set of
parameters by controlled and constrained steps. Finally, a cross-validation
method is performed for obtaining robust parameters, and a quality assess-
ment is implemented for evaluating the model in terms of fitting performance
and overfitting.
This thesis aims to propose a systematic method for efficient model develop-

ment for emission after-treatment catalysts, through the design of experiments
maximizing the amount of usable information and by the selection of the best
model with the use of computational tools, statistical methods and new data
science techniques.

1.4 Thesis outline
The outline of this thesis is as follows:

• Chapter 2 provides a background about the relevance of this project
in the transportation sector, its relation with current and future legisla-
tion and the benefits on improving the after-treatment system. It also
provides an overview about the vanadium-based SCR catalyst with the
current proposed reaction mechanisms and kinetic models as well as the
results from different experiments and DFT computations at molecular
level. Finally, it provides a introduction on adsorption models, how the
parameter estimation is performed focusing on the Akaike Information
Criteria (AIC).

• In Chapter 3, a description of the experimental method developed
for obtaining the data for the NH3 isotherms over a wide experimental
region is explained with the proposed data pre-processing method.

• Chapter 4 outlines the data-driven modeling process for obtaining an
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Chapter 1 Preface

NH3 adsorption model for the vanadium-based SCR catalyst by imple-
menting some techniques on data science and statistics.

• In Chapter 5, the main results from the experiment for obtaining the
NH3 adsorption isotherms and from the modeling process where a mech-
anistic robust model with physical significance is presented. Moreover,
a discussion about the advantages and challenges of the developed ex-
perimental method and modeling process is presented.

• Finally, in Chapter 6, the conclusions about the proposed methods
and the obtained model are summarized with some remarks about the
future work.

8



CHAPTER 2

Background

The section below provides the background for understanding the current
project on NH3 adsorption modeling on a vanadium-based SCR catalyst com-
monly used in diesel combustion engines. First, it provides an overview of the
transportation sector, illustrating its size, complexity and the importance on
reducing its environmental impact. The latter has been reduced by emission
standards and the need of an emission after-treatment system, which is to in-
crease its complexity in the future legislation. Then, an overview of the current
emission after-treatment system is presented, focusing on the vanadium-based
SCR catalyst, its proposed kinetic models and reaction mechanisms for NOx
reduction. Finally, an outline of the model development process, especially for
the adsorption phenomena is presented, where different strategies for model
building, parameter estimation and model discrimination are introduced. This
includes the Akaike Information Criteria (AIC), one of the main elements used
in the model development process in this project.
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Chapter 2 Background

2.1 The transportation sector

The transportation sector is one of the main drivers of our society. It allows
the movement of people and goods across the world, and it is involved in
our daily activities. This sector supports globalization where raw material,
production, and commercialization are decentralized [4]. As a result of its size
and importance, it is not a surprise that transportation has one of the biggest
environmental and energy impacts. For instance, it accounts for around 30%
of the global primary energy consumption, and around 50% of the diesel global
demand [5], [6]. Moreover, the transportation sector is estimated to produce
around 30% of the global greenhouse gases (GHG) emitted [7].
One of the explanations for this impact is the sector’s size. In 2015, the

global fleet was estimated at 24 million trucks and 32 million vehicles used
for public transportation and distribution [4], [8]. The largest fleet belongs to
China, followed by the European Union, and USA. Furthermore, the annual
sales in 2015 were around 100,000 trucks in Europe and around 139,000 in
USA [4], [8]. Another explanation is the sector’s diversity. The environmental
impact is higher in developing and poor countries, since access to new tech-
nologies is sparse, there is lack of maintenance, and a backlog of older-vehicles
with deficient emission after-treatment systems is persistent [9]. In fact, the
average age for discarding a truck is higher in developing regions (around 25
years compared to 13 years in the European Union). As a consequence, a
second hand market lies between developed and developing regions. For in-
stance, used trucks from USA are sold in Mexico, and used trucks from the
European Union are sold in Africa and Middle East [4], [9].
The environmental impact is mostly non-renewable resources’ depletion and

air pollution. Air pollution is defined as the negative effect caused by the
concentration of pollutants in the air. The pollutants can have a local or wider
effect, and the effect span can be minutes to years [10]. Air pollution is seen as
an urban issue where there is a high vehicle density. The mix and severity of
pollutants varies across the cities, since dispersion and concentration depend
on weather, topography, emission sources, etc [5], [11]. Air pollution is a global
problem causing 6.5 million deaths each year [10], [11]. In this regard the
transportation sector is estimated to produce half of the global NOx emissions
(56 Mton), around 12% of sulfur oxides (SO2), and 7% of particle matter (PM)
[4]. However, even if the transportation sector is growing every year by 2.5%,
NOx emissions are being reduced by 10% and particle matter (PM) by 7%
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2.1 The transportation sector

due to the current emission legislation and after-treatment system [9], [12].
This trend in emissions reduction and sector growth is illustrated in Fig. 2.1.

Figure 2.1: Emissions development at different countries/regions from different
years or Gross domestic product (GDP) as an indicator of economic
growth [10], [13]

.

Nowadays, the transportation sector’s impact is increasing due to the con-
tinuous growth in commerce and public transportation, even with a disrup-
tive event such as the COVID-19 pandemic, which gives uncertainty on future
trends [14]. During the COVID-19 pandemic, emissions have increased since
there was a boost on freight transportation due to e-commerce and use of
personal car to avoid public transportation. However, the long term effects
are still unknown [14].

In terms of environmental mitigation, the transportation sector is one of
the most difficult sectors to decarbonize due to its diversity and magnitude
[9]. Furthermore, this sector relies heavily on liquid fossil fuels since they have
high energy density and the ease to supply with an existing infrastructure built
since 1950’s [8], [9]. However, the diversity can also help on finding tailored
solutions where policies and technology are integrated. For instance, public
transportation and last-mile distribution can be electrified with charging in
centralized hubs [4].

Despite this, long-haul vehicles are even more complicated to decarbonize
since there is a lack of technology and infrastructure [4], [6]. As a result, long-
haul vehicles are estimated to rely on liquid fuels, fossil or from renewable
sources, in the mid-term, increasing oil demand by 40% in 2040. This liquid
fuel need impacts the strategy in the transportation sector for the future,
aiming for the electrification of small vehicles, while keeping the liquid fuels to
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Chapter 2 Background

the hardest transportation categories to decarbonize [4], [5], [9]. Nevertheless,
this is an opportunity for increasing the biofuels supply and the development
of new technologies for synthetic fuels [9].

Current legislation
Emission legislation is defined by each region or country. In particular, USA
and European legislation have the most stringent legislation and they are used
as reference to other regions such as China, India, and South America [4], [15].
Emission legislation has evolved at a very fast pace towards stricter limits and
more robust protocols. As a result, emission control is an increasing expense
on the total vehicle cost. For instance, while an emission control system costed
around $400 for Euro II, it can cost around $7000 for the current Euro VI
[16], [17].
In USA, the first emission legislation for heavy-duty vehicles was issued in

1974 for NOx and particle matter (PM), and its application was voluntary
[15]. Since then, legislation has evolved, being mandatory, and considering
multiple pollutants with different inspection and system level. The legislation
at federal level is issued by the Environmental Protection Agency (EPA), while
for California it is issued by The California Air Resources Board (CARB) [12],
[18]. Both regulations were aligned until 2007 when CARB decided for more
stricter and faster implemented legislation [15], [16].
Nowadays, EPA and CARB have different perspectives. In 2020, EPA de-

fined the Cleaner Truck Initiative aimed for lower NOx emissions, and focus-
ing on real conditions [4], [18]. However, in the last government, the initiative
was classified as low priority and the implementation dates were moved in
the future [16]. On the other side, CARB decided to adopt a new emission
regulation in August 2020, setting NOx limits for 2024 and 2027, introducing
a new low load cycle, and extending system durability [12]. For instance, in
the new CARB legislation, the useful life time is set at 800,000 miles, 12 years
or 40,000 operating hours, and NOx idling emissions are defined at 19 g/hour
for 2024-2026 period and 5g/hour for 2027 and later [12], [15]. Another sig-
nificant aspect of the emission legislation in USA is that it is complemented
with fuel economy and GHG emission reduction standards since 2017 [9], [12],
[15].
In the case of Europe, Euro I standard was adopted in 1991 for heavy-duty

vehicles and buses [15]. It evolved to the current Euro VI standard which was
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2.1 The transportation sector

introduced in 2009 and became effective in 2014 [4], [16]. This standard is ex-
tended to different combustion engine platforms such as compression ignition,
positive ignition and dual fuel engines [15]. The Euro VI standard established
requirements for Particles Number (PN) and On-Board Diagnostics (OBD),
in-service conformity testing, and a limit for NH3 of 10 ppm during all the
test cycles [16], [17]. Furthermore, the durability requirement was defined at
700,000 km or 7 years [19], [20].
The Euro VI standard and future ones, are aimed to be integrated with a

GHG emission regulation, which was first introduced in 2019 [15]. The GHG
standard applies to multiple sectors, including the transportation sector, and
it aims to reduce GHG emissions by 15% in 2025 and 30% in 2030, using mea-
surements from 2019/2020 as reference [9], [20]. The standard focuses on tank
to wheel CO2 emissions, and has a manufacturer fleet basis strategy, where
the average CO2 emissions for the overall fleet is calculated by standardized
simulations [15]. As a result, this legislation suggests the implementation
of technologies such as batteries or hydrogen to be able to comply by 2030
requirements [9], [21].
Fig. 2.2 shows the evolution on emission limits set by legislation on truck

for different countries for NOx and PM [4], [16].

Figure 2.2: Emission limits for heavy-duty vehicles for NOx and PM for different
countries from 1985 to 2020 [4], [16].

The emission limits illustrated in Fig. 2.2, are evaluated by standard cy-
cles, where results can be replicated across different stakeholders, providing
comparisons between different brands, technologies, conditions, etc [15]. A
standard cycle tries to compile the most important features on typical driving
conditions is USA, Europe, Japan, etc [15], [22]. The two most commonly
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used cycles are explained in Table 2.1

World Harmonized stationary cycle
(WHSC)

World Harmonized transient cycle
(WHTC)

• Sequence of steady-state engine
modes with specific torque and
speed. Duration: 1895s

• Loads vary between 25% to
100% rated (4 load points).

• Speeds vary between 25% to
75% rated (6 speed points).

• World-wide real driving pattern
for heavy-duty transport.

• Duration: 1800s. It is di-
vided into an urban (900s), ru-
ral (468s) and highway (432s)
part.

Table 2.1: Standard cycles for testing emission levels [15], [22].

Future legislation proposals
Euro VII and CARB 24-27 standards have been considered in the last years,
trying to reach an agreement between the different stakeholders as well as
pushing emission limits to the lowest possible value considering technical con-
straints in catalysts, sensors, controls, etc [16], [19], [20]. Both future stan-
dards, Euro VII and CARB 27, are aimed to be fuel and technology neutral,
with a holistic approach where the entire life cycle on fuel supply is analyzed
(well to wheel) [17], [19]. This will give opportunities to multiple technologies
to develop, not only the most favorable nowadays [9], [20]. In the future stan-
dards, the main challenge is to reduce NOx levels without increasing GHG
emissions or fuel consumption, and meeting the emission limits at multiple
driving and environment conditions for the product life time [17], [22].
Current criticism in the proposals for Euro VII and CARB 27 are con-

centrated on the clear preference for electric vehicles by proposing emission
limits and protocols difficult to achieve by the current technology [4], [17],
[23]. Moreover, an environmental legislation should involve other types of im-
pacts besides air quality [24]. The proposed approach in the regulations does
not consider the transition in transportation as the continuous improvement
of the current technologies such as the internal combustion engine [17]. This
improvement includes higher efficiencies, the use of alternative fuels, and the
investment on remediation processes such as carbon capture to mitigate GHG
emissions from the sector [17], [23].

