
 

 

 
 

 

 

 

 
 

Analysing Big Data: QXAS on Ni-Fe catalysts  

 

 

 

 

Valentijn De Coster  
Student number: 01403776  

 

Supervisors: Dr. Hilde Poelman, Prof. dr. ir. Maarten Sabbe  
Counsellors: Ir. Nadadur Veeraraghavan Srinath, Ir. Laura Pirro  

 

Master's dissertation submitted in order to obtain the academic degree of  
Master of Science in Chemical Engineering  

Academic year 2018-2019 

 
 



 

 



 

 

 
 

 

 

 

 
 

Analysing Big Data: QXAS on Ni-Fe catalysts  

 

 

 

 

Valentijn De Coster  
Student number: 01403776  

 

Supervisors: Dr. Hilde Poelman, Prof. dr. ir. Maarten Sabbe  
Counsellors: Ir. Nadadur Veeraraghavan Srinath, Ir. Laura Pirro  

 

Master's dissertation submitted in order to obtain the academic degree of  
Master of Science in Chemical Engineering  

Academic year 2018-2019



Acknowledgement 
 

As this thesis marks the end of 5 years of study, I would like to recognize the support of the 

instances and people who have helped in its realization.  

 

This work was performed with data acquired at the ROCK beamline of the French synchrotron 

SOLEIL (proposal 201502561). Therefore, I would like to acknowledge assistance from the 

ROCK staff and support from a public grant overseen by the French National Research Agency 

(ANR) as part of the “Investissements d’Avenir” program (reference: ANR-10-EQPX-45) for 

the ROCK beamline. 

 

Regarding Ghent University, I want to give my thanks to my promoters, dr. Hilde Poelman and 

prof. dr. ir. Maarten Sabbe, for both giving me the opportunity to work on this interesting topic 

as well as providing valuable feedback over the past year.  

Of course, this work would also never have been concluded well without the help of my 

counsellors, Nadadur Veeraraghavan Srinath and Laura Pirro, whom I’d specifically want to 

thank for their advice during the year but also in moulding the thesis into its final form. 

Furthermore, I also want to give my thanks to prof. dr. Vladimir Galvita, whose counsel on the 

catalyst system has proved to be invaluable in the present work. 

 

On a more personal level, I would love to convey my thanks to my family, more specifically my 

father, mother and sister. All of whom have supported me immensely over the past years and 

without whom this thesis and my education never would have been brought to a successful 

end. 



LABORATORY FOR CHEMICAL TECHNOLOGY 
   Technologiepark 125, 9052 Gent, Belgium 

 

 
 
 
 
 
 
 

 
Declaration concerning the accessibility of the master thesis 

 
 
 
 
 
Undersigned, 
 
Valentijn De Coster 
 
Graduated from Ghent University, academic year 2018-2019 and is author of 
the master thesis with title: 

 
Analysing Big Data: QXAS on Ni-Fe catalysts 

 
The author(s) gives (give) permission to make this master dissertation available for 
consultation and to copy parts of this master dissertation for personal use. 
In the case of any other use, the copyright terms have to be respected, in particular 
with regard to the obligation to state expressly the source when quoting results from 
this master dissertation. 

 
 
 
 

May 31, 2019 
 

Valentijn De Coster 
 



 

   

Analysing Big Data: QXAS on Ni-Fe catalysts 
 
Valentijn De Coster 
Student number: 01403776 
 
Supervisors: Dr. Hilde Poelman, Prof. dr. ir. Maarten Sabbe 
Counsellors: Ir. Nadadur Veeraraghavan Srinath, Ir. Laura Pirro 

Master's dissertation submitted in order to obtain the academic degree of  
Master of Science in Chemical Engineering  

Academic year 2018-2019 

Faculty of Engineering and Architecture 

Abstract 

In situ quick X-ray absorption spectroscopy (QXAS) data of Ni-Fe/MgAl2O4 catalysts subjected 

to H2-TPR up to 800 °C (10 °C/min) and dry reforming of methane (DRM) (750 °C, 1 atm, 

CH4/CO2 = 1/3) obtained at both Ni-K and Fe-K edges were analysed. To this end, principal 

component analysis combined with linear combination fitting (PCA-LCF) and multivariate curve 

resolution coupled with alternating least squares (MCR-ALS) were used to speciate the 

systems. An integrated methodology was devised to cope with some of the inherent limitations 

of MCR-ALS. Analysis of H2-TPR data indicated that the reduction was incomplete, although 

this could only be confirmed quantitatively for the Ni-K edge data. For both Ni and Fe species, 

a reduction mechanism was proposed. Additionally, it was observed that the Ni/Fe ratio of the 

catalyst affected the reduction behaviour of the catalyst. A similar analysis of the DRM dataset 

elucidated the formation of an Fe-Ni alloy core surrounded by a shell of FeO nanoparticles, 

which appeared to form within the first 5 minutes and remained quasi-stable throughout the 

remainder of the reaction.  
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Abstract: In situ quick X-ray absorption spectroscopy (QXAS) 
data of Ni-Fe/MgAl2O4 catalysts subjected to H2-TPR up to 800 °C 
(10 °C/min) and DRM (750 °C, 1 atm, CH4/CO2 = 1/3) obtained at 
both Ni-K and Fe-K edges were analysed. To this end, principal 
component analysis combined with linear combination fitting 
(PCA-LCF) and multivariate curve resolution coupled with 
alternating least squares (MCR-ALS) were used to speciate the 
systems. An integrated methodology was devised to cope with 
some of the inherent limitations of MCR-ALS. Analysis of H2-TPR 
data indicated that the reduction of Fe and Ni was incomplete, 
which could be confirmed quantitatively for the Ni-K edge data. 
A reduction mechanism was proposed for both Ni and Fe species. 
Additionally, the Ni/Fe ratio affected the reduction behaviour of 
the catalyst. A similar analysis of the DRM dataset elucidated the 
formation of a Ni-Fe alloy core surrounded by a shell of FeO 
nanoparticles. This structure formed within the first 5 minute and 
remained quasi-stable throughout the remainder of the reaction.  

Keywords: methane dry reforming, time-resolved X-ray 
absorption spectroscopy, PCA, LCF, MCR-ALS 

I. INTRODUCTION 

 
QXAS, i.e. time-resolved XAS with time resolutions on the 

order of s or ms, is an example of the many state-of-the-art 
techniques that can be used to characterize heterogeneous 
catalysts [1]. In conjunction with operando experiments and 
edge jumping capabilities [2], such measurements can give 
access to the behaviour of transient structures composed of 
different elements during reaction. However, as one dataset can 
encompass several gigabytes, the use of big data methods is 
recommended. A common approach to speciate such datasets 
is a combination of principal component analysis (PCA) with 
least squares fitting of a linear combination of spectra of 
references to approximate the sample’s composition at a given 
time [3]. A disadvantage of this method is that such references 
-if available- may not be representative of the species in the 
sample. Therefore, recent studies have shown a keen interest in 
blind-source separation methods such as MCR-ALS [4]. In 
turn, this method suffers from intrinsic drawbacks, e.g. the non-
unicity of the solution and the need for high-quality data [5]. 

Ni-Fe/MgAl2O4 catalysts used in DRM [6] are an example of 
systems noteworthy for investigation via QXAS. Previous 
studies have indicated their high activity, suppression of carbon 
formation and relatively low cost compared to their noble metal 
counterparts [6]–[8]. Still, some open questions remain 
regarding identification of their activation mechanism and 
verification of the presence of oxides during DRM conditions 
at relatively low CO2 partial pressures, i.e. CH4/CO2 > 1/6. To 
address these questions, in situ QXAS data of such Ni-
Fe/MgAl2O4 catalysts were investigated through the use of 
PCA-LCF and MCR-ALS. Moreover, for both methods, 
advantages and disadvantages were assessed.   

II. METHODOLOGY 

A. XAS data pre-treatment 
All data destined for PCA-LCF analysis were treated using 

the built-in normalization procedures in the software Athena 
[9]. Data intended for MCR-ALS were pre-processed using the 
Python normalization GUI developed by dr. Olga Roudenko 
[10]. 

B. PCA-LCF 
PCA, target transformation (TT) and linear combination 

fitting (LCF) were performed using Athena. Additional PCA 
tools were supported by the MATLAB XAS_SVD toolbox 
developed by Thomas Putaud [10]. For TT, candidate reference 
spectra were compared with their transformed counterpart 
using the R factor test [11]. LCF made use of the so-determined 
best candidate spectra.  

C. Integrated methodology for MCR-ALS 
MCR-ALS analysis was performed using the MATLAB GUI 

developed by Tauler et al. [12]. In order to find adequate initial 
guesses for MCR-ALS, i.e. the component spectra (ST) or the 
concentration profiles (C), a methodology was devised which 
integrates PCA-LCF and MCR-ALS analyses of multiple 
datasets. This approach is represented schematically in Figure 
1. Herein, either the candidate species spectra or the 
concentration profiles obtained in PCA-LCF can serve as 
estimate in MCR-ALS. In addition, this estimate may contain 
elements originating from specialized algorithms, e.g. from the 
SIMPLISMA approach [13], and results of MCR-ALS analysis 
of other datasets. 