14



2.1 The transportation sector

In Europe, during the last two years, the European Commission designated
a technical group, AGVES, to propose feasible emission limits for the Euro
VII standard [22]. Based on multiple studies from different stakeholders, their
proposal aims to reduce emissions by more than 80% on most pollutants while
including new pollutants to monitor as presented in Table 2.2 [22]. Further-
more, the Euro VII proposal is boosted by the European Green Deal, designed
to accelerate the shift to sustainable and smart mobility, with stricter regu-
lations and the implementation of new technologies for renewable fuels [19],
[20].

Table 2.2: Proposed emission limits for Euro VII by AGVES [22].

These new proposals point the need for developing new measurement meth-
ods and robust protocols for certification at real conditions [19], [20]. More-
over, they add pollutants such as NH3, CH4, N2O, aldehydes and volatile
organic compounds (VOCs) to be regulated at all technology platforms, while
NO2 is separated from NOx emissions [16], [22]. The proposed emission limits
are applied to all operating modes including DPF regeneration, and idling,
with a focus on low temperature and urban cycles, since they have the high-
est impact on emissions [19], [22]. Another feature of the future standards is
the market surveillance program for fleet screening and open access data [19],
[22].
Difficulties arise in the implementation of new technologies and effective reg-

ulations due to how the market is established. From a business perspective,
the use of new technologies depends on the payback gap, how the investment
is fully amortized by operating savings, and the access to capital for large
scale investment for infrastructure [4], [16]. However, carriers and companies
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in transportation are focused on surviving in a competitive market and sus-
tainability is in some cases driven as a publicity boost [20]. To solve this
issue, the majority of stakeholders in transportation have suggested the need
for investment in the following areas for a better integration between technol-
ogy and regulation, with collaboration between companies, government and
academia [4], [20], [21].

• Improvement on the business model: This does not involve technol-
ogy advances but a change on the business model for meeting customer
demands while minimizing resources. The improvements involves in-
creasing the road quality, creation of logistic hubs, and increasing the
collaboration between companies and logistic projects.

• Improvements on fuel efficiency: This requires the investment on tech-
nologies with lower payback periods or an appropriate incentive for im-
plementation.

• Use of alternative fuels: This includes solving the dependency on fossil
fuels or other non-renewable sources. Moreover, it requires the imple-
mentation of a decarbonization strategy including mitigation, and the
development of methods for evaluating impact on all the production
levels, including recycling. Additionally, this involves the investment in
multiple technologies such as natural gas, biofuels, hydrogen and elec-
tricity. [4], [16], [21]

Future emission after-treatment configurations
Different prototypes have been developed for evaluating the expected per-
formance of the current state-of-the-art emission after-treatment system for
defining the emission limits for Euro VII and CARB 27 standards. It is ex-
pected that the emission after-treatment system price will increase between
$2000 to $5000 [12], [16]. For the Euro VII standard, the proposed configura-
tions by AGVES are presented in Fig. 2.3 [17], [19], [22].
The proposed configurations require a close-coupled system for reducing

emissions at cold-start. For a robust control, a heated dosing system or an
electrical catalyst heater (ECH) is suggested that can lower the dosing tem-
perature to 130◦C. As the emission after-treatment system is heated, there is
a transition towards the underfloor SCR catalyst, since NOx need to reach the
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Figure 2.3: Proposed emissions after-treatment systems for Euro VII standard by
AGVES [22]

.

DPF for NO2 formation and passive regeneration [22]. At high temperatures
the closed-couple system usage is reduced, but as temperature decreases, the
NH3 coverage is restored to be prepared for the low-temperature transient
[17], [22].
The underfloor system considers a standard configuration from the Euro VI

standard (DOC, DPF, SCR and ASC catalysts), which is suitable for high
speed/load driving conditions [22]. The proposed configurations also suggest
multiple NOx and NH3 sensors for tighter control on NOx reduction and urea
injection, reducing side reactions. On the engine side, the main goal is to reach
high temperatures faster, higher than 200◦C, in the after-treatment system
without fuel penalty [17], [22].
The proposal for CARB 27 is shown in Fig. 2.4. This configuration is

similar to the one suggested for Euro VII standard. However, in CARB 27,
a dual SCR catalyst and a Catalytic soot filter (CSF) with DOC and DPF
functions is suggested [25], [26]. Furthermore, more NH3 and NOx sensors
are required for the implementation of a model-based SCR control with real
time feedback control and regulation of the NH3 storage capacity [27]. The
proposed engine configuration involves engine gas recirculation (EGR) and
cylinder deactivation, where the number of cylinders can be chosen based on
operating conditions, reducing the GHG emissions at low loads [25].
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Figure 2.4: Proposed emissions after-treatment system for CARB 27 [25].

As explained earlier, the control system for the future emission after-treatment
system needs to be model-based, for estimating the NH3 coverage on the dif-
ferent SCR catalysts in the system [27]. The proposed model is a tank-in-series
model for estimating the total NH3 coverage as well as the axial distribution.
The control system involves short and long term feedback elements [27]. The
NH3 sensors are used for the short term feedback, while the NOx sensors are
used for the long term feedback [25], [27]. Both loops combined, balance the
NH3 load, improving SCR catalyst conversion, reducing the NOx and NH3
peaks during transient operation, and minimizing side reactions [27]. More-
over, the model-based control can include parameters for aging. The proposed
control system scheme is presented in Fig. 2.5.

2.2 The emission after-treatment system
Emissions are formed as a product from combustion of the fuel in the engine,
producing gases such as CO2, NOx, H2O, CO, soot and partially combusted
hydrocarbons [28]. The reduction of these emissions is required by legislation
since these pollutants have an impact in the environment and human health.
Emission reduction is done with two main strategies: engine optimization,
where the fuel consumption is minimized and therefore the amount of pollu-
tants, and emissions treatment through the use of a catalytic module [28]–[30].
The emission after-treatment system has several functions and catalysts with
different functionalities are used. The optimization and synergy among the
catalysts is key for reducing pollutants in a wide range of operating conditions
and minimum volume [31]. A heavy-duty Euro VI after-treatment system is
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2.2 The emission after-treatment system

Figure 2.5: Proposed NH3 model-based control system for CARB 27 [27]
.

illustrated in Fig 2.6 [32]. The main components are:

Figure 2.6: Typical Euro VI exhaust emission after-treatment system for a diesel
engine [32].

• DOC (Diesel oxidation catalyst): Oxidizes partially combusted hydro-
carbons and NOx to NO2 to increase low-temperature conversion for the
SCR catalyst.

• DPF (Diesel particulate filter): Removes soot particles that are oxi-
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dized with an active (temperature increase) or passive (catalytic coat-
ing) method.

• Urea injection: An injection system for Adblue® (a water solution of
32.5% urea) is the source of NH3 as the reducing agent in the SCR
catalyst.

• SCR (Selective catalytic reduction) catalyst: Reduces NOx into N2 and
H2O using NH3.

• ASC (Ammonia slip catalyst): Oxidises the NH3 excess that is not con-
verted in the SCR.

• Sensors: The after-treatment system needs several sensors for appro-
priate control. A NOx sensor is required downstream the system for
monitoring NOx and NH3 and regulating urea injection [30]. A tem-
perature sensor is installed since catalyst performance is affected by the
temperature of the system. Moreover, a differential pressure sensor is
installed in the DPF for monitoring pressure drop due to soot and ash
build-up in the filter which affects engine efficiency.

The SCR catalyst is the key component for NOx reduction, which proceeds
in an oxidative environment (lean), with the use of a reducing agent such
as NH3 and a catalyst to increase selectivity and the reaction rate [29], [33].
However, a proper control strategy, with an optimal supply of NH3 is required
because an excess of NH3 could increase urea consumption, and it could pro-
duce side reactions towards N2O, a potent greenhouse gas [34]. The current
after-treatment systems do not provide a way to reduce N2O emissions [32].

The vanadium-SCR catalyst
Nowadays, vanadium-based and Cu-zeolites are the most common catalyst
used in a single or combined configuration for NOx emissions abatement. The
vanadium-based SCR catalyst has been used since 1970s in power plants and
was extended to the automotive industry in the 1990s for diesel engines [35].
The vanadium-based SCR catalyst provides high conversion in a temperature
range of 300 to 450◦C, with poisoning resistance against sulfur and some alkali-
metals [29], [36], [37]. The catalyst surface has different vanadium structures
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2.2 The emission after-treatment system

which are highly dynamic. For a vanadium-based SCR catalyst, the vana-
dium concentrations are low: between 3-7 weight% below the monolayer limit
concentration [38], [39]. Increasing the vanadium concentration lowers the
N2 selectivity towards N2O. The distribution below monolayer is stable on
reducing, oxidizing and reaction environments [38], [40], [41].
In an after-treatment system, the catalyst is a honeycombed monolith since

they provide low pressure drop, high mechanical strength, low tendency for
clogging and high surface area for active sites [28], [31]. The catalyst can be
extruded or washcoated. For the extruded catalyst, the active material with
the support and promoters is extruded in a single piece. For the waschcoated
catalyst, a substrate (ceramic or metallic) is built where the active material
and promoters are added forming an external layer with a defined thickness
[29], [42].

For vanadium-based SCR catalyst, TiO2 in anatase form is found to be
the best support since the activity is enhanced due to hydrogen mobility and
is weakly affected by sulfur. The anatase TiO2 has higher surface area (50-
80 m2/g) and it is thermally stable at 500◦C [38], [41]. However, at higher
temperatures the anatase is transformed to rutile, with a lower surface area
(<10 m2/g), affecting the catalyst activity due to structure collapse [29], [38].
Tungsten (W) is added as promoter since it increases the surface acidity,
favors NH3 storage, promotes faster water desorption, and delay sintering due
to thermal aging [39], [43]. Moreover, tungsten is a competitor for active sites,
making the vanadium aggregates closer together and affecting its structure,
which increases the SCR activity and broadens the operational temperature
range [38], [43]. The effect of promoters is stronger in polymeric vanadium
structures [39], [44].
In reducing environments the vanadium oxidation state changes from +5

to +4 and +3, with the polymeric vanadium species easier to reduce than the
monomeric species [38], [41]. By contrast, the TiO2 support is not reduced. At
dehydrated conditions with oxygen, water desorbs from the catalyst surface
and vanadium reaches its highest oxidation state [38], [39]. The different
vanadium species, monomeric and polymeric, have well defined structures.
When water is added at high temperatures, the vanadium keeps its structure
and a hydrogen bond is formed between H2O and the V=O, increasing the
Brønsted acidity. At low temperatures, water forms a monolayer blocking the
vanadium sites [37], [40], [44], [45].
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Another significant aspect of the vanadium-based SCR catalyst is its ro-
bustness against chemical poisoning [29]. However, some contaminants have
an effect on reducing the activity or increasing the reaction rate of undesirable
reactions. Phosphorous (P) can bind to the vanadium site, while compounds
such as Ca, Zn, K, and S reduce the amount of active sites due to pore block-
ing [46], [47]. Vanadium-based SCR catalysts are more sensitive to thermal
aging than the Cu-zeolite SCR catalyst, since the anatase is transformed to
rutile and vanadium starts to sublimate being a health and environmental
risk [48], [49]. Therefore, a reliable thermal control system is required, where
active DPF regeneration is not recommended.

SCR Mechanism and kinetics
Several kinetic studies have been carried out for the vanadium-based SCR
catalyst under different conditions since it is important to understand the re-
action mechanism over a wide operating region for automotive applications.
The simplest kinetic model is a power law kinetic, for the overall SCR mech-
anism [50]. Nevertheless, this simple model already provides information on
the interactions of the different compounds over the catalyst surface [51]. For
a vanadium-SCR catalyst, the NOx conversion power law kinetic model is
presented in Eq. 2.1 [50], [51].

Overall SCR 4 NO + 4NH3 + O2 −−→ 4 N2 + 6 H2O

rNO = Ae− Eact
RT [NO]α[O2]β [NH3]λ[H2O]δ

(2.1)

Where, A is the pre-exponential factor, Eact is the activation energy, and α,
β, λ and δ are the reaction orders for NO, O2, NH3 and H2O, respectively. For
the vanadium-based SCR catalyst the activation energy and reaction orders
are shown in Table 2.3.

α β λ δ
Ea

(kJ/mol) Ref.

V2O5/TiO2 0.5 - 1.0 0.2 - 0.5 0 - 1a -0.10 - -0.14 41 - 50 [50]–[52]
a λ = 0 at high concentrations, λ = 1 at low concentrations or low NH3 / NO ratios.

Table 2.3: Reaction orders for the NO conversion rate power law kinetics for the
vanadium-based SCR.

The reaction order for O2 is usually zero since it is in excess at normal oper-

22



2.2 The emission after-treatment system

ating conditions. However, oxidation plays a role in the catalyst re-oxidation,
which gives a positive reaction order and it can be limiting at certain condi-
tions [51], [53]. The reaction order for NH3 depends on the NH3 gas concen-
tration and temperature. At high concentrations the reaction order is zero
since the maximum NH3 adsorption capacity is reached faster in a vanadium-
based SCR catalyst. NH3 is strongly adsorbed in the surface, and it requires
to be activated, limiting the reaction rate, with a reaction order of 1 at low
concentrations [52]–[54]. The reaction order for H2O is neglected at high
concentrations but it can have negative reaction order, since there is a com-
petition for adsorption sites with NH3, but it improves selectivity at lower
temperatures. The reaction order for NO is positive but it is conditioned by
the NH3 concentration and side reactions [53], [55]. Finally, it is found that
the activation energy depends on the preparation method, ranging from 41 to
50 kJ/mol [51], [53].

A global mechanism involving the different reactions over the vanadium-
based SCR catalyst has been a challenge due to the diversity of species over
the catalyst surface, and the wide operating region in an automotive applica-
tion [45]. The most common mechanism proposed is where NH3 is strongly
adsorbed and reacts with gaseous or weakly adsorbed NO [37], [45], [56]. NH3
adsorbs on the vanadium, as the active site, and the tungsten and the support
as reservoirs [44]. For reaction, NH3 adsorbs on Brønsted vanadium acid site
and it is activated by an adjacent vanadium redox site. The activated NH3
reacts with NO, producing N2 and H2O, and partially reducing the active
vanadium site [39], [57]. The reduced site is regenerated by oxygen. This
mechanism, shown in Fig. 2.7, was proposed by Topsoe at al. [44], [56], and
it is the basis for more complex mechanisms. From their experiments, they
found that the SCR reaction is the limiting step at high O2 concentrations,
while NH3 adsorption is the limiting step at low NH3 gas concentrations [56].
Arnorson et al. [58], complemented the SCR mechanism proposed by Topsoe
by considering the standard and fast SCR in a two-cycle mechanism. The
cycles differ in the NO activation step, for the standard and slow SCR. They
share the same reduction step, but for re-oxidation, the standard SCR mech-
anism uses NO + O2 and the fast SCR uses NO2. The proposed mechanism
is shown in Fig. 2.8 [58], [59].
Lian et al. [60], found that polymeric vanadium species have a higher activ-

ity than monomeric vanadium species since closer adjacent species reduce the
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Figure 2.7: Standard SCR mecha-
nism proposed by Top-
soe et al. Taken from
[56].

Figure 2.8: Two-cycles SCR mechanism
proposed by Arnarson et al.
Taken from [58], [59].

reaction pathway for regeneration hence increasing the SCR activity. They
proposed two SCR mechanisms with an active role of the TiO2 support where
NH3 can adsorb and play a role for NOx activation [61]. The reaction mecha-
nism for the monomeric and polymeric vanadium species is presented in Fig.
2.9 [60].

Figure 2.9: SCR mechanism for a monomer and dimer vanadium over a TiO2 sur-
face. Taken from [60].
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For the proper kinetic modeling of the SCR mechanism, there are some
challenges still being investigated: the molecular nature of the NH3 adsorp-
tion/desorption on Lewis and Brønsted sites and its behavior at different
temperatures and gas concentrations, the consumption and regeneration of
active sites under different conditions, and the rate determining step in the
SCR redox cycle [34], [36], [44]. Furthermore, the role of compounds such
as H2O, O2, NO2, and the formation of intermediates towards new reaction
pathways such as the nitrates also calls for further research [33], [35].
Summarizing the SCR mechanism into a kinetic model is a complex task

since there are multiple variables to consider with a highly non-linear behav-
ior. The overall SCR global kinetic model commonly used is the Eley-Rideal
mechanism, where NH3 is strongly adsorbed on a Brønsted acid site V+5−OH,
and the NO is weakly adsorbed or in gas phase for reaction [56], [62]. The
Eley-Rideal mechanism does not include the re-oxidation step but it can be
complemented by a Mars-Van Krevelen mechanism including the redox mech-
anism, where oxygen plays a role in the reoxidation of vanadium sites, being
a limiting step at high temperatures [34], [63]. However, in most of the oper-
ating cases, the influence of oxygen is neglected since the catalyst is operating
at high O2 concentrations [33], [37].

Tronconi et al. [36] proposed an improvement to the Eley-Rideal and Mars-
van Krevelen kinetic models, by accounting for NH3 inhibition at low tem-
peratures, considering two main sites: one redox site and one acidic site. The
redox site adsorbs O2 and NO, and activates NH3, while the acidic site is a
reservoir for NH3 adsorption. The O2 dependence in the reoxidation is mod-
elled as a power law relation for simplification. Later, Tronconi et al. [34],
[62] proposed a complementary SCR model where NH3 is not available. In
this model, NO adsorbs on a vanadium site, forming a nitrate species. The
nitrate species can be formed by NO or NO2. Then, when NH3 is available,
nitrates form ammonium nitrate at low temperature which then decompose
into N2 and H2O. At very low temperatures, the ammonium nitrates can
block reaction sites, but it is reversible at high temperatures [36].
The proposed SCR kinetic models neglect the influence of NO2 for the fast

SCR reaction. In that regard, Ciardelli et al. [35], [62], proposed a reaction
mechanism accounting for the influence of NO2 which was integrated to the
one formulated by Tronconi et al. The new kinetic model provides good
results under transient conditions, since relevant features like NH3 inhibition
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at low temperature, NH3 spillover from acid sites to redox sites, and the NH3
adsorption on multiple sites are included [33], [35]. However, their results
show deviations in the NH3 gas outlet concentration that can be interpreted
as lack-of-fit on the NH3 storage estimation.

NH3 Adsorption experiments and first-principle studies

The NH3 adsorption over the vanadium-based SCR catalyst is important for
the understanding of the SCR mechanism but it is still unclear due to the
diversity of sites in the catalyst [64], [65]. NH3 is believed to adsorb on
two main sites: it molecularly adsorbs on a Lewis acid site with coordinate
unsaturated cations, and it adsorbs as NH +

4 on a Brønsted acid -OH site
[39]. The Lewis acid sites contain an empty orbital to receive an electron
pair. In the vanadium-based SCR it can be an element such as V, W or Ti
double bonded with oxygen (M=O). The Brønsted acid site is able to release
a proton and it has the structure in the form M-OH [39], [61].
NH3 adsorption is different on the different vanadium species at the catalyst

since it is affected by the oxygen atoms surrounding a vanadium atom and
the structures formed by this interaction [66]. Different vanadium species
capable for NH3 adsorption have been identified: monomeric vanadium in a
tetrahedral configuration attached to the support, 2-dimenssional polymeric
octahedral clusters, where the dimer vanadium species is the smallest, and
V2O5 clusters when the monolayer concentration is exceeded. Furthermore,
using in situ IR, Wachs et al., identified Lewis sites in TiO2, Brønsted and
Lewis sites in vanadium, and Brønsted and Lewis sites in tungsten [39], [59],
[67]. They also found that Lewis acid sites can be transformed into Brønsted
acid sites, with water at high temperatures (>250◦C) [66].
Topsoe et al. [39], found similar site diversity over the vanadium-based SCR

catalyst, confirmed by the continuous release of NH3 over a wide temperature
range when TPD experiments were performed. They found a relevant role
for TiO2, since vanadium interacts with Ti-OH groups for NH3 activation,
and when the catalyst is fully reduced, NH3 is still present on the support
at higher temperatures (>300◦C) [68], [69]. Since the Lewis acid sites have
higher adsorption energies than the Brønsted acid sites, they have the main
role in NH3 adsorption at high temperatures.
Several first principles studies by density functional theory calculations have

been performed for establishing the main steps in the SCR mechanism [70]–
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[72]. Periodic models are more appropriate since they account for the diver-
sity of the vanadium-based SCR catalyst. These studies provide a calculation
for the adsorption enthalpy for NH3 and water, for different species on the
catalyst surface. The obtained adsorption enthalpies provide a reference for ki-
netic modeling. Fig. 2.10, shows the different adsorption enthalpies extracted
from these studies including adsorption values for monomeric and polymeric
vanadium, and the TiO2 support [59], [67], [70], [73], [74]. Moreover, the in-
teraction between vanadium and support, and defects on the catalytic surface
is critical for increasing activity and promoting adsorption [38].

Figure 2.10: Enthalpy of adsorption for NH3 and water over vanadium and tita-
nium oxide clusters from different DFT studies [59], [67], [68], [70],
[73]–[76].