The preliminary PCA also gives access to a range for the 
possible number of PCs ([PCMIN, PCMAX]). In the methodology, 
the number of PCs that is used as input for MCR-ALS (PCNR) 
systematically climbs through this range in the ‘PCNR Update’ 
section.  

When MCR-ALS is applied, the optimal C and ST matrices 
are obtained. To assess the quality of this solution -and 
circumvent the problem of non-unicity- its physical relevance 
and identity are checked using physicochemical knowledge 
attained through previous studies. If the result is not relevant, 
e.g. contradicts previous experiments or is noise-dominated, 
MCR-ALS can be retried using another type of estimate (other 
combination). Should the result fail to become physically 
relevant after trying a number of combinations, it can be 
assumed that the method only works for PCNR-1 components 
(optimum PCNR) and the methodology is concluded for that 
dataset. If the result is/becomes of ‘better quality’, it may in 
turn serve as initial estimate for another dataset -with the 
possible extension of additional elements from algorithms or 



PCA-LCF- to establish an interplay between datasets. As this 
result is for a given PCNR, this number can be increased in an 
attempt to improve the speciation.  

D. Data 
The aforementioned methods were applied to a series of in 

situ QXAS measurements on Ni-Fe/MgAl2O4 catalysts. 
These catalysts were synthesized previously by Theofanidis 

et al. [6]. In the presented study, two such catalysts were 
examined: one with 10 wt% Ni and 10 wt% Fe 
(10Ni10Fe/MgAl2O4) and one with 10 wt% Ni and 5 wt% Fe 
(10Ni5Fe/MgAl2O4). 

In situ QXAS data were recorded at the ROCK beamline of 
synchrotron SOLEIL during H2-TPR up to 800 °C and DRM at 
750 °C, 1 atm and CH4/CO2 = 1/3. An oscillating 
monochromator switched between the Ni-K and Fe-K edge, 
allowing a quasi-simultaneous recording of these edges. The 
10Ni10Fe catalyst was examined during H2-TPR and DRM 
while the 10Ni5Fe system was investigated under H2-TPR 
conditions only. 

Ex situ measurements were performed for a series of 
references for later use in the data analysis. These included: 
Fe2O3, Fe3O4, FeO, Fe foil, NiO and Ni foil. 

III. RESULTS  

A. 10Ni10Fe/MgAl2O4 H2-TPR  
PCA-LCF—Upon comparing the in situ XAS spectra with 

those of reference oxide and metallic phases (not shown), it is 
observed that these do not resemble the initial and final state of 
the system. Hence, it was decided to expand the library of 
references with XAS measurements of MgFeAlO spinels 
(obtained from the work of Dharanipragada et al. [14]) and a 
‘model’ Ni-Fe alloy spectrum which was taken as the initial 

state of the 10Ni10Fe catalyst during the DRM experiment, i.e. 
after H2-TPR and a one hour exposure to H2 at 800 °C.  

The PCA-LCF results at the Fe-K edge (Figure 2) indicate 
that a reduction mechanism of the form Fe2O3 à Fe3O4 à FeO 
à Fe (metallic or alloy) takes place. At the same time, Ni-K 
edge data suggest a mechanism of the form NiO à Ni (metallic 
or alloy). While this is in accord with prior research [6], the 
suggested full reduction of MgFeAlO and reoccurrence of 
Fe2O3 at 600-700 °C are very unlikely [15]. It is thought that 
this is due to a lack of representative reference spectra; an 
examination of the LCF residual reveals a maximum at the 
starting point and at the moment MgFeAlO disappears. Hence, 
the presence of other Fe phases, e.g. NiFe2O4 or a distorted 
MgFeAlO spinel [16], is plausible. The residuals for the Ni-K 
edge results are quite large (~10-2 %). Analogously to the Fe-K 
edge, this is likely caused by the presence of a NiAl2O4 phase 
[6] for which no reference spectrum is available. 

 

  

  

Figure 2: PCA-LCF results for the 10Ni10Fe/MgAl2O4 H2-TPR 
dataset. A: Fe-K edge concentration profiles. B: Fe-K edge residual 
plot. C: Ni-K edge concentration profiles. D: Ni-K edge residual plot.  

Figure 1: Schematic representation of the integrated methodology used for MCR-ALS. 

A B 

D C 



MCR-ALS—MCR-ALS succeeds to derive 3 components 
for the Fe-K edge while it manages to derive 4 for the Ni-K 
edge, as represented in Figure 3. 

Fe edge results are sub-optimal; prior experiments on Ni-Fe 
catalyst have indicated the presence of a minimum of 4 Fe-
containing species [6]. Consequently, different chemical 
species cannot be distinguished and ‘coalesce’ into the same 
component. This is supported by the concentration profile of 
the (oxidized) 1st component, which rises again near the end of 
the experiment. 

For the Ni-K edge, all components could be identified in a 
one-to-one fashion as given in Figure 3 B. It is noteworthy to 
mention that despite the absence of a NiAl2O4 reference, this 
component’s contribution throughout the entire program could 
be derived, along with those of metallic Ni and Ni-Fe alloy. 

 

 

 

Figure 3: MCR-ALS results for the 10Ni10Fe/MgAl2O4 H2-TPR 
dataset for the Fe-K edge (A) and Ni-K edge (B). 

B. 10Ni5Fe/MgAl2O4 H2-TPR  
PCA-LCF—All results from the PCA-LCF analysis of the 

10Ni5Fe catalyst are similar to those of its 10Ni10Fe 
counterpart, the only notable difference being a shift in 
characteristic temperatures to 50-100 °C higher values in all 
concentration profiles. 

MCR-ALS—Similar to PCA-LCF, the application of MCR-
ALS to the Fe-K edge of the 10Ni5Fe H2-TPR dataset yields 
results that only differ from their 10Ni10Fe counterpart in a 
shift to higher temperature values. This is in contrast with the 
Ni-K edge data, for which the methodology now successfully 
derives 5 components as shown in Figure 4. 

 
 

Identification for the latter edge is not straightforward: all 
concentration profiles show a linear behaviour at the start of the 
program, which is attributed to artefacts of the numerical 
procedure. If abstraction is made of this shortcoming, these 
components can be identified by making use of the derived 
spectra. Likewise, it must be noted that the identification of 
NiFe2O4 is based on its hypothesized presence in other work 
[6]; from investigation of the spectral features alone, its 
determination as NiFeAlO4 is equally plausible [17]. 

C. 10Ni10Fe/MgAl2O4 DRM 

PCA-LCF—From Figure 5, it is clear that oxidation of Fe 
species indeed takes place at the start of DRM. More 
specifically, under the imposed DRM conditions, this happens 
within the first 5 minutes, after which the oxidation rate 
decreases, resulting in an asymptotic FeO contribution of ~55  

%. In addition, LCF suggests a constant Fe contribution 
throughout the reaction. 

At the Ni-K edge, no apparent changes occur, save for NiO 
and metallic Ni weights fluctuating within ±10 % of their 
average values of 90 % and 10 %. 

 

               

   

Figure 5: PCA-LCF results for the 10Ni10Fe/MgAl2O4 DRM dataset. 
A: Fe-K edge concentration profiles. B: Fe-K edge residual plot. C: 
Ni-K edge concentration profiles. D: Ni-K edge residual plot. 

MCR-ALS—Fe-K edge results from MCR-ALS (Figure 6) 
distinguish an oxidation concentrated in the first 5 minutes of 
reaction, up to a final weight of ~52 %. Based on prior work 
and comparison with reference spectra, an identification of the 
as-derived components as FeO and Ni-Fe alloy is proposed. 

A noteworthy result is that the method elucidates only one 
component for the Ni-K edge, thus failing to derive a relevant 
number of components –the presence of NiAl2O4 ánd Ni-Fe 
alloy during DRM are reported elsewhere [6]. A possible cause 
of this result is the insignificant change in XAS data, which 
hinders the derivation of multiple PCs.  

Figure 6: MCR-ALS results for the 10Ni10Fe/MgAl2O4 DRM Fe-K 
edge data. 

A 

B 

A B 

C D 

Figure 4: MCR-ALS results for the 10Ni5Fe/MgAl2O4 H2-TPR Ni-K 
edge data.  



IV. DISCUSSION OF RESULTS 

A. H2-TPR data 
Speciation results reveal that the 10Ni10Fe and 10Ni5Fe 

catalysts exhibit similarities during H2-TPR. First, the 
reduction is only partial, though this can only be derived 
quantitatively from MCR-ALS results at the Ni-K edge; NiO 
weights of 6-8 % remain at the end of the program. However, 
this is likely caused by an insufficiently high reduction 
temperature as prior studies have utilised dwell temperatures of 
850 °C [6]–[8]. Reduction rates that decline significantly after 
800 °C strengthen this hypothesis. Second, from quasi-similar 
trends in concentration profiles at the Fe-K edge, it is assumed 
that the reduction mechanism for Fe oxides is the same for both 
catalysts. Then again, the presence of other Fe phases cannot 
be excluded. 

Even so, two differences can be distinguished. A first is the 
notable shift in concentration profiles to higher temperatures in 
the 10Ni5Fe dataset, while a second is the derivation of an 
additional Ni-species by MCR-ALS for the same data. Both can 
be explained through this catalyst’s higher Ni/Fe ratio: this 
enhances a characteristic Ni behaviour of the catalyst, which is 
in line with Meng et al. [18], and improves the chances of 
forming additional Ni species. 

Application of both analysis methods reveals that MCR-ALS 
can go beyond the restrictions of PCA-LCF, as demonstrated 
for the Ni-K edge. In spite of this, the Fe-K edge fails to derive 
a meaningful number of components. Inspection of the EXAFS 
signal reveals that this is likely due to the relatively low signal 
to noise (S/N) ratio for Fe-K edge measurements as this leads 
to embedment of noise into the modelling of the data via MCR-
ALS, thereby obscuring any physical relevance a component 
may have carried and inhibiting effective speciation [5]. 

The reduction mechanism as well as the proposed identity of 
additional phases are given in Figure 7.  

 

 

Figure 7: Schematic representation of the proposed identification of 
the constituents and reduction mechanism in Ni-Fe/MgAl2O4 catalysts 
during H2-TPR up to 800 °C. Dotted black lines indicate the as-
prepared state. The edge from which these components are derived is 
given above these lines. Question marks indicate open questions. It is 
assumed that alloys are neighboured by their constituting elements. 

B. DRM data 
The oxidation of Fe species and concurrent unchanged state 

of Ni species can be explained through the appearance of a 
core-shell structure at the imposed DRM conditions. Herein, 
the core consists of a Ni-Fe alloy with a shell of FeO 

nanoparticles, which is coherent with the findings of 
Theofanidis et al. [8]. It must be noted that this oxidation 
predominantly occurs within the first 5 minutes.  

The presence of separate metallic Fe and Ni phases, as 
suggested by PCA-LCF, is not found in the MCR-ALS results. 
For the Fe-K edge, this likely originates from its S/N ratio, 
while it is likely that insignificant changes in the Ni-K edge 
XAS data is the root cause for the latter edge. Then again, the 
unchanged presence of such separate metallics is unlikely, as 
these should behave as pure supported Fe or Ni catalysts and 
thus should undergo oxidation and coking under the imposed 
DRM conditions. However, with the current data, no clear 
proof is available for the existence of these phases during 
DRM. 

The above considerations are represented in Figure 8. 
 

 

Figure 8: Schematic representation of the constituents in 
10Ni5Fe/MgAl2O4 during DRM at 750 °C, 1 atm and CH4/CO2 = 1/3. 
Question marks indicate open questions. Note that abstraction is made 
of the hypothesized components from H2-TPR results. 

V. METHODOLOGICAL DISCUSSION 

A. PCA-LCF 
The treated Fe-K edge H2-TPR datasets demonstrate how the 

necessity of representative reference spectra is a major issue for 
PCA-LCF. As such, an effective analysis with this method 
requires performing preliminary experiments to get an idea of 
the system’s constituents, i.e. physicochemical knowledge in 
Figure 1, which in turn instigates (ex situ) XAS measurements 
of associated references to use in LCF. 

If this problem is accounted for accordingly, the method can 
prove advantageous when the presented XAS data have either 
a significant noise contribution or exhibit little change during 
its measurement, i.e. in cases when MCR-ALS fails. Apart 
from that, PCA-LCF is generally less time-intensive than 
MCR-ALS as it does not face the trouble of finding initial 
estimates or having to identify the final results. 

B. MCR-ALS 
The integrated methodology has proven its worth in 

circumventing inherent issues of MCR-ALS, such as finding 
adequate initial estimates and dealing with non-unicity of the 
solution. However, several remarks must be made. 

First, XAS data destined for MCR-ALS must fulfill certain 
prerequisites. A sufficiently high S/N ratio and variation in the 
data are needed to allow speciation of an as high as possible 
number of components. Additionally, the use of multiple 
datasets is strongly suggested to successfully conclude the 
MCR-ALS analysis, especially when the experimental input is 
kept at a minimum. In that case, the methodology in Figure 1 
can present an iterative approach wherein the solutions of one 
dataset can be ‘refined’ by using them as initial estimate of 
another dataset. The results of this latter dataset can then be 
submitted back to the first dataset, yielding a ‘refined’ solution 
after a repeated MCR-ALS analysis. 



Second, the methodology is quite time-intensive, as 
obtaining adequate estimates and finalizing the procedure 
require a trial and error type of approach. 

Third, other experiments must be performed on the same 
system in order to assess the relevance of the results and 
identify the components.  

VI. CONCLUSIONS AND FUTURE WORK 

 
In situ QXAS data of 10Ni10Fe/MgAl2O4, subjected to H2-

TPR and DRM, and 10Ni5Fe/MgAl2O4, subjected to H2-TPR, 
have been investigated by means of PCA-LCF as well as MCR-
ALS via an integrated approach. 

Analysis of the H2-TPR data revealed that when a 
programmed reduction to 800 °C is applied, the reduction of 
both catalyst systems is only partial. MCR-ALS proved to be 
most efficient when applied to the Ni-K edge, yielding 
quantitative information to derive a reduction mechanism of the 
Ni species. A similar analysis of the Fe-K edge was inhibited 
by a lack of reference components and lower S/N ratios of the 
XAS data. Nevertheless, relative comparison of the results 
indicated differences in the reduction temperatures and number 
of components that are presumably caused by the systems’ 
different Ni/Fe ratios.  

From DRM data analysis, it was evidenced that the imposed 
DRM conditions induced the appearance of a Ni-Fe alloy core 
surrounded by a shell of FeO nanoparticles. Moreover, it was 
concluded that these structural changes only occurred in the 
first 5 minutes of the reaction, after which a quasi-stable 
composition was attained.  

Through its application, the largest obstacle encountered for 
PCA-LCF is its necessity of representative reference spectra. 
Even though MCR-ALS does not inherently suffer from this, 
its most severe disadvantage is the requirement for initial 
estimates. The use of an integrated methodology mitigated this 
problem while also providing a procedure for iterative stand-
alone treatment of XAS data and a systematic approach to cope 
with a range of PCs. Still, this methodology requires additional 
physicochemical knowledge of the system, i.e. experiments, 
and a trial and error approach to conclude the procedure.         

Future work related to the analysis of QXAS data of Ni-Fe 
catalysts may present itself in a more detailed analysis of the 
given datasets and results. For one, the components obtained 
via MCR-ALS may be subjected to XANES and EXAFS 
modelling. In addition, an expansion of the library of reference 
spectra with NiAl2O4, NiFe2O4 and the hypothesized Fe species 
may facilitate a more rigorous PCA-LCF analysis. The use of 
more advanced big data procedures such as maximum 
likelihood PCA and MCR coupled with weighted alternating 
least squares is also noteworthy.  

On the other hand, the same analytical procedures used in this 
thesis may be applied to similar QXAS experiments on 
monometallic Fe and Ni catalysts for comparison purposes.  

Other in situ QXAS experiments may also be performed on 
the same Ni-Fe catalysts as in this thesis, e.g. TPO and redox 
cycling, such that the subsequent big data analysis can give 
more insight into the catalysts’ behaviour under such 
conditions. 
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1 Introduction 
 

Over the past decade, the global generation and use of data has experienced an exponential 

growth [1]. More so, a forecast by the International Data Corporation predicts that this trend 

will continue with an annual growth in utilised data volume of more than 25 % per year up to 

2025 [2]. Key enablers of this big data growth are the emergence of new inventions and 

technologies in the current era of digitalization. A logical consequence of this rise in big data 

is the necessity of specialised treatment methodologies to analyse large data volumes in order 

to effectively access the information hidden within. Therefore, the use of big data analysis has 

become a hot topic in many sectors, ranging from research to business and many more. 