For the monomeric vanadium species, NH3 adsorbs on the V-OH adjacent to
the TiO2 support. A second NH3 molecule, can adsorb between the vanadium
and the adsorbed NH +

4 , with the N atom facing the nearest H atom from
the NH +

4 [59]. When the adjacent atom is a tungsten atom, the redox site
becomes more active and adsorption is more feasible. Water can also adsorb
in two configutations: to the exposed cation +5 and the -OH. If water is
bonded to the O atom in the vanadium site, it dissociates [73]. When water
dissociates, the OH– species goes to the vanadium site while the H+ species
goes to the adjacent O atom [66], [70].
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For the polymeric vanadium species, the adsorption energy decreases as the
size of the site increases [68], [77]. Moreover, polymeric sites have exposed
vanadium atoms which can act as Lewis sites since they can receive an elec-
tron pair from the nitrogen in NH3. Hydroxyl species are formed over the
vanadium species by dissociation of water. In the polymeric vanadium, there
are three oxygen atoms which can be transformed to Brønsted acid sites after
interaction with water [68], [69]. However, NH3 adsorption is most favorable
at the terminal O atoms since one proton interacts with the adjacent vanadyl
oxygen and NH3 donates its electrons to the TiO2 support [72].
For the TiO2 support, NH3 can adsorb on two Lewis acid sites. NH3 adsorbs

via the N atom bonded to the Ti atom on the Lewis acid site. However, Lewis
sites from the support or the vanadium site are hard to distinguish. For water,
the adsorption enthalpies are lower than for NH3 [74], [75]. Furthermore, the
support can have Brønsted acid properties in the bond Ti-OH-Ti when a
monomeric vanadium is close [73].
As a summary, the main vanadium structures present in the vanadium-

based SCR catalyst onto which NH3 and water can adsorb are illustrated in
Fig. 2.11. Two main groups can be identified: monomeric and polymeric
vanadium species, which interact with adjacent atoms such as tungsten (W)
or titanium (Ti) to develop Brønsted and Lewis acid sites dynamically.

2.3 Towards a modeling framework
A true model, able to represent reality at its full extent, has infinite dimensions
and it cannot be captured by limited observations from measurement devices
with limited resolution [78]. The hope relies on finding the best model which
could approximate and maximize the amount of information from data, with a
generalization based on available scientific theories or knowledge [79], [80]. In a
data-driven modeling approach, the best model is chosen from a set of several
candidates. Each model is seen as a hypothesis, speculation or guess from
previous knowledge and experiences that are evaluated by the experimental
tests [81], [82]. Based on the evaluation of such models, it is possible to achieve
understanding, supporting the model with experimental data and a physical
explanation based on science [78].
Modeling involves two sequential processes: induction, where multiple mod-

els are specified using data and previous knowledge, and deduction where a
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Figure 2.11: Multiple vanadium species present in vanadium-based SCR catalysts
for NH3 adsorption.

generalization of the desired phenomena is described by the model [81], [83].
In that way, inference by modeling involves a balance between prediction
and explanation. Acceptable prediction performance is achievable by non-
mechanistic models but mechanistic models provide a scientific explanation
to complex hypotheses but they are more time consuming [78], [84]. A data-
driven model development is an iterative process involving the following steps:
formulation of a set of model candidates, experimental planning, data collec-
tion, data processing, model fitting, model verification and quality assessment
[81], [85]. The iterative modeling process is shown in Fig. 2.12.
A preliminary analysis is required to formulate a set of feasible model can-

didates, supported by the current scientific knowledge [78], [86]. Moreover,
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Figure 2.12: Model development process [81]

this analysis helps on identifying the key features to be exploited during the
experiment for model identification and discrimination [81], [87]. During the
experimental planning, one should aim to an experimental region able to dis-
criminate between rival models and improvement of parameters’ precision.
Poorly planned experiments are a waste of time and resources, and the limited
amount of data should aim to the maximization of information, minimizing
the use of resources [87].
In an experimental plan, the controlled variables, initial conditions, time,

pretreatment procedures, sampling times, and measured response times need
to be identified and specified [78], [88]. Furthermore, systematic error sources
should be identified and minimized or removed in a data processing step.
Moreover, the random error from measurements should be normally distributed
and low in magnitude compared to the measurement [89].
The data collection, processing and fitting involves the implementation of

computational procedures based on statistics and optimization. These steps
are iterative, where different approaches should be tested for model quality
and robustness [81], [83], [88]. In most cases, it involves subjective choices
which need to be stated and supported. For model fitting over a wide ex-
perimental region, there are different strategies such as the Bayesian model
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averaging approach, or model segmentation where the parameter fitting is
done on segmented data [78], [89].
Model verification and refinement involves different processes. The identi-

fication and removal of outliers, improves the parameters confidence interval
and avoids reaching wrong conclusions based on the chosen model [87]. A
sensitivity analysis evaluates how fluctuating are the conclusions reached by
the model, and it can be done by evaluating the first-order response change of
the expected value, when a parameter is modified within a margin [85], [89].

The models obtained in this iterative process should be able to separate
information from noise [78], [90]. Additionally, they must be objective and
repeatable. Furthermore, the models need to be simple, precise, with unbi-
ased parameters and some indicators for precision. The model structure and
parameters should have physical meaning supported by other independent
experiments [80], [89].

Adsorption models and thermodynamic relation
An adsorption isotherm describes the equilibrium state of the adsorption and
desorption rates for a gas compound in a dynamic balance with its adsorbate
state over a catalytic surface [31], [91]. The equilibrium state is affected
by temperature, gas concentration, and catalyst properties. Moreover, this
state can be described by thermodynamics, in terms of the entalphy and
entropy changes, ∆H and ∆S, providing insight on the adsorption strength
and molecules’ arrangement [91]. At equilibrium, an adsorption kinetics can
be formulated as presented in Fig. 2.13.

Figure 2.13: Adsorption kinetics and equilibrium model

In Fig. 2.13, the adsorption rate, rads depends on the gas concentration,
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Ca, and the number of available free adsorption sites in the catalyst, θS , while
the desorption rate, rdes, depends on the number of adsorption sites already
occupied by the adsorbate, θA [31], [92]. The adsorption and desorption re-
action rate constants, ki, can be expressed following the Arrhenius equation
with a temperature dependence on the activation energy [91]. For the NH3
adsorption rate constant, kads, the activation energy over a vanadium-based
SCR catalyst is assumed to be zero since it is non-activated and spontaneous
[34], [93].
The activation energy for the desorption rate, can be estimated based on

the adsorption model used. Several adsorption models have been evaluated in
previous studies for NH3 adsorption in vanadium-based SCR catalysts: Lang-
muir, Freundlich, Temkin and modified Temkin [93], [94]. Langmuir models
assume homogeneity for the adsorption sites distributed over the catalyst sur-
face, but other models try to include surface heterogeneity, by adding more
sites or using empirical correlations [94], [95]. The main features about the
existing adsorption models for NH3 adsorption over vanadium-based SCR cat-
alysts are explained below [31], [94], [96], [97]:

• Langmuir: In this model, the activation energy for desorption, Ed, is a
constant. This model assumes monolayer adsorption on limited adsorp-
tion sites over the catalyst. The adsorption sites are identical and equiv-
alent, with no interactions with adjacent species, and homogeneously
distributed in the catalyst surface. The Langmuir model is consistent
with Henry’s law at low gas concentration and its parameters provide a
mechanistic approach related to thermodynamic properties.

• Freundlich: This empirical model can be applied to multilayer adsorp-
tion, with a non-homogeneous distribution of adsorption energies. The
Freundlich model is criticized by the lack of thermodynamic consistency,
and not behaving according to Henry’s law at low gas concentrations.
Moreover, this model does not provide an adsorption limit at high gas
concentrations. The activation energy for desorption is estimated as
Ed = Eodexp(−αθNH3

).

• Temkin: This model is the most common used for NH3 adsorption over
vanadium-based SCR catalysts. It considers an empirical parameter for
the adsorbate-support interaction, α. The adsorption energy decreases
linearly as the coverage increases due to the increase of interactions

32



2.3 Towards a modeling framework

with adjacent species. However, in a catalyst with low concentration of
active sites, the interaction between adsorbed species is negligible. For
the standard Temkin model, the desorption energy is estimated as Ed =
Eod(1 − αθNH3

), while for the modified Temkin model, the desorption
energy is estimated as Ed = Eod .(1−αθ

β
NH3

). Table 2.4 shows parameters
for NH3 adsorption in a vanadium-based SCR catalyst using a Temkin
model [93].

V2O5 / TiO2 V2O5-WO3 / TiO2 Commercial
ko

a (m3/mol.s) 0.820 0.487 33.87
ko

d (1/s) 3.67x106 2.67x105 2.20x106

Eo
d (kcal/mol) 25.8 22.9 23.0

α 0.310 0.405 0.256

Table 2.4: NH3 adsorption Temkin model parameters for a vanadium-based SCR
catalyst [34], [93].

• Empirical dual site coverage: This empirical model developed by Lietti
et al. [93], provides a coverage dependence on the existence of two ad-
sorption sites, with different adsorption energies. The desorption energy
is estimated as Ed = Eod + Btanh(−αθNH3

+ A). This model provides
better NH3 adsorption estimations at low temperatures and during fast
transients. However, the parameters do not have a physical meaning.

At equilibrium, the ratio between the adsorption and desorption rate con-
stants is called the equilibrium constant Kc, which is defined in Eq. 2.2 where
Ci is the gas concentration in (mol/m3), and γi is the reaction order [91].

Kc =
n∏
i=1

Cγi

i (2.2)

For ideal gases, the equilibrium constant Kc can be converted to the di-
mensionless thermodynamic equilibrium constant, K as shown in Eq. 2.3
[92].

K = Kc

( RT
Pref

)δ
δ =

∑
γi

(2.3)

This will allow to relate to the Gibbs free energy change, ∆G, between the
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gas molecule and its adsorbed state as presented in Eq. 2.4.

RT ln(K) = −∆G (2.4)

The thermodynamic equilibrium constant, K, can be expressed in terms
of the enthalpy change ∆H, and entropy change ∆S, as presented in Eq.2.5,
since the Gibbs free energy change ∆G, is related to the enthalpy and entropy
as shown in Eq. 2.6 [91].

K = exp
(−∆Hads + T∆Sads

RT

)
(2.5)

∆G = ∆H − T∆S (2.6)

In Eq. 2.5, ∆Hads is the adsorption enthalpy change and ∆Sads is the
adsorption entropy change from the gas molecule to the adsorbed state over
the catalyst surface. As a result, it is possible to define an NH3 adsorption
model for describing the adsorption isotherms [91]. The adsorption model
is defined by thermodynamic parameters with physical meaning about the
bonding strength between the gas molecules and the surface, and their spatial
arrangement [91], [92]. Therefore, with the equilibrium state defined, just one
phenomenon, adsorption or desorption, needs to be estimated for describing
the adsorption/desorption steps completely, since the equilibrium characteri-
zation provides the way to relate the adsorption and desorption rates.

Parameter estimation approaches
For adsorption models, e.g. Langmuir, linear least squares methods are used
for parameter estimation, which are solved in matrix form in a fast and efficient
way. This involves a transformation, usually logarithmic, of the adsorption
isotherm equation for the parameters to be linear. However, the obtained
parameters can differ based on the transformation and method (more than
40% of the expected parameters’ value), and the assumption on error variance
normally distributed is violated [96], [97]. Therefore, the best approach for
finding a proper adsorption model for inferences involves non-linear methods,
which are based on iterative algorithms [78], [89].
The parameters are tuned based on an objective function, which is min-

imized or maximized to get the best representation from the experimental
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2.3 Towards a modeling framework

data [98]. Different objective functions will lead to different parameters, and
for non-linear parameter estimation, more than one function is recommended
for evaluation and model discrimination. Variations are also identified on the
estimated parameters [89]. Table 2.5 shows some of the error functions that
can be minimized on parameter estimation [89], [94], [96].

Error function Nomenclature Equation

Least square sum LSS LSS =
n∑

i=1

(ymod − yexp)2
i

Sum of absolute errors EABS EABS =
n∑

i=1

|ymod − yexp|i

Average relative error ARE ARE = 100
n

n∑
i=1

∣∣∣ymod − yexp

yexp

∣∣∣

Marquardt’s standard
deviation MSD MSD =

√√√√ 1
n− p

n∑
i=1

[
yexp − ymod

yexp

]2

Table 2.5: Error function used as objective functions in parameter estimation

Any error function used for parameter estimation has two components: the
pure error variance due to the measurement noise and the lack-of-fit due to
the deficiencies in the model structure and estimated parameters [79]. The
noise present in the data can be estimated by repeated measurements, and
the lack-of-fit can be estimated with an F-test, which should give lower values
than the noise estimate to be significant [88], [89].

Most of the error functions used for parameter estimation are based on
the least square approach, where a set of parameters is found minimizing the
sum of residuals. In the Maximum likelihood estimator (MLE), the aim is
to maximize the probability function given the data, and assuming a model
structure [78], [90]. Nevertheless, if the residual is assumed to be normally
distributed and independent, the least squares and Maximum likelihood give

35



Chapter 2 Background

the same estimates [98].
A sequential fitting strategy is usually implemented to minimize correlation

and make the optimization problem for parameter estimation easy to converge
[78], [80]. A sequential strategy includes data segmentation and multiple ini-
tial estimates for getting closer to the global optimum. For preliminary fitting,
the temperature dependency of some parameters can be removed, reducing the
amount of parameters [88]. Then, using previous studies or heuristics, it is
possible to use these parameters as initial estimates [92].
A cross-validation procedure is recommended at the end of the fitting strat-

egy. In this procedure the model is evaluated under different datasets, by
randomly dividing the experimental dataset [99]. Cross-validation increases
the model robustness accounting for uncertainties in using a experimental
dataset with limited size. For randomly dividing the dataset, the k-fold cross-
validation method partitions the original dataset into k equally distributed
subsets randomly (usually k=5) [100], [101]. Then one subset is used as the
validation set while k-1 subsets are used as the modeling development set. The
model parameters are estimated k times. Each time, one subset is assigned
to the validation set while the remaining subsets, k-1, become the model de-
velopment set. The final model parameters and performance are estimated
as the mean value of the obtained parameters and performance during the k
iterations [99], [101].

Model discrimination
An indicator criterion for model discrimination should include a balance be-
tween goodness of fit and parsimony. In other words, a model should achieve
a level of generalization, being able to predict new data from the same phe-
nomenon, while avoiding overfitting. Most of the objective functions used for
parameter estimation, just focus on goodness of fit, while the parsimony is
analyzed subjectively.
Currently, there are different indicators balancing goodness-of-fit and parsi-

mony being used in model discrimination. The most common indicators are:
the Akaike information criterion (AIC), the Bayesian Information criterion
(BIC), and the adjusted predicted sum of squares (APRESS) presented in
Table 2.6 [90], [98]. In Table 2.6, LSS refers to the Least Squared Sum value
for the model, n is the sample size and p is the number of model parameters.
These criteria have two terms: the first term measures the prediction error
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and the second is a penalty for increasing parameters. The model with the
lowest value of any of these indicators is selected as the best model [78].

Indicator name Nomenclature Equation

Akaike information
Criterion AIC AIC = n ∗ log(LSS/n) + 2(p+ 1)

Bayesian Information
Criterion BIC BIC = n ∗ log(LSS/n) + (p+ 1) ∗ log(n)

Adjusted predicted
sum of squares APRESS APRESS =

( 1
1− (p+ 1)α/n

)2
∗ (LSS/n)

Table 2.6: Goodness-of-fit indicators for model discrimination [86], [90]

As noted in Table 2.6, the APRESS criterion needs the estimation of a tune
parameter, α, which involves an iterative process for finding an optimal value
where several parameters are computed simultaneously. In addition, this cri-
terion is computing intensive since a two-step optimization is required: first to
find the tuning factor, then to find the model parameters. On the other hand,
BIC is used for descriptive statistics, providing a way to identify most relevant
features. In the same way, AIC is recommended when prediction is the main
goal, since it approximates the Kullback-Leiber information theory for models
[90], [102]. Moreover, for complex models, as the data size grows, AIC is able
to identify subtle effects in the model, increasing accuracy. Therefore, AIC is
an appropriate criterion for model selection, since it focuses on replicability,
getting the best approximation of reality, and providing quantitative under-
standing of the studied phenomenon [86], [98]. Nevertheless, a comprehensive
modeling development process needs to be complemented by the evaluation
of different indicators, increasing the model’s confidence.

In general, the coefficient of determination, R2 (Eq. 2.7), is recommended
for descriptive statistics and should be extended to non-linear parameter es-
timation with caution. The R2 compares the fit with the simplest possible
model, an horizontal line with zero slope. However, it has been found that
for non-linear models, it is possible to have R2 values higher than one, which
could be interpreted as a low quality fit with wide confidence interval in the
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parameters [89]. Furthermore, it could be a negative number, that could ex-
plain that the model is performing worse than a horizontal line. The adjusted
R2 has the same drawbacks but it accounts for the relationship between the
sample size and the degree of freedom [78], [89].

R2 = 1−
∑

(yexp − ymod)∑
(yexp − ȳ) (2.7)

Finally, for model discrimination, a quality assessment for ruling-out overfit-
ting issues is usually performed. This involves the estimation of the pair-wise
correlation matrix between parameters and the confidence interval estimation.
The methods used for linear regression can be extended to the non-linear case,
by estimating the Jacobian over a small perturbation (around 1%), where a
linear behavior can be assumed [89].

The Akaike Information Criterion (AIC)

The Akaike Information Criterion (AIC) is based on the Kullback-Leibler
information theory for model selection based on information losses. In the
Kullback-Leibler information theory, reality is given for data but unknown
to the modeler, so there is a distance between a true model, f(x), and an
approximate model with a set of parameters θ, g(x|θ), given by the Eq. 2.8
[78], [98].

I(f, g) =
∫
f(x)log(f(x))dx−

∫
f(x)log(g(x|θ))dx (2.8)

Eq. 2.8 measures the discrepancies expressed as the distance from g(x|θ) to
f(x), where the main objective in parameter estimation is to get the distance
as close to f(x). The true model, f(x) is not possible to know, but the set of
approximate models can be compared in relative terms since knowing f(x) is
not required as shown in Eq. 2.9 [78], [86]. However, this method provides a
relative value which only has meaning when it is compared in a set of candidate
models.

I(f, g)−
∫
f(x)log(f(x))dx = −

∫
f(x)log(g(x|θ))dx (2.9)

The AIC provides a way to calculate the relative distances, or expectations
on getting closer to a true model, without knowing f(x), and the maximum
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likelihood estimator (MLE) for the estimated parameters, θ̂, which can be
approximated as presented in Eq. 2.10 [86], [90].

AIC = −2log(MLE(θ̂(x))) + 2K (2.10)

Where K is the bias correction term, penalizing the complexity of the model.
If the residuals are assumed to be independent and normally distributed, the
least squares and maximum likelihood theory have identical estimates. The
AIC is a relative value which is compared to the different AIC values from the
model candidates set with different complexity [78], [90]. The best model is
the one with the lowest AIC value. However, the difference between the AIC
values between models, ∆AICi, needs to be considered since smaller changes
indicate that more than one model is relevant for representing the data [102].
The difference between the AIC values between models is calculated as Eq.
2.11.

∆AICi = AICi −AICmin (2.11)

The ∆AICi provides a ranking for the candidate models, which can be
evaluated based on some heuristics described in Table 2.7 [78]. The best
model has a ∆AIC value of zero. However, if there are other models with
∆AIC values around 0 to 10, more experimental data or modifications on the
candidate model set are required to be able to select a single model from the
model discrimination process [98].

∆AICi change Level of support by the data
0-2 Relevant
4-7 Partly relevant
7-10 Vaguely relevant
>10 Data does not support the model

Table 2.7: ∆AIC heuristics for model discrimination [78]
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CHAPTER 3

Experimental

In the following section, a description of the experiment and pre-processing
method for obtaining NH3 adsorption isotherms over a vanadium-based SCR
catalyst using a gas flow reactor is presented. The experiments involve a
wide experimental region at different temperatures, NH3 concentrations, wa-
ter concentrations and catalyst oxidation states (oxidized and reduced). For
obtaining the adsorption isotherms, a robust experimental method was de-
veloped, assuring steady-state conditions and repeatibility. Moreover, since
time-series data is obtained from the different measurement devices in the gas
flow reactor setup, a data processing method was developed to estimate the
adsorption equilibrium base points for the adsorption isotherm. The devel-
opment of the experimental method and the data-processing method was the
objective of Paper A. The obtained experimental data help to obtain the
appropriate information about the system for inference by modeling and com-
plement other experimental methods such as the Temperature Programmed
Desorption (TPD).
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3.1 Gas flow reactor
A gas flow reactor is used for the NH3 adsorption experiments. A scheme of
the gas flow reactor is shown in Fig. 3.1. The setup can be divided in three
sections: flow adjustment, reactor and gas analysis. In the flow adjustment
section, the gas flow and composition are defined by the use of mass flow con-
trollers (MFCs). In the current setup there are multiple MFCs with different
operating ranges, since it is recommended to operate the MFC at a higher
valve opening for higher accuracy. Therefore, before performing an experi-
ment, a valve allocation optimization is required, assigning the most suitable
MFCs for the experiment. In the reactor zone, the temperature is controlled
and the monolith sample is placed. The reactor zone assures isothermal con-
dition and stable flow. Last, the gas analysis zone, is where the outlet gas
composition is measured by a Fourier transform infrared (FTIR) spectrome-
ter. The main components of the gas flow reactor setup are listed in Table
3.1, with their purpose and used reference.

Figure 3.1: Experimental setup scheme

There are some considerations in the experimental setup for reliable mea-
surements:

• All the piping is kept at 180◦C to avoid water condensation and minimize
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3.1 Gas flow reactor

Table 3.1: Gas flow reactor main components
Component Reference Principle / Function

MFC (Mass Flow Con-
troller)

Bronkhorst ® EL-
FLOW Select

Flow is measured and controlled
based on the thermal mass flow
principle.

CEM (Controlled
evaporator and mixer)
module

Bronkhorst ® Water and N2 are mixed and
heated to ensure water vapor flow.

Coriolis Flow Meter Bronkhorst ® MINI-
CORIFLOW-M13

Water flow is measured and con-
trolled based on the Coriolis prin-
ciple.

Thermocouples Type K Class 1 Change of voltage due to thermo-
electric effect.

FTIR gas analyzer AVL Sesam i60 FT
Fourier transform infrared spec-
trometer, for measuring gas con-
centrations.

O2 sensor Magnos 106 O2 sensor Paramagnetic sensor.

HMI and DAQ ProControl Dizanta
Suite + MatLab

Human Machine Interface (HMI)
for control and Data Adquisition
system (DAQ) tool.

the gas adsorption over the pipes.

• Nitrogen is used as carrier gas.

• Two different NH3 concentrations were used for operating the MFC at
optimal conditions: a high concentration gas bottle of 3.6% and a low
concentration bottle of 1.0%. This results in two experimental plans
based on the NH3 gas bottle concentration and the experimental region
to track.

• Before an experiment, the FTIR spectrometer was calibrated with the
built-in protocol.