 

One such application within the research sector is found in time-resolved X-ray absorption 

spectroscopy (XAS). With the improvement of equipment at state-of-the-art synchrotron 

facilities used for XAS experiments, time resolutions of ~s or even ~ms have become available 

for the measurement of a single spectrum where these originally required a time on the order 

of minutes [3]. Such ‘fast’ XAS variants are named quick XAS (QXAS). In conjunction with 

edge switching capabilities [4], as well as in situ and operando characterization experiments, 

this opens the pathway to a better understanding of the transient behaviour of the components 

in the sample during reaction. As such measurements mostly encompass hundreds of spectra, 

the need for time-efficient big data analysis methods is recommended. A common approach 

to extract the different components is a combination of principal component analysis (PCA) 

with least squares fitting of a linear combination of spectra of reference species to approximate 

the sample’s composition at a given time instant [5]–[7]. For ease of purpose, this method shall 

be referred to as PCA-LCF (PCA combined with linear combination fitting). A disadvantage of 

this method is that such references - if available - may not be representative of the species in 

the sample. To overcome this problem, recent studies have shown a keen interest in blind-

source separation methods such as multivariate curve resolution coupled with alternating least 

squares (MCR-ALS) [7]–[13]. However, it is stated that bottlenecks of this method are the non-

unicity of the solution as well as the need for high-quality data, i.e. little noise, that has 

undergone meticulous pre-treatment [14]. 

 

An example of systems worthy of investigation using QXAS and the abovementioned methods 

are catalysts used in dry reforming of methane (DRM). Of all methane reforming reactions, this 

variant is particularly interesting due to its relatively lower operating costs. In addition, the 

theoretical H2/CO ratio of 1/1 of the obtained syngas is favourable for Fischer-Tropsch and 

methanol synthesis. Next to that, DRM acts as a pathway for CO2 utilisation and methane 
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valorisation, which are key in working towards a sustainable future. The DRM reaction is 

represented in (1). 

*#+ + *-. → 2	*- + 2	#.										∆#° = 261	67	89:;< (1)  
An additional important reaction during DRM is the reverse water-gas shift: 

#. + *-. → #.- + *-										∆#° = −41	67	89:;< (2)  
One of the biggest challenges for DRM catalysts is that these must be resistant to carbon 

deposition, while also being active and preferably inexpensive. Noble metal catalysts are 

effective in suppressing carbon formation and show high activities, but are offset by their high 

costs. In that regard, less expensive Ni-Fe/MgAl2O4 catalysts have proved to be an interesting 

alternative when used under DRM conditions, i.e. at 650-800 °C, 1 atm and CH4/CO2 ratios of 

1/1 [15]. Though previous studies have revealed mechanistic aspects of this catalyst [15]–[17], 

no quantitative information is available regarding the different components present during 

activation and DRM. Answering these questions is crucial to better understand the behaviour 

of these catalysts, which in turn can form the basis for improved catalyst design. 

 

In this thesis, PCA-LCF as well as MCR-ALS are applied to in situ QXAS measurements of Ni-

Fe/MgAl2O4 catalysts obtained at both Fe-K and Ni-K edges with switching capability and 

under temperature programmed reduction (TPR) (under H2) and DRM conditions. This is with 

the intention to get a better understanding of the sample’s constituents in a reactive 

environment but also to explore the advantages and disadvantages of both methods. 

Additionally, this case study aims to form the basis of an MCR-ALS methodology at the 

Laboratory for Chemical Technology. 

To this end, a literature study is performed first, focusing on the aspects of big data, the 

background of (Q)XAS, the principles of PCA-LCF and MCR-ALS as well as a short overview 

of catalysts used for DRM. Afterwards, a systematic methodology is developed to analyse the 

datasets, followed by an application of this methodology to the QXAS data and a discussion 

of the as-obtained results and the methodology. In a final part, conclusions and suggestions 

for future work are given. 
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2 Literature study 
 
For the purpose of accruing knowledge related to the topics handled within this thesis, a 

literature study has been performed. To this end, the concept of big data is explained, after 

which QXAS is presented as the source of big data in this thesis. Furthermore, the analytical 

methods used to treat these data are described. Finally, a Ni-Fe catalyst is taken as case 

study, for which a background of existing work is provided. 

 
2.1 Big data 
 
In this section, the main characteristics of big data are explained along with the primary 

reasons to apply big data analysis. Several examples are presented as well. Specific big data 

analysis methods utilised in this thesis are described later (in section 2.3) as these require a 

more in-depth analysis of XAS first. 

 
2.1.1 Big data characteristics 
 
A general definition [18] of big data is ‘an amount of data which is so large or complex that it 

becomes impossible to treat efficiently with standard data analytical techniques’. However, 

multiple published works [19]–[21] characterize big data through three main characteristics 

known as the ‘three Vs’: volume, velocity and variety. These are represented in Figure 1. 

 

‘Volume’ represents the sheer amount of data, being normally on the order of terabyte (TB), 

i.e. 1012 bytes, or even petabyte (PB), i.e. 1015 bytes. 

‘Velocity’ indicates the rate at which data is generated and treated. A typical example of this 

concept is real-time optimization (RTO) of processes [22], in which measurements of process 

parameters in the present together with data from the past are implemented in a process model 

to estimate the optimal process input. However, some data cannot be obtained in a continuous 

manner, but only through batch processing [21], i.e. it can only be acquired at certain instances. 

Another way to define big data is through the ‘variety’ in data types: structured [23], 

unstructured [23] and semi-structured data [24]. Structured data relates to the fact that the data 

source is already ordered in a certain way, such as via tables in spreadsheets or databases. 

Unstructured data, on the other hand, lacks organization. Examples of this are videos, images, 

sound recordings and plain text. Semi-structured data is in fact unstructured data which has 

been given a degree of structural organization through the use of certain programs. An 

example is the log file which represents a time frame in a simulation, which on its own is in fact 

an image and thus unstructured. 
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Figure 1: The three Vs of big data (after Brynjolfsson et al. [25]).  
 

Next to the above ‘three Vs’, Gandomi et al. [23] suggests three additional dimensions for big 

data: veracity, variability (and complexity) and value. 

 

‘Veracity’ (truthfulness), also called the ‘fourth V’ [20], indicates the presence of discrepancies 

within the big data; big data analysis focuses on treating uncertain or imprecise data in order 

to gain the valuable information it contains. 

‘Variability (and complexity)’ consists on the one hand in variability, the fact that the data 

stream is not always acquired at the same rate, i.e. periodic peaks in data acquisition are 

observed. Complexity, on the other hand, means that the data can be obtained through many 

different sources. As a consequence, if an identical form of data is required, different treatment 

methods are needed to transform these data into one and the same desired form. 

The dimension ‘value’ indicates the fact that big data deals with ‘low value density’ data, i.e. 

the intrinsic value of data is very low compared to its volume. From this, the need for dealing 

with very big quantities of data rises in order for big data analysis techniques to add value, e.g. 

to a company or to research (see section 2.1.2). 

 

2.1.2 Big data analysis: reasons and examples 
 
Big data analysis has become an interesting topic over the past decades for two major reasons 

[26]: (i) more data has become available which needs efficient treatment and (ii) big data 

analysis allows uncovering patterns within the data. 

Volume
TB, PB

Velocity
- batch
- streamed
- real-time

Variety
- structured
- unstructured
- semi-structured

Big 
Data 
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The first reason relates to big data as a problem. In the current age, more information is being 

digitalized, meaning more data is becoming available for analysis. In addition, more complex 

measuring technologies have become available for data acquisition, resulting in large volumes 

of data requiring efficient treatment through the use of specialised techniques. 

The second reason treats big data more as an opportunity than a problem. By analysing large 

volumes of data through the use of specialised analytical methods, hidden patterns can be 

revealed within the data. 

  

The latter concept is of major importance in today’s society, as evidenced by its application in 

different sectors. In what follows, several examples are given. For a more thorough overview, 

reference is made to dedicated reviews and literature [27], [28].  

Many companies apply big data analysis as a tactic to assure a certain dominance on the 

market. In that case, the detailed information gained is called business intelligence [25]. The 

retail sector [25] is an example of this: by analysing the purchase and browse behaviour of its 

customers, a supermarket can gain customer insight, i.e. it can see or even predict a trend in 

the demand for certain products and adapt its offers accordingly. This allows increased cost 

effectiveness. Another example are financial markets [18], where market trends can be 

distinguished through the use of big data analysis. 

With the dramatic changes in healthcare systems, both through digitalization and the invention 

of novel treatment methods, big data analysis has become a promising field in the medicinal 

sector as well [29]. Mining data from hospital databases and submitting these to specialised 

analytical procedures can lead to several benefits in terms of effective health management. 

These can include: detecting diseases at earlier stages when they can be treated more easily 

and effectively; managing specific individual and population health and detecting health care 

fraud more quickly and efficiently. Moreover, big data analysis can lead to prediction of future 

events and outcomes, such as: a patient’s length of stay; who will (not) benefit from specific 

surgery; disease progression; etc. . More so, in clinical trials, big data analysis could speed up 

the analysis, leading to a faster, leaner and more targeted development of novel 

pharmaceuticals. This is represented in Figure 2. 
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Figure 2: Schematic representation of the application of big data analysis in clinical trials [30]. 