• The setup was checked for leaks at each run.

The reactor zone in the setup has a special arrangement to ensure even
flow distribution and isothermal conditions. The reactor is divided in two
zones: the preheating zone is the larger zone, since the flow is heated to
the specified temperature, and the reaction zone, where the sample is placed
and the temperature sensors are located to measure temperature profiles over
the sample. Each region has its own temperature control, integrated into a
cascade control. The reactor zone arrangement is presented in Fig 3.2.
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Figure 3.2: Reactor configuration. The dashed line represents the cascade control
scheme between the two reactor zones, where TIT is a temperature
transmitter and TC is a temperature control element.

3.2 Experiment for Adsorption isotherms
NH3 adsorption experiments were performed for a state-of-the-art vanadium-
based SCR catalyst supplied by Umicore. It is a washcoated monolith with
TiO2 as support and tungsten (W) as promoter. Two different washcoat
loadings with the same formulation were supplied. They were used to obtain
independent observations and increase the dataset size. Moreover, lower NH3
concentrations were achieved with a low concentration bottle (1.0%). In these
tests a small volume - low loading sample was used. The three samples are
described in Table 3.2.

Table 3.2: Main catalyst sample parameters

ID Type Length
(cm)

Diameter
(cm)

Weight
(g)

Nominal
Washcoat
Loading
(g/L)

HC-LL High concentration,
low loading 7.64 2.43 20.67 288

HC-HL High concentration,
high loading 7.68 2.48 23.77 371

LC-LL Low concentration,
low loading 2.66 2.52 7.15 288

Before using the samples in the experiments, a degreening protocol was
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run to stabilize the catalyst and remove adsorbates from the catalytic surface.
The protocol is explained in Table 3.3. The stabilization was established when
two consecutive SCR activity measurements were constant. Then, before an
adsorption sequence at a specific temperature, a pretreatment protocol was
performed for setting the catalyst state. Two states were defined: oxidized
state obtained with O2 oxidation and reduced state obtained with subsequent
NH3 reduction. The pretreatment is described in Table 3.4.

Table 3.3: Sample degreening steps for the catalyst samples

Procedure Step Flow
(NL/min)

Temp.
(C) Composition Time

(min)
De-
greening Purging 30 450 5% H2O 5

SCR Activity 30 450
500ppm NO,
500ppm NH3, 5%
H2O

5

Stabilizing 30 450 5% H2O, 5% O2
10, 20,
60

Final Purging 30 450 N2 only 5
Oxidizing 30 450 5% O2 20

Table 3.4: Sample pre-treatment steps for defining catalyst oxidation state
Catalyst
State Step Flow

(NL/min)
Temp.
(C) Composition Time

(min)
Oxidized
State Purging 50 500 N2 only 3

Oxidizing 50 500 5% O2 10
Purging 50 500 N2 only 3

Reduced
State Purging 50 500 N2 only 3

Oxidizing 50 500 5% O2 10
Purging 50 500 N2 only 3
Reduction 50 500 500ppm NH3 20
Purging 50 500 N2 only 3

After the pretreatment, the temperature and water concentration were set
to the NH3 adsorption experiment conditions. The experiment is presented
and described in Fig 3.3. It initiates with a high concentration step: 1000 ppm
for the high concentration experiment and 150 ppm for the low concentration
experiment. The first adsorption step is not required to reach equilibrium,
since the adsorption estimation is done by integrating the difference between
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the inlet and outlet NH3 concentrations. Thus, different steady-state des-
orption steps define the adsorption isotherm. The sequence goes from high
concentration to low concentration. This procedure was chosen since the des-
orption steps reach equilibrium faster as removing excess is a faster process
than the opposite. The desorption step sequence was repeated twice for each
experiment to get replicate data and for the flow calibration step in the data
processing method described later. Isotherms were obtained at different water
concentrations: 0, 0.5 and 5%, and the NH3 gas concentration was set between
30 to 75 ppm for the low concentration experiments and between 75 to 450
ppm for the high concentration experiments. The total gas flow was set to 50
NL/min. For the oxidized catalyst the temperature range for the experiment
was from 100 to 250◦C since at higher temperatures NH3 oxidation cannot be
neglected. For the reduced catalyst the temperature range was from 100 to
400◦C, at higher temperature NH3 adsorption was not observed.

Figure 3.3: NH3 adsorption experiments, (a) Conditions for the catalyst state, wa-
ter concentration, and temperature, and (b) NH3 concentration steps
sequence for high concentration and low concentration experiments.

3.3 Data processing for modeling
From each experiment, there are two signals used for the estimation of the
NH3 adsorption isotherm but they need to be processed first, according to the
proposed data processing method explained in this project. The signals are:
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NH3 gas flow rate obtained from the MFC at the reactor inlet, qMFC , and NH3
mole fraction at the outlet from the FTIR analyzer, yFTIR. The processing
method aims to calculate the accumulation over the catalyst obtained as:

nNH3
= Ftotal

∫ tint

0
(yinert − yFTIR) dt (3.1)

Where Ftotal is the total gas molar flow, tint is the duration of each des-
orption step, and yinert is the concentration at the reactor outlet for an inert
tracer gas with no interaction with the setup, which if obtained from the in-
put signal qMFC , and the Residence Time Distribution (RTD) model of the
reactor following the preprocessing method presented in Fig 3.4.

Figure 3.4: Data processing proposed method for estimating NH3 adsorption
isotherms

Each step in the proposed data processing method is explained below:
• Signal refining: In this step, the offset from the FTIR signal, yFTIR,

the identification of the steady-state at each desorption step using a
statistical criterion, and the conversion of the input flow signal, qMFC ,
to concentration, yMFC , are determined by using reference values from
the FTIR analyzer.

• RTD definition: The input concentration signal, yMFC is shifted in
time by delay and dispersion effects presented in a real reactor and
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characterized by a RTD model. Therefore, the input signal will resemble
a signal obtained from an inert tracer at the outlet, yinert. The RTD
was characterized by an independent set of experiments in the gas flow
reactor to parametrize the delay and dispersion time constant at different
flows, temperatures, MFC locations and FTIR measurements.

• Accumulation calculation: With the processed signal, accumulated
NH3 over the catalyst is estimated with eq. 3.1, for each desorption
step.

• Removal of NH3 adsorbed in setup: A correction was implemented
since NH3 was found to be adsorbed over the experimental setup, over-
estimating the adsorption value over the catalyst. A Langmuir two-site
adsorption model was developed to account for the NH3 adsorbed on
the experimental setup at different temperatures, water concentrations
and NH3 concentrations.

• Washcoat uncertainty adjustment: For increasing the sample size,
all the adsorption values were normalized by the washcoat loading to
be comparable. However, some deviations were observed and a contin-
uous and smooth adsorption isotherm is still preferable. Therefore, an
optimization algorithm was developed to adjust the washcoat loading,
within 10% of the nominal value, to account for the production uncer-
tainties and the washcoat distribution deviations observed in the sample
when inspected.
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Modeling

The data-driven modeling framework proposed for developing an NH3 adsorp-
tion model for a vanadium-based SCR catalyst is presented in the following
section and explained in Paper B. The proposed modeling framework in-
cludes different steps for building feasible adsorption model candidates based
on proposed adsorption mechanisms aimed to capture the features from the
NH3 adsorption isotherm data obtained in Paper A. Several adsorption mod-
els were evaluated and their parameters were estimated by a three-step pa-
rameter estimation workflow using different objective functions with increased
complexity at each step. Then, a reconciliation step is proposed for integrat-
ing the best models from the different parameter estimation workflows into a
single unified adsorption model with an optimal set of parameters. However,
for a robust model, not affected by the dataset nature, a cross-validation step
is proposed. The obtained NH3 adsorption model from the overall modeling
workflow, was derived from the intensive evaluation of multiple model candi-
dates and the different steps towards an optimal and robust set of parameters
maximizing the amount of information from the data described by the model.
Furthermore, a quality assessment was performed to increase the model’s va-
lidity and the model parameters were related to earlier studies at molecular
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scale.
The modeling framework is illustrated in Fig. 4.1 which shows two differ-

ent workflows for parameter estimation based on segmenting the data into two
subsets: oxidized and reduced. The segmentation of data benefits the param-
eter estimation process since opposite conditions such as oxidized/reduced or
wet/dry could create conflicts on finding the global minima in the objective
function used for parameter estimation.

Figure 4.1: Data-driven modeling framework for evaluation and discrimination of
NH3 adsorption models.

4.1 Adsorption Model formulation
Multiple NH3 adsorption sites with different dynamics have been identified
for vanadium-based SCR catalysts from previous studies. Therefore, an NH3
adsorption model must be able to capture this diversity and its effects on
the NH3 storage capacity. According to this, an adsorption model assumes
different types of adsorption sites where NH3 adsorbs. As a result the total
amount of NH3 adsorbed over the catalyst is the sum of the NH3 adsorbed at
the different sites assumed in the catalyst as presented in Eq. 4.1.

qNH3
=

M∑
j=1

Njθj (4.1)
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Table 4.1: Site specific adsorption mechanisms forming the building blocks of the
adsorption model.

Where qNH3
is the total NH3 adsorption capacity in mol NH3/gwashcoat,

Nj is the total amount of sites of type j in mol/gwashcoat and θj is the NH3
coverage of site j. The NH3 coverage of a site j, θj , is determined by assigning
an adsorption mechanism from a defined set capturing the main features from
the NH3 adsorption isotherm dataset. Each type is assigned an adsorption
mechanism, which is derived assuming a Langmuir adsorption model. The
proposed mechanisms are presented in Table 4.1 and explained below:

• Simple adsorption: In this mechanism only NH3 adsorbs on the site.

• Site activation: The adsorption site is activated before adsorbing NH3.
The activation is temperature-dependent.

• Competitive adsorption: NH3 and water compete for adsorption sites
which results in decreased NH3 storage capacity.

• Water activated adsorption: In this mechanism, water activates a site
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for NH3 adsorption.

• Site duplication by water: In this mechanism the site is activated and
duplicated by water. Then, NH3 can adsorb on the site.

At equilibrium, the coverage for each adsorption mechanism can be ex-
pressed in terms of the equilibrium constant, Kc, which is converted to the
dimensionless thermodynamic equilibrium constant, K, related to the Gibbs
free energy, ∆G, and hence the adsorption enthalpy, ∆Hads, and the adsorp-
tion entropy, ∆Sads as presented in Eq. 4.2.

K = exp
(−∆Hads + T∆Sads

RT

)
(4.2)

The adsorption enthalpy, ∆Hads, and the adsorption entropy, ∆Sads, are
parameters to be predicted by the parameter estimation workflow. For re-
ducing the number of parameters, the adsorption entropy, ∆S is specified as
a global parameter applying to all the adsorption site types assumed in the
catalyst. Four different values can be designated to the adsorption entropy
based on the adsorption nature: ∆S1 for adsorbed NH3, ∆S2 for adsorbed
water, ∆S3 for site activation, and ∆S4 for site duplication.
Moreover, for the number of adsorption sites of type j, a parameter is con-

sidered for the oxidized catalyst, Noxi
j , and another for the reduced catalyst,

Nred
j .