 

The chemical research sector also utilises big data analytics to uncover ‘hidden’ data patterns 

[19]. For instance, many complex physicochemical characterization techniques such as time-

resolved XAS [31], X-ray photoelectron spectroscopy (XPS) [32], time-resolved infrared 

spectroscopy (IRS) [33] and scanning electron microscopy energy dispersive X-ray 

spectroscopy analysis (SEM-EDX) [34] can yield data on the order of TB. In order to visualize 

these data and explore the relevant ‘chemical space’, big data analysis techniques are used 

[19]. By doing so, novel chemical compounds with unique physicochemical properties can be 

identified. This type of big data analysis will be the prime focus in this thesis.  

 

2.2 QXAS as big data source 
 

As QXAS is the designated big data source in this thesis, a brief description of the principles 

of XAS and QXAS is provided in this section. 

  

2.2.1 XAS principles 
 

XAS uses X-rays, i.e. light with energy within the range of ~500 eV to 500 keV [35], of changing 

energy to evaluate the effect on the X-ray absorption coefficient µ of a certain sample. The 

definition of this coefficient is given by the law of Lambert-Beer (3) [35].   

?	@ = ln	(
DE
D ) 

(3)  

In the above equation, t is the sample thickness (generally in cm), μ the X-ray absorption 

coefficient (generally in cm2 g-1), I0 the incident X-ray intensity (W m-2) and I the X-ray beam 

intensity transmitted through the sample (W m-2). Graphical representations of µ as a function 

of the X-ray energy are named XAS spectra, an example of which is given in Figure 3. 
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Figure 3: X-ray absorption spectrum of FeO measured at the Fe-K edge (not normalized) [35]. 

As shown in Figure 3, the XAS spectrum can be divided in three regions: pre-edge, the X-ray 

absorption near edge structure (XANES) region and the extended X-ray absorption fine 

structure (EXAFS) region [31], [35]–[39]. These regions are determined relative to the 

absorption edge [13], [31], [35], the energy region where µ undergoes a steep increase due to 

absorption of the X-ray by a core electron which is subsequently emitted as a photoelectron. 

The edge position is specific for the element that is examined [13], [31], [35], [40]. It must be 

noted though that structural features in the pre-edge region are mostly included in the XANES 

region, such that only XANES and EXAFS regions must be examined. In this thesis, this line 

of reasoning is assumed. 

 

Different physical phenomena lie at the basis of the shape of the XAS spectrum: the photo-

electric effect [31], [35], fluorescence [31], [35], the Auger effect [31], [35], the Coulomb effect 

[40], hybridization of quantum mechanical energy levels [40], [41], interference of X-rays [42], 

etc. . Dedicated methods allow analysis of the spectrum per region in order to extract 

information from these effects. 

In the XANES region, shifts in edge position due to the Coulomb effect are indicative of the 

valence state of the examined element. Furthermore, the inclusion of pre-edge phenomena 

caused by orbital hybridization can yield information regarding electronic states and 

coordination chemistry [6], [41], [43]–[45]. Compositional information can be obtained from the 

XANES region as well by application of specialised big data analysis techniques such as PCA-

LCF and MCR-ALS. The latter approaches will form the red line throughout this thesis. 

In the EXAFS region, which is characterized by oscillatory interference patterns, use can be 

made of specialised EXAFS modelling techniques [35], [38], [39], [42], [46], [47] and Fourier 

transformations [35], [38], [39]. These yield information on the structure surrounding the 

examined atomic element, such as: neighbour distances, coordination number, species 

surrounding the central atom, etc. 

 

pre-edge 
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2.2.2 Advantages of XAS  
 

XAS offers a variety of advantages compared to other characterization techniques.  

As mentioned before, XAS is an element-specific method, with specific absorption edges for 

each element. Hence, in theory, virtually all elements could be detected using XAS. It is 

reported [48] that detections of ppm levels are possible with this technique. 

Next to that, XAS is not limited by surface sensitivity; thanks to the penetrating effect of X-rays, 

it is a bulk method, allowing detection of elements throughout the entire sample [38], [39]. In 

addition, both heterogeneous and homogeneous samples can be examined [38], [39]. As a 

result, XAS is also applied beyond heterogeneous catalysis, such as homogeneous catalysis 

[5], [49] and geology [44], [45]. Furthermore, the penetrative property of X-rays makes them 

ideal for reactive studies, i.e. in operando. Apart from that, XAS does not require long range 

order of the sample, i.e. crystallinity is not a prerequisite [31], [35], contrary to certain 

techniques such as X-ray diffraction (XRD). Other advantages include the extension of XAS to 

time-resolved measurements, which, when combined with in situ methods (see section 2.2.4), 

allows the study of materials under reactive conditions. 

  	

2.2.3 Experimental XAS setup  
 
A schematic representation of a standard setup used for the measurement of X-ray absorption 

spectra is represented in Figure 4. 

 
Figure 4: Schematic representation of the experimental setup used for XAS measurements [37]. 

In the case of XAS, a synchrotron [50] is taken as the appointed source of X-rays for two 

reasons: (i) a continuous source of radiation is necessary and (ii) a wide range of X-ray 

energies must be available to allow measurement at edges for different elements. 

X-rays then pass through a monochromator in order to select a specific energy for the 

beamline, i.e. the location where X-ray experiments take place. In the case of standard XAS, 

this monochromator consists of two crystal Si lattices that select energy through Bragg’s law 

for constructive interference on a crystal lattice (4). It must be noted that the exact crystal 

lattices that are chosen depend on the energy range in which measurements must be 

performed. 
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Figure 5: Representation of the Bragg diffraction rule for constructive interference [51]. Note that, 
in the figure, d represents the lattice spacing, which is denoted as dl in (4). 

GH	& = 2	IJ	sin	(%) (4)  
Where nd is the ‘order’ of diffraction (dimensionless), λ the X-ray wavelength (m), dl the 

interplanar distance in the crystal lattice (m) and θ the angle between the surface plane and 

the incident ray (°), also named Bragg angle. Their geometrical meaning is displayed in Figure 

5. As such, a desired energy range can be scanned by varying the incident angle. Henceforth, 

the monochromator forms a key component in XAS measurements as it not only sets the 

energy range of the measurements, but it also plays a key role in determining the energy 

resolution. Furthermore, the monochromator must be detuned to reject harmonics. These are 

the wavelengths λ matching nd values larger than 1 in (4); they correspond to higher energy 

levels which also interfere constructively and thus would pass through the monochromator. 

Rejection of harmonics is achieved by either slightly deviating one of the two crystals from a 

parallel positioning (detuning) [37] or by using a harmonic rejection mirror [52]. 

 

The use of focusing mirrors (not shown in Figure 4) allows focusing of the X-rays, after which, 

part of the beam is ‘cut off’ to a certain beam size by passing through a slit. The as-obtained 

smaller beam is then introduced into an ionization chamber and subsequently onto the sample. 

These ionization chambers [53] allow measurement of the beam intensity. This is done for the 

X-rays before (I0) and after coming into contact with the sample. For the latter type of intensity, 

a choice must be made between measurement in transmission, yielding I as final intensity, or 

in fluorescence, yielding If as final intensity. However, as in this thesis only transmission 

measurements are used, solely this measurement mode is discussed. For more information 

regarding fluorescence measurements, reference is made to dedicated literature [35], [46], 

[54], [55]. 

As the name transmission implies, this measurement mode means the intensity is measured 

before entry into the sample and after passing through it. As a result, the final intensity I will be 

diminished due to absorption in the sample and μ can be calculated using the law of Beer-

Lambert (3), provided the sample thickness t is known. Transmission mode is the standard 

measurement method for thin samples (in reality a sieved fraction of mesoporous catalyst is 

used) with high concentrations (~10 wt%) of the species in the sample [35], [37].   
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2.2.4 QXAS vs. XAS 
 
QXAS differs from standard XAS in the fact that an adapted setup is used, an example of which 

is given in Figure 6. This is the setup used at the SuperXAS beamline of the Swiss Light Source 

in Switzerland [3]. 

 
Figure 6: Schematic representation of the QXAS setup used at the SuperXAS beamline at the 
Swiss Light Source in Switzerland [3]. 

The main difference lies in the use of an oscillating monochromator. In the case of the one in 

Figure 6, this consists of two Si crystals mounted on a stage which is rotated by a torque motor 

to change the Bragg angle [3]. Other QXAS monochromator geometries may include an 

oscillating curved Si crystal lattice [56]. The oscillating behaviour of this monochromator along 

with specialised sensors and data acquisition techniques [3] allow for rapid and repetitive 

energy scans. As a result, the time resolution, which is normally on the order of minutes for 

‘standard’ XAS, is improved to ~s or even ~ms [3], [56]. In conjunction with in situ 

measurements, this permits the detection of fast chemical reactions and short-lived 

intermediates [7], [11], [56]. 

 

A disadvantage of QXAS is the sheer amount of data that is obtained. Typical data volumes 

are on the order of TB, but can be decreased to ~GB by averaging of spectra. Still, this 

instigates the need for big data methods. 

 
2.3 Big data analysis methods for XAS 
 
Different methods exist for the speciation of samples by analysis of XAS spectra [57]. Residual 

phase analysis (RPA) [48] makes use of fractionally subtracting the initial EXAFS signal from 

the EXAFS signal measured at a later instance, thus obtaining a ‘residual’ EXAFS signal. 

EXAFS modelling is then applied to identify the so-obtained residual phase. This is combined 

with an optimization procedure to determine the best approximation to the fraction of this 

residual phase, giving access to the sample’s composition. It must be noted that, in theory, 

this method is only applicable if there are indeed only two phases present throughout the 
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measurement, i.e. starting phase and residual phase, such that systems of more components 

cannot be examined via this method. Another limitation of RPA is the need of time-consuming 

EXAFS modelling. Peak fitting is another option to speciate the system. Herein, a number of 

analytical shapes related to contributions from different oxidations related are fitted to the 

XANES data. The problem with this method is that it is purely empirical by nature, as the 

shapes themselves, which are chosen subjectively, have little physical meaning without 

representative reference spectra. Other methods, such as tracking the evolution of the edge 

position or the change in the derivative of the spectra have potential for investigation of the 

electronic and magnetic properties. However, these latter methods are no ‘stand-alone’ 

procedures as without any additional methods to test the number and nature of components, 

they have little meaning in terms of speciation. As such, limitations in the aforementioned 

methods have led to a shift in interest towards leaner big data analysis methods.  

Given the success of PCA combined with linear combination fitting, i.e. PCA-LCF, [6], [7], [58], 

[59] and MCR-ALS [11], [12], [14] in the application to QXAS for speciation of samples, these 

big data analysis methods are explored in this section. Hence, the principles of each method 

are explained, after which examples of their successful application in literature are given. 

 
2.3.1 PCA-LCF 
 
2.3.1.1 PCA-LCF principles 
 

As PCA-LCF implies, the method is a combination of two statistics derived procedures: PCA 

and LCF. For completeness, it should be mentioned that the ‘complete’ name of the procedure 

should be PCA-TT-LCF, wherein TT stands for target transformation, which is in fact an 

intermediate step between PCA and LCF. However, in literature, the method is rarely named 

in combination with this intermediate step, which is why ‘TT’ is omitted when naming this 

method. 

 

Consider a data matrix D, an (m x n) matrix containing a set of correlated observations in which 

m denotes the number of observations and n the number of variables. PCA transforms this 

data matrix D by means of an orthogonal projection into a set of linearly uncorrelated variables 

called the principal components (PCs). Each of these PCs is given an index related to the 

fraction of variance of the original data they account for. For illustration, PC1 accounts for the 

most variance, PC2 for the second most variance, etc. . Likewise, if those PCs are selected 

which together account for a high fraction of the variance, e.g. 99 %, the original observations 

can be approximated as a linear combination of these PCs. This has its use in dimensionality 

reduction, e.g. assume the analysed data is 4-dimensional, but one chooses to use 3 PCs.  

For a more in-depth mathematical background of PCA, reference is made to Appendix A. 
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PCA has been applied in several scientific and engineering fields [60]. In the case of QXAS, 

PCA is utilised to identify the number of chemical components in the sample. Consider all 

measured spectra normalized through the use of specialised normalization algorithms 

available in open-source software such as Athena [46] or SIXPack [47]. More information on 

the exact steps in this normalization procedure can be found in Appendix B. Furthermore, let 

these normalized spectra be contained in the abovementioned data matrix D, which will be 

subjected to PCA. In this case, the number of rows now represents the number of normalized 

spectra and the number of columns the energy values for which the absorption coefficient µ is 

measured. As the goal is to speciate the sample using XANES measurements, the µ values 

are contained in said region. Figure 7 gives a representation of this data matrix. 

 
Figure 7: Data matrix D representation for QXAS measurements. 

As the obtained PCs have the same size as the analysed spectral regions and are capable of 

spanning the new subspace, they can be interpreted as the number of components present in 

the sample throughout a treatment. 

  

PCs have no physical meaning on their own though; they are purely mathematical. Physical 

meaning is given to these PCs through target transformation (TT) [5], [59] of spectra of 

reference species through (5). 

M∗ = O. OQ. M 

 

(5)  

Where T is an (n x 1) matrix representing the µ values of a candidate species measured at the 

n energy values, P is an (n x k) matrix of which each column contains a principal component 
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(it is assumed k PCs were chosen) and T* an (n x 1) matrix representing the transformed 

spectrum. Mathematically speaking, this transformed spectrum is a ‘projection’ of the 

candidate species’ XAS spectrum onto a lower subspace. Numerous tests exist to verify the 

similarity between the original candidate spectrum and its transformed counterpart to estimate 

the possibility of said reference species being present within the sample [55], [59], [61].  

Likewise, TT provides a means to ‘identify’ the components within the sample. 

 
The composition of the sample can be determined by making use of the additive property of µ; 

as µ follows the law of Lambert-Beer (3), a XAS spectrum of a sample can be seen as a linear 

combination of the spectra of the components present within the sample. In that case, the 

proportionality factors corresponding to a component, i.e. their weights, are a measure for that 

component’s concentration. Using this in combination with the candidate spectra identified via 

TT, the best approximations to the weights of these candidates can be found using (non-linear) 

least square fitting algorithms [46]. This technique is called linear combination fitting (LCF). As 

LCF is applied to each measured spectrum, the method thus gives access to the compositional 

changes. 

 

This entire procedure, henceforth called PCA-LCF, is represented in Figure 8. 

 
Figure 8: PCA-LCF procedure. 

A major bottleneck in this procedure is the necessity of having candidate species spectra in 

order to give physical meaning to the abstract PCs. In some cases, such as alloys, these 

spectra are not available. Furthermore, these candidate spectra are mostly obtained from bulk 

species, which can deviate from spectra of surface species [12] in energy shifts and amplitude. 

As a result, the compositional evolution found through LCF may not be an accurate 

representation of the changes occurring in the sample. 
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2.3.1.2 Prior XAS studies based on PCA-LCF 
 

PCA-LCF is a well-established method that has been used for speciation of samples of varying 

nature in different disciplines. To illustrate, a selection of published work is mentioned here. 

 

To the best knowledge, the first work which made use of the PCA-LCF methodology was 

performed in 1992 by Fay et al. [62] in the study of the Mo species in Mo/TiO2 catalysts. They 

confirmed the presence of 3 components: two surface species and bulk MoO3. 

In another example, Alexopoulos et. al [63] applied PCA combined with LCF of Cu standards 

in order to quantify the oxidation of Cu species on a CuO-CeO2/Al2O3 catalyst used for propane 

oxidation. By performing this procedure for different temperatures under both oxidizing and 

reducing environments, a comparison could be made of activation energies for Cu oxidation 

and reduction. Another example of this procedure applied to Cu-K edge in situ XAS presents 

itself in the work of Kleymenov et al. [64] in the speciation of Cu/ZnO/Al2O3 used for methanol 

synthesis from syngas. Their results identified a Cu+ intermediary during the reaction. 

Research performed by Huang et al. [65] encompassed the analysis of Ni-K and Zn-K edge 

spectra that were measured at quasi-simultaneous instances for a Ni/ZnO adsorbent. One of 

the main conclusions from PCA-LCF was that 3 different Ni and 2 Zn components were 

discerned, among which certain species presented themselves as dominant contributions.    

Hu et al. [66] applied the procedure to examine the extraction of Zn to ammoniacal solutions. 

Through PCA, two components were found which were identified via TT as Zn species of 

different coordination geometry which influenced the extraction of Zn to a different degree. 

An application in the field of geology can be found in the work of Liu et al. [67], who utilised 

Fe-K edge XAS spectra to speciate the origin of Fe in insoluble dust found in soils, sand and 

snow from western China. 

 

2.3.2 MCR-ALS 
 
2.3.2.1 MCR-ALS principles 
 
MCR-ALS is by definition a ‘soft-modelling method that focuses on describing the evolution of 

experimental multicomponent measurements through their pure component contributions’ [10].  

 

As the name itself implies, the method consists of two steps: MCR, in which the data matrix is 

approached by a bilinear relation, and ALS, in which an iterative least squares procedure is 

applied to find the optimal solutions [7], [68]. 
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With MCR, the data matrix D is approximated through the bilinear relation (6). 

R ≈ *	TQ = U 

 

(6)  

Let m be the number of measured spectra, n the number of energy measurements and k the 

number of (principal) components in the sample. Then C is the concentration matrix with 

dimensions (m x k) of which each row consists of the weight fraction of the considered k 

components, ST is a (k x n) matrix of pure spectra of which each row contains the spectrum of 

a pure component within the sample and F, an (m x n) matrix, is the approximation of D [11], 

[12]. The above reasoning implies that MCR requires an initial input of the number of 

components in the sample, which can be obtained through preliminary PCA (see section 

2.3.1).  