4.2 Model structure generator
A systematic procedure for generating a feasible set of model candidates was
developed by the combination between the assumed number of adsorption site
types and the adsorption mechanisms. As a result, a large set of model candi-
dates is generated, combining the adsorption mechanisms (r=5) and assum-
ing the catalyst could contain up to six types of adsorption sites (M=1,..,6).
There are 461 possible models obtained from the combination arrangement
presented in Eq. 4.3.

CM,r =
(
M + r − 1
r − 1

)
= (M + r − 1)!

(M − 1)!r! (4.3)

Fig. 4.2 shows the possible model structures generated by this method,
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which assign a specific set of parameters based on the adsorption mechanisms
and number of adsorption site types.

Figure 4.2: Adsorption model structure generator.

4.3 Parameter estimation workflow
The parameter estimation workflow involves three steps using different objec-
tive functions, with increased complexity at each step. This allows a robust
evolution towards the global minimum in a highly non-linear problem. For the
NH3 adsorption model development, two different workflows are performed by
segmenting the dataset. One workflow was assigned to the oxidized dataset,
and another to the reduced dataset. Furthermore, at each step in the param-
eter estimation workflow, 50% of the best models are chosen to continue to
the next step.
The first step in the parameter estimation workflow is intended for parame-

ter initialization, by defining initial estimates for the parameters and different
allocation of the dataset within the adsorption site types assumed in the cat-
alyst. As a result of this multiple initialization, around 33,000 scenarios were
specified for evaluation in the first step by using the Least square sum (LSS)
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objective function presented in Eq. 4.4.

LSS =
n∑
i=1

(qmod − qexp)2
i (4.4)

In the second step, over 18,000 scenarios for parameter estimation were
computed by using the Marquardt’s objective function to minimize, see Eq.
4.5. This objective function has the advantage to normalize the residual and
include a penalty on model complexity defined by the number of parameters,
p, in the model.

MSD = 1
n− p

n∑
i=1

[qexp − qmod
qexp

]2
(4.5)

The third step is a parameter fine tuning for around 9,000 scenarios selected
from the previous step by using a custom-made objective function named Slope
tracking presented in Eq. 4.6.

MST = 1
n− p

[
λ

n∑
i=1

[
qexp − qmod)

]2
q2
exp

+ (1− λ)
m∑
j=1

[
αexp − αmod)

]2
α2
exp

]
+

ln

[
λ

n∑
i=1

[
qexp − qmod)

]2
q2
exp

− (1− λ)
m∑
j=1

[
αexp − αmod)

]2
α2
exp

]2

(4.6)
This custom-made objective function includes a slope comparison between

the experimental slope, αexp and the model slope, αmod, at three different
locations at each isotherm. The slope is calculated as the gradient between
the NH3 storage capacity and the NH3 gas concentration as shown in Eq. 4.7

α = ∆q
∆C

∣∣∣
T

(4.7)

Furthermore, the Slope tracking function includes a new parameter, λ,
which balances the contribution between the residual and the slope’s com-
parison by including a penalty term.
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4.4 Model discrimination and reconciliation
For each parameter estimation workflow, using the oxidized and reduced
dataset, the 20 best models were chosen for a more detailed model discrimina-
tion process. Choosing a small set of model candidates helps on the visualiza-
tion of the results from this step. First, the model performance was estimated
by calculating the Akaike Information Criteria, presented in Eq. 4.8.

AIC = n ∗ log

(
1
n

n∑
i=1

[qexp − qmod
qexp

]2
)

+ 2(p+ 1) (4.8)

This criterium evaluates the maximum likelihood estimator as an indicator
of fitting performance and it adds a penalty on model complexity. Then, an
overfitting evaluation is done by the estimation of the pair-wise correlation be-
tween parameters using the method from linear models which can be extended
to non-linear models if the Jacobian is estimated over a small perturbation.

The best model for the oxidized workflow and the best one for the reduced
workflow are chosen as the ones with the lowest AIC value and lowest corre-
lation distribution. They are used in the reconciliation step where a unified
model is built by separating the similarities into a common set of parameters
and the differences in specific set of parameters for the oxidized and reduced
dataset. For the reconciliation step, the parameters in the unified model are
estimated by using the Slope tracking objective function. This results in a uni-
fied NH3 adsorption model with an optimal set of parameters with physical
interpretation.

4.5 Robust models by cross-validation
The optimal set of parameters obtained for the unified model, is influenced
by the dataset used in the parameter estimation. As a result, it is possible
to obtain another set of optimal parameters if the dataset was different. A
robust model is not influenced by the used dataset and it is expected to
perform satisfactory under different datasets. Therefore, in this step a robust
set of parameters is determined by using a k-fold cross-validation method.

In this method, shown in Fig. 4.3, the full dataset is divided randomly
into k subsets equally distributed (k=5 in this study). Then, the parameters
are estimated k times, by assigning one subset as the validation set and k-1
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subsets as the ones used for parameter estimation.

Figure 4.3: k-fold cross-validation for robust modeling.

The robust set of parameters is obtained by calculating the mean value
from all the k parameter sets. This robust set of parameters accounts to
the uncertainties of the dataset. Afterwards, a quality assessment for the
unified model with the robust set of parameters is performed. It involves the
estimation of different lack-of-fit indicators and the correlation matrix between
parameters. For improvement on the design of the experiment, a local residual
analysis is performed, identifying the region that could benefit from additional
experiments.
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CHAPTER 5

Results and Discussion

A summary of the main results from the proposed experimental and data pre-
processing method for obtaining NH3 adsorption isotherms for a vanadium-
based SCR catalyst using a gas flow reactor is presented in this section. The
results include NH3 adsorption isotherms over a wide experimental region,
with increased resolution and repeatability. The pre-processing method with
its steps is discussed, revealing the importance of the Residence Time Distribu-
tion (RTD) model for real reactor characterization and the identification and
quantification of systematic artifacts which can be removed from the data. A
detailed description of the proposed experimental and pre-processing method,
and implications on the enhanced adsorption data for modeling purposes is
provided in Paper A.
Furthermore, this section includes the results from the modeling frame-

work developed in Paper B, to obtain an NH3 adsorption model that cap-
tures the main features of the NH3 adsorption isotherms obtained in Paper
A. A multi-site Langmuir adsorption model framework was implemented by
the definition of multiple model structures combining pre-defined adsorption
mechanisms with the number of site types assumed in the catalyst. In a data-
driven modeling framework, the best model is selected by the evaluation and
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discrimination of several models using lack-of-fit and parameter correlation in-
dicators. These allow the determination of the best model for describing the
NH3 adsorption isotherms for a vanadium-based SCR catalyst. Finally, the
obtained parameters are related to previous computational and experimental
studies increasing their validity.

5.1 Experimental
The proposed data processing method aimed for the estimation of NH3 ad-
sorption capacity for a vanadium-based SCR catalyst. This was achieved by
gas flow reactor characterization with a Residence Time Distribution (RTD)
model and the removal of artifacts. Three different samples on washcoat
loading and volume were used for this study and they were normalized by the
washcoat loading for making the dataset comparable and to extend the sam-
ple size. However, a smooth and continuous isotherm is required for modeling
purposes and an additional step for adjusting the washcoat loading due to
manufacturing deviations was included. The adjusted washcoat loading for
all the samples deviates less than 10% from the nominal value. The advantages
of the proposed method are illustrated in Fig. 5.1, where the same isotherm is
presented without (panel a) and with (panel b) the data processing method.
On panel A, the three different samples cannot produce a smooth isotherm,
and repeated measurements with the same sample are spread. The benefits
of the method, illustrated in panel b, are the following: the resolution of the
adsorption isotherm is increased since the data dispersion is reduced, and the
overestimation from the artifacts is removed. Therefore a continuous, smooth
and increasing adsorption isotherm is obtained.
The NH3 adsorption isotherms obtained with the proposed experimental

and data processing method over the wide experimental region of different
temperatures, NH3 gas concentrations, water gas concentrations and catalyst
states are presented in Fig 5.2.
Different aspects on NH3 adsorption over the vanadium-based SCR cata-

lyst were identified. The adsorption isotherms reach values closer to saturation
(plateau) at low NH3 concentration and there is a small increase in adsorption
capacity when the NH3 gas concentration is increased. Moreover, the figure
shows how the adsorption capacity decreases with temperature. The satura-
tion level (plateau) is reached at different NH3 storage capacities at different
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Figure 5.1: NH3 adsorption isotherm at 100◦C, for the oxidized catalyst sample
at 0.5% water concentration based on (a) unprocessed data and (b)
processed data.

temperatures reflecting the complexity of the catalyst surface where multiple
adsorption sites are present. This has been observed in other earlier studies
at molecular scale with experiments and DFT calculations. Furthermore, the
NH3 adsorption behavior shows to be different from the oxidized and reduced
catalyst. For the oxidized catalyst the adsorption capacity is higher, and wa-
ter promotes the NH3 storage capacity at low concentrations (0.5%) due to
the creation of new Brønsted sites. However, at high concentrations (5.0%),
water decreases the NH3 adsorption, which can be attributed to competitive
adsorption. For the reduced catalyst, water has an inhibitory effect in all
studied concentrations as a result of competitive adsorption with NH3. The
reduced catalyst can be re-oxidized in a reversible process where the catalyst
is restored at its fully oxidized condition. The above explains the importance
of the re-oxidation step in the SCR mechanism since the reaction cannot move
forward if NH3 does not adsorb. However, for the reduced catalyst, NH3 can
still adsorb, indicating the diversity of adsorption sites, where some sites are
more prone to be reduced by NH3 in the pretreatment step than others.
The obtained adsorption isotherms provide detailed information for model-

ing purposes, involving several adsorption sites over the catalyst surface, the
nature change between reduced and oxidized catalyst state, the water influence
on the NH3 adsorption capacity, and the activation of sites due to temperature
for reaching different adsorption saturation levels. From the results presented
in Fig. 5.2 the model has to capture the water effect, which involves compet-
itive adsorption in the reduced catalyst and in the oxidized catalyst at high
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Figure 5.2: Adsorption isotherms for NH3 on a vanadium-based SCR catalyst for
different oxidation states of the catalyst and different water concentra-
tions.

water concentration (5.0%). On the other hand, water increases the NH3 ad-
sorption capacity in the oxidized sample at low water concentration (0.5%),
which can be explained by the creation of new Brønsted acidic sites. With the
NH3 adsorption isotherm data obtained with the proposed experimental and
pre-processing method in Paper A, the definition of a suitable adsorption
model for the NH3 adsorption over a vanadium-based SCR catalyst was the
main scope of the Paper B.

Experimental method assessment
The proposed method provides systematic steps for obtaining data with high
resolution, low dispersion, and well-defined regions for proper inference. This
can be observed on the effect of water concentration on the NH3 adsorption
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for the oxidized catalyst as shown in Fig, 5.3. Fig. 5.3 presents the average
adsorption capacity for an NH3 gas concentration between 125 ppm and 400
ppm for the unprocessed and processed data. In the unprocessed data, it is
not possible to identify the subtle effect on water at low water concentration
since the high dispersion gives no statistical significance. On the other side,
the processed data provides a well defined range with low dispersion, adequate
for inferences about the observed phenomena.

Figure 5.3: Average adsorption capacity for NH3 concentrations in the range 125 to
400 ppm for different water concentrations, temperatures and catalyst
oxidation states.