This approximation introduces an error, which is represented by the error matrix E defined in 

(7). 

V = R − U = R − *	TQ (7)  
The main goal of MCR-ALS is to find the best approximations to the matrices C and S by 

minimizing this error. In most cases, this error is quantified by the 2-norm of the matrix E [69]: 

‖V‖. = ‖R − *	TQ‖. (8)  
which is thus a function of both C and S.  

 

ALS minimizes this error by alternatingly finding best matrices C and S through a least squares 

approach. For this purpose, MCR-ALS requires an initial guess, either for the matrix C or S (a 

corresponding ST matrix also suffices). Following this estimate, one of two solving approaches 

can be applied. In the first case, wherein an estimate of C is given, C is fixed first and S must 

be found such that the error in (8) is minimized. In other words: 
8XG
T ‖R − *	TQ‖. (9)  

In the other case, when S is estimated, S is fixed first and C must be found such that the error 

in (8) is minimized. In other words: 
8XG
* ‖R − *	TQ‖. (10)  

If the second case is assumed, the procedure is such that when an optimal C is found for given 

S, the minimization fixes the found matrix C and starts searching for the optimal S matrix (or 

vice versa if the first case is assumed). As such, the algorithm alternates between finding the 
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best C or S matrix. For this purpose, specialised ALS algorithms have been created [70], [71] 

with the potential of including constraints on the solution, such as: non-negativity of the 

concentrations, sum of all concentrations equal to 1, etc. . The result of MCR-ALS is a 

simultaneous access to both the pure components within the sample as well as the evolution 

of the concentration of these components within the sample. 

 

A summary of the procedure for MCR-ALS is given in Figure 9. 

 
Figure 9: MCR-ALS procedure. 

The main advantage of this method is that, contrary to PCA-LCF, it is not dependent on the 

availability of candidate spectra to give physical meaning to principal components; spectra in 

ST already have physical meaning and do not need target transformation. Due to the fact that 

it only depends on the input of normalized XAS spectra, this method is categorized as a blind-

source speciation method. As such, MCR-ALS is considered more as a ‘stand-alone 

procedure’. This statement is only partially true, however, as most MCR-ALS algorithms use 

an iterative procedure to determine C and ST and thus are dependent on an initial estimate of 

either of these matrices, which may be based on prior experimental work or analyses, to assure 

(fast) convergence. Even so, this method is a 2-in-1 procedure to determine the compositional 

evolution and the component spectra at the same time. Finally, the obtained spectra may prove 

more physically meaningful as they are not based on bulk species, i.e. they may take into 

account the effect of surface interactions [12].  

Nevertheless, the procedure has several drawbacks. Several approaches exist in order to 

obtain initial estimates of the matrices C and ST. An example is the simple to use interactive 

self-modelling mixture analysis (SIMPLISMA) approach, which can yield both pure component 

spectral estimates as well as concentration profile estimates without the use of prior knowledge 

of the system. Though such algorithms allow initial guesses for C and ST, it must be stressed 

that the error is a non-linear function of these matrices, such that unicity of the solution is 

practically non-existent and thus making it possible that the final solution found via this 
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‘proposed’ guess is sub-optimal. Other disadvantages of this procedure are the requirements 

of a high signal to noise (S/N) ratio in the data and the need for meticulous data pre-treatment 

[14]. Moreover, identification of the so-obtained component spectra is not evident, as this 

mostly requires physicochemical knowledge based on other experimental methods, e.g. 

Raman spectroscopy, infrared spectroscopy, XRD, etc. . 

 

2.3.2.2  Prior QXAS studies based on MCR-ALS 
 

Though the use of MCR-ALS is relatively more recent than PCA-LCF in the study of XAS, 

multiple authors have reported the successful use of the method. Hence, analogously to 

section 2.3.1.2, a selection of notable published work is mentioned here. 

 

One of the first published works revolving around MCR-ALS analysis of time-resolved XAS 

dates back to 2008, which was performed by Haider et al. [72]. In their study, the constituents 

of supported gold catalysts used for aerobic alcohol oxidation were examined using in situ XAS 

on the Au-L3 edge. By making use of evolving factor analysis, they were able to determine that 

only 2 components are present during the oxidation, thereby excluding the presence of an 

intermediate. 

In research performed by Cassinelli et. al. [12], the activation mechanism of Cu/Al2O3 catalysts 

was examined via MCR-ALS analysis of in situ Cu-K edge spectra. The results of this paper 

are noteworthy due to the fact that it makes use of both PCA-LCF and MCR-ALS as a means 

of speciation. Upon comparison, they concluded that even though similar concentration profiles 

were obtained, more representative spectra could be obtained using the latter method.  

Using MCR-ALS, Rochet et al. [73] examined XAS spectra of (Co-)Mo/Al2O3 catalysts obtained 

by Co-K and Mo-K edge jumping, resulting in identification of both Co and Mo components 

and their respective concentration profiles. Their work was supported by EXAFS modelling of 

the MCR-ALS components. A notable conclusion of their study is that the method, though 

powerful, requires further information based on additional experiments – Raman spectroscopy 

was proposed – in order to identify the obtained components with more accuracy. An 

analogous study was performed by Fehse at al. [9], who utilised triple edge jumping to analyse  

Ti-K, Sn-K and Sb-K edge spectra of a TiSnSb electrocatalyst used in lithium batteries. In a 

fashion similar to Rochet et al. [73], they examined the XANES fingerprint via MCR-ALS as 

well as the EXAFS fingerprint via EXAFS modelling during lithiation cycles. Specifically through 

the use of EXAFS modelling, they hypothesized that the derived components corresponded to 

lithiated species, e.g. Li7Sn2 and Li3Sb, and nano-sized Ti particles. The same method was 

also applied by Iadecola et al. [74] in the study of the electrochemical lithiation of 

LiFe0.75Mn0.5PO4 studied under operando XAS at Fe-K and Mn-K edges. 
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Research performed at the Ni-K edge was performed by Rochet et al. [62] in the study of the 

sulphidation of Ni/Al2O3 catalysts. One of the drivers for their work was the caveat of PCA-LCF 

requiring candidate spectra which have the tendency to suffer from experimental bias. 

Noteworthy to mention is that their work was supported by Raman spectroscopy and analysis 

of the Fourier domain of the obtained component spectra to aid in component identification. 

 

2.4 Ni-Fe catalysts for dry reforming of methane 
 
As mentioned in the introduction, a big challenge of DRM is the design of a catalyst which 

suppresses carbon formation. Such carbon depositions originate mainly from side reactions 

(11) and (12), which become thermodynamically favourable at the high temperatures typical 

for DRM (650 – 850 °C) [75], [76]. 

									*#+ 	→ 	* + 2#.										∆#° = 75	67	89:;< (11)  
 

									2	*-	 ⇄ * + *-.										∆#° = −172	67	89:;< (12)  
For this reason, an effective DRM catalyst’s goal is to increase the reaction rate of the DRM 

reaction while at the same time offering resistance to carbon deposition. Other requirements 

of an efficient DRM catalyst are: mechanical stability at the high temperatures employed for 

DRM, resistance to other deactivation mechanisms such as sintering (i.e. coalescence of 

smaller catalytic particles to bigger particles which offer less surface area for reaction) and low 

cost of support and active surface species [77]–[79]. 

 

Several catalysts have proved to be effective in alleviating these disadvantages. Noble metal 

catalysts such as Rh [80]–[82], Pt [82]–[86], Ru [82], [84] and Pd [86]–[88], show high activities, 

selectivities and resistance to carbon deposition but are offset by their high costs. Ni catalysts, 

on the other hand, are cheap, also offer high activities and selectivities but are mechanically 

unstable and are easily deactivated as they are prone to carbon formation and sintering [89]–

[92]. The low cost of Ni catalysts makes this type one of the most promising in its field, however. 

As such, research has been performed on active site and support materials to improve the 

properties of Ni-based catalysts for DRM [93]–[96]. 

 

Different supports have been reported in literature, all of which differ in composition, properties 

and the mechanism in which the DRM reaction is executed. One of the most common is the 

acidic Al2O3 support which provides in general high activity but suffers from mediocre stability 

and induces low resistance to sintering of supported active phases [97], [98]. Moreover, in the 

case of a pure Ni active phase, Ni may undergo interaction with the support such that a phase 

transformation into an inactive NiAl2O4 spinel phase may take place, which compromises the 

catalyst’s activity [99]. The study of inert SiO2 support materials has also been studied by Kroll 
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et al. [100]. Basic supports such as CeO2 [87], [101], La2O3 [102] and MgO [96] are other 

possibilities that have been studied extensively. 