Another advantage of the proposed method is the possibility to identify and
quantify the contribution of each data processing step in the reduction of the
NH3 adsorption capacity overestimation. Fig. 5.4 presents the results of this
analysis for the reduced and oxidized catalyst. Some steps, such as the RTD
characterization and the NH3 adsorbed in the experimental setup, provide
similar values between catalyst states since they depend on the experimental
setup. However, their relative contribution on the NH3 adsorption value is
higher for the reduced catalyst since the NH3 adsorption over the catalyst is
lower and the artifacts have a higher effect on the estimated value.
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Figure 5.4: Contribution of each preprocessing step in the overestimation magni-
tude between unprocessed and processed data.

As a result, this method offers a new alternative in the analysis of different
phenomena from experiments performed in a gas flow reactor under tran-
sient conditions, such as reaction and regeneration, with low dispersion, high
repeatability and a systematic approach.

5.2 Modeling
A 5-site NH3 adsorption model was selected from the data-driven modeling
process developed in Paper B. The model structure and obtained parameters
are outlined in Table 5.1. The model involves a single site with an NH3 simple
adsorption mechanism, three sites with a competitive adsorption mechanism
and a single site with a water activated adsorption mechanism.

Table 5.1: Selected NH3 adsorption model mechanism structure and parameters
with confidence interval.
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The model captures the main features from the experimental data as showed
in Fig. 5.5. These features are: the different saturation levels at different tem-
peratures and the NH3 storage reduction for the reduced catalyst compared
with the oxidized catalyst. In addition, water dynamics reduce the NH3 stor-
age capacity in the reduced catalyst and also in the oxidized catalyst at high
water concentrations (5.0%). On the other hand, water increases the NH3
storage capacity at low water concentrations (0.5%).

Figure 5.5: NH3 adsorption model fitting performance for the experimental ad-
sorption isotherms. Model values (continuous line) and experimental
data (black circles).

The relevance of the sites is evaluated from the values in Table 5.1 and
summarized in Fig. 5.6. For the reduced catalyst, the two most important
sites have a competitive adsorption and a simple adsorption mechanism (site
4 and 1), while for the oxidized catalyst, the two most important sites involve
a water activated adsorption and a competitive adsorption mechanism (site 2
and 5). Furthermore, some sites are not affected by the catalyst state, as seen
in sites 1,2 and 4.

The adsorption enthalpies, ∆Hads, are also reported in Table 5.1 and com-
pared with corresponding values obtained from DFT studies in Fig. 5.7. The
NH3 adsorption enthalpy varies from −155 to −95 kJ/mol, and the water
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Figure 5.6: Total number of sites for each site type for the reduced catalyst, Nred,
and the oxidized catalyst, Noxi.

adsorption enthalpy ranges from −130 to −49 kJ/mol. For water, enthalpy
values are lower than for NH3 which is in line with previous studies. Fur-
thermore, for site 3 the adsorption enthalpies for NH3 and water have similar
values, −127 and −130 kJ/mol, respectively. 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.

Figure 5.7: Adsorption enthalpy, ∆Hads, comparison between DFT studies for
vanadium and titanium clusters, and the model values.

The adsorption entropy, ∆Sads, is defined as two global variables outlined
in Table 5.1. ∆S1 with a value of −173 J/mol·K for NH3, and ∆S2 with a
value of −100 J/mol·K for water. From these values, the NH3 adsorption is
highly localized, with the NH3 molecule losing most of its degrees of freedom
while for water adsorption, the water molecule keeps some mobility over the
catalytic surface being relevant for activating sites for NH3 adsorption.
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The 95% confidence interval was also evaluated for checking overfitting is-
sues and presented in Fig. 5.8. The parameters with the widest confidence
intervals are the adsorption enthalpies, ∆H, for sites 1, 3 and 4, with a range
of 7% the original value. Nevertheless, these parameters are significant and
these results do not suggest overfitting issues.

Figure 5.8: 95% normalized confidence interval for the model parameters

Finally, the correlation matrix was calculated for analyzing the parameter
pair-wise interaction and presented in Fig. 5.9. High correlation values should
be analyzed to neglect overfitting issues but for the NH3 adsorption model,
high correlation values are expected since it is a highly non-linear model and
the adsorbed species the adsorption sites interact with each other on the
catalyst surface. The detailed analysis of the correlation matrix is presented in
Paper B, which shows the potential of this matrix to make inferences about
the adsorption behavior and interaction between sites.

Data-driven modeling process discussion
The data-driven modeling process proposed in Paper B involves the evalua-
tion of a large candidate model set generated systematically. The parameter
estimation was performed in three steps where around 33,000, 18,000 and
9,000 estimation assignments were evaluated respectively. Fig. 5.10 shows
the fitting performance at each step for each parameter estimation assign-
ment and the evolution towards better fitting performance achieved by the
use of different objective functions with increased complexity.
Then, for a detailed model discrimination, the 20 best models for the ox-

idized and reduced workflow were chosen and the fitting performance was
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Figure 5.9: Correlation matrix for the selected NH3 adsorption model.

evaluated and reported in Table 5.2. In the table, different indicators were
used and gave similar results. In addition, the best models have fewer param-
eters than the rest, supporting the balance between high performance and low
model complexity achieved in the modeling process.
The correlation matrix was calculated for each model, and summarized in

a correlation distribution presented for all the models in Fig. 5.11. The
best models have the lowest correlation between parameters and few outliers
due to the non-linear nature of the NH3 adsorption model. For the reduced
model, model 1 exhibits the lowest correlation distribution and the best fitting
performance as outlined in Table 5.2. However, for the oxidized model, model
1 does not have the lowest correlation distribution but it is close and fitting
performance is the main indicator for model selection.
The model reconciliation step consisted on finding similarities between the

best model for the reduced and oxidized workflow to build one unified model.
For the two models, similar site mechanisms were prioritized followed by sim-
ilar values on the adsorption enthalpy. As a result, it was found that the
two models share a simple adsorption mechanism site with similar adsorption
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Figure 5.10: Fitting performance at different parameter estimation steps, evalu-
ated by the AIC indicator. Orange points are the solutions used in
the next step. Panel a) and b) are the magnified view around the
best model region.

Table 5.2: Fitting performance summary for the 20 best models in the oxidized
and reduced workflow.
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Figure 5.11: Pair-wise parameter correlation distribution for the 20 best models
in the oxidized and reduced workflow.

enthalpies. Also, three sites with a simple or competitive adsorption of NH3
mechanisms in the models were reconciled based on similar enthalpy values.
For these three sites, simple adsorption mechanisms were changed to compet-
itive adsorption mechanism since they capture the interactions with water.
Finally, a competitive adsorption mechanism site has the same enthalpy as
a water activated adsorption mechanism site. Here, the water activated ad-
sorption mechanism was chosen since it is the only mechanism in the unified
model that describes the increase of the NH3 storage capacity in presence of
water.
For the unified adsorption model, a cross-validation step was performed for

obtaining robust parameters that account for data uncertainties. The results
are presented in Fig. 5.12. The new parameter values changed less than 0.5
standard deviations, which do not change the physical significance.
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Figure 5.12: Cross-validation results for the selected NH3 adsorption model. The
red line represents the mean value used as the final value for the
unified robust model.
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CHAPTER 6

Concluding Remarks and Future Work

This thesis is aimed to develop a systematic, reliable and accurate method
from improving the model fitting performance for catalysts used in the emis-
sion after-treatment system. The methods developed in this study were ap-
plied on finding the best NH3 adsorption model for describing the equilibrium
state in a state-of-the-art vanadium-based SCR catalyst. This was achieved by
developing an experimental and pre-processing method for obtaining artifact-
free experimental data with high resolution using a gas flow reactor, which is
the most versatile experimental setup for kinetic studies used in the industry
and academia. The developed method involved the reactor characterization
by a residence time distribution (RTD) model for estimating the delay and
dispersion times in the experimental setup, and the identification and quan-
tification of artifacts.
Then, a data-driven processing process was developed to find the best mech-

anistic NH3 adsorption model within the framework of Langmuir adsorption
models. In the data-driven process, the purpose was to find the best model
describing the experimental data from a massive set of model candidates.
A 5-site adsorption model was chosen as the best model for describing the
wide experimental region that considers different temperatures, NH3 concen-
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trations, water concentrations and catalyst state. The 5-site model involves
mechanisms such a simple adsorption, competitive adsorption where water
competes for adsorption sites, and water activated adsorption where water
activates and adsorption site for NH3 adsorption. The obtained robust model
shows superior fitting performance over a wide experimental region with sat-
isfactory quality assessment results. Furthermore, it was possible to relate
the obtained values for the parameters with physical significance about the
different adsorption sites on the catalyst surface and the interaction between
adsorbates on these sites. For instance, the model reveals that NH3 has a
higher adsorption enthalpy than water since NH3 is a stronger base than wa-
ter. However for one site with a competitive adsorption mechanism, the des-
orption enthalpies for NH3 and water are similar which suggest an adsorption
site in the support which is not a Brønsted or Lewis acidic site.
Additionally, the model suggests that three adsorption sites are not affected

by the catalyst state, since the NH3 storage capacity remains stable between
the oxidized and reduced state. Moreover, the adsorption entropy from the
model, indicates a highly localized adsorption for NH3 while for water, some
mobility over the surface is feasible, which explains the water dissociation for
site activation in the catalyst.
In this thesis we propose a new data-driven modeling process for kinetic

models, which is not limited to the parameter estimation step performed in
most of kinetic studies. The method is based the formulation of multiple fea-
sible models, that are complex quantitative hypothesis, and evaluated with
different initialization states to avoid local minima. Therefore, the maxi-
mization of usable information from the experimental data let us choose the
best model based on fitting performance. The use of a large set of candidate
models, reduces the probability of neglecting the best models for evaluation.
However, it involves the implementation of computational methods to handle
the multiple optimization assignments. Furthermore, the search for the global
optima for the models, was performed by developing a sequential and ro-
bust parameter estimation workflow, where different objective functions with
higher complexity benefit convergence and fitting performance.
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6.1 Outlook
Even though the obtained model just describes the NH3 adsorption behavior
at equilibrium, it provides relevant information and parameters for achieving a
transient NH3 adsorption model with increased fitting performance, and high
validity since satisfactory prediction at steady-state conditions is a require-
ment for a proper transient kinetic model. Therefore, the obtained results
from this study will be used for the model development process for the tran-
sient NH3 adsorption model.
Moreover, the NH3 adsorption model gives interesting results on the dif-

ference between the oxidized and reduced catalyst, which will be investigated
for characterizing the different adsorption sites and their interaction and their
potential role as active sites in the SCR mechanism. As a result, a set of
reaction steps between number of sites in the reduced catalyst, Si−Nred, and
the number of sites in the oxidized Si −Noxi could be achieved.
Furthermore, the experimental and modeling framework developed in this

study could be used for studying the NH3 adsorption phenomena in the
vanadium-based SCR catalyst after a controlled aging protocol, since the effect
of aging on the NH3 storage capacity is relevant for the industrial application.
Additionally, this method could be validated by obtaining an NH3 adsorption
model for a copper-functionalized zeolite SCR catalyst, where higher NH3
storage capacities are expected but further studies are required to investigate
the water dynamics and the role of oxygen.
Finally, the computational methods developed in this study are already

deployed in a high-performance computer cluster but they can be optimized
for faster computation and better resource utilisation. This will involve the
improvement of the current methods, including new variables for the proper
configuration of the computing cluster.
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