MgAl2O4 supports are an interesting alternative to the abovementioned variants. In a study by 

Guo et al. [77], a comparison was performed between Ni/γ-Al2O3, Ni/MgO-γ-Al2O3 and Ni/ 

MgAl2O4, from which it was concluded that the latter showed higher activity and stability. Apart 

from that, such MgAl2O4 supports suppress the potential transformation of the active phase 

into inactive spinels, exhibit high mechanical stability and prevent the interaction between 

active phases, such that higher metal dispersions are favoured. These properties motivate the 

choice of MgAl2O4 as support for DRM catalysts. 

 

Carbon accumulation can be averted by oxidation of the carbon species on the catalyst by 

surface oxygen species. As such, this can be accomplished by adding additional oxygen 

species to the Ni catalyst, e.g. CeO2. For instance, Kambolis and co-workers [103] prepared a 

Ni/CeO2-ZrO2 catalyst, which resulted in the formation of a Ni-CeO2 nanocomposite. The 

enhanced catalytic performance was attributed to the intense contact between Ni and CeO2 

as it is known that the latter species easily releases oxygen species and re-oxidizes under an 

oxidizing environment.  

On the other hand, the addition of a secondary metal to form an alloy has proved to be effective 

in enhancing the catalytic performance. Examples include the use of noble metals such as Rh 

[104], [105], Ru [106], [107], Pd [88], [106] and Pt [108], but bimetallic Ni-Co [109] catalysts 

have been reported as well. The addition of Fe2O3 as an inexpensive, additional active phase 

is also possible. In that regard, it will act in a way similar to CeO2, by providing additional 

oxygen species for carbon oxidation, but it has also been reported that Fe-Ni alloys form in 

such systems. Such alloy formations have been confirmed for a variety of Ni-Fe catalysts for 

the steam reforming of tar from biomass [97], [110], [111] which displayed increased resistance 

to coke formation and stability of the Ni-Fe alloy during the reforming. De Lima et al. [112] 

investigated the effect of the preparation steps of LaNi(1-x)FexO3 catalysts on their performance 

in steam and dry reforming of methane. 

The above considerations justify the use of Ni-Fe/MgAl2O4 for DRM. Previous experimental 

studies of these catalysts [15]–[17] have proved that these are indeed suitable, exhibiting 

increased resistance against carbon formation, as well as increased activity and regenerability 

compared to pure Ni catalysts for DRM purposes [89], [113].  

 

During DRM, an Fe-Ni alloy forms the active site for reaction [15], [17], [110], [111], [114]. In a 

publication by Theofanidis et al. [15], a Mars-van Krevelen (MVK) mechanism has been 

proposed for DRM specifically on Ni-Fe/MgAl2O4 catalysts. This mechanism is provided in 

Figure 10. 
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Figure 10: Mars-van Krevelen mechanism proposed for DRM on Ni-Fe/MgAl2O4 catalysts in the 
work of Theofanidis et al. [15]. 

In another work by Theofanidis et al. [16], a carbon gasification mechanism is proposed for 

these catalysts, a schematic representation of which is given in Figure 11. 

 
Figure 11: Schematic representation of the carbon gasification mechanism in Ni-Fe/MgAl2O4 
catalysts proposed in the work of Theofanidis et al. [16]. 

Despite past studies, some open questions still remain concerning these Ni-Fe catalysts.  

For instance, XRD studies have indicated the formation of FeOx species during DRM (at 750 

°C and 1 atm) only at high CO2 partial pressures, i.e. CH4/CO2 ≤ 1/6 [15]. For lower CO2 partial 

pressures, in situ XRD cannot detect these oxides. The question is whether these species 

indeed do not form under such conditions or if this is the effect of low concentrations or small 

particle sizes of FeOx.  

Another matter worthy of investigation is the formation process of the alloy phase during 

activation. Though in situ XRD studies during H2-TPR (800 – 850 °C, 30 °C/min) have 

confirmed the presence of Fe3O4 and Fe2O3 in this alloying mechanism, the presence of 

oxidation states other than Fe3O4 lacks quantitative evidence due to interference of 

characteristic diffraction peaks in the diffraction patterns [15].  

QXAS, more specifically QXANES, can prove meaningful in answering these questions. Due 

to its low detectability range, species of low concentrations can be detected. Moreover, in 

combination with the speciation techniques described in section 2.3, these species can be 

quantified as a function of time, providing insight into the catalytic mechanisms. 
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3 Development of an integrated methodology 
 

As stated in the literature study, the MCR-ALS method can prove indeed to be more reliable 

than the PCA-LCF method in terms of speciating the catalyst. Then again, as an iterative 

procedure, initial estimates which are sufficiently close to ‘the solution’ are necessary to bring 

the method to a good end. Up until now, there is no mention of a systematic methodology in 

literature as to how to tackle the problem of finding adequate initial estimates. Therefore, in 

this chapter, this gap is bridged by a methodology that combines the MCR-ALS and PCA-LCF 

analysis of multiple datasets in an integrated approach. 

To arrive at this methodology, the exact approaches to the preceding steps of pre-processing 

and PCA-LCF analysis of the XAS data used in this thesis are explained first. These rely on 

more consolidated methodologies.  

 

3.1 QXAS data pre-processing 
 
Prior to using big data analysis methods to analyse the XANES region, XAS spectra must be 

derived from X-ray intensity measurements and normalized [35]. These procedures are 

available in specialised software packages. For more information on these steps, reference is 

made to Appendix C. 

For compatibility reasons, data are normalized by different software with respect to the 

speciation method they are used for. Data analysed with the PCA-LCF procedure are treated 

using the Athena graphical interface program [46]. To this end, use is made of built-in, 

automated flattening and normalization algorithms. In the case of data destined for the MCR-

ALS procedure, the Python normalization GUI developed at the ROCK beamline by dr. Olga 

Roudenko is used [115]. The same considerations as for the treatment in Athena are 

implemented. 

 
3.2 PCA-LCF approach 
 
The principles and workflow of the PCA-LCF method have been mentioned in section 2.3.1.1. 

In this section, the exact approach to PCA, determination of the number of PCs and the test to 

check the possible identity of these PCs via TT are addressed, as well as the LCF procedure 

applied in this thesis.  

 

3.2.1 PCA and quantifying the number of components 
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For the purpose of obtaining all PCs, the PCA algorithm provided in the Athena software is 

used. Energy ranges in the interval [E0 – 20 eV, E0 + 30 eV] are considered to limit the analysis 

to the XANES region. 

 

Once PCA is applied to the normalized XAS spectra, the number of PCs to be used for further 

analysis must still be determined. In this selection, a number of visual aid tools are used: the 

scree plot [5], reconstruction of the original dataset, graphical representation of the PCs and 

score plots. 

 

A scree plot makes use of the fact that the eigenvalue of a corresponding PC is proportional 

to the variance accounted for. As such, a plot can be made of the cumulative variance versus 

the number of components used [46]. Some variants plot the individual fractional variance of 

each component as a function of the number of components [9] while other variants plot the 

logarithm of the eigenvalues as a function of the components [5], [13], [116]. Even so, a similar 

reasoning applies to determine the number of components. In the case of cumulative variance 

plots, the critical component is located at the point where the cumulative variance is at a 

sufficiently high level, e.g. 99.9 %, or where the addition of more components has little to no 

effect. In the case of the logarithmic plot of the eigenvalues, a ‘shoulder’ or ‘kink’ should be 

searched for, i.e. a point where the effect of additional components has limited to no effect. 

Such a shoulder is identified by drawing two asymptotes, a steep one corresponding to the 

effect of the first principal components accounting for a serious increase in the variance and a 

shallow one which reflects the limited effect of additional components, and finding their 

intersection. The critical number of components then lies in the region of this shoulder. It must 

be noted that it is possible to have more than one shoulder, as given in the example in Figure 

12 where two shoulders are found at 5 and 8 PCs. This result can be interpreted as follows. 

Each shoulder represents the boundary of a certain ‘level of understanding’ of the system. A 

basic level of understanding requires a minimum of 5 PCs to describe the system, 

corresponding to the first kink. For a deeper level of comprehension of the system, more 

components need to be accounted for, which is expressed as a final kink. As such, a range of 

the possible amounts of PCs can be determined rather than an exact number. In the case of 

Figure 12, this range amounts to 5 to 8 PCs. 
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Figure 12: Example of scree plots used in PCA of Fe-K edge XAS spectra obtained from H2-TPR 
up to 800 °C for a 10Ni10Fe/MgAl2O4 catalyst. Both represent the same principal component data. 
A: The log plot shows two shoulders (red circles): one at the 5th and one at the 8th component. B: 
The cumulative plot indicates a negligible increase from the 4th component on (red circle). 

Reconstruction of data approximates the experimental data as a linear combination of a given 

number of PCs and then examines the residual between the reconstruction and the 

experimental values. With the goal of determining a basis of minimal size while still allowing 

sufficient accuracy, the number of principal components is taken such that the addition of one 

extra component has no remarkable effect on decreasing the residual [6], [7], [45], [117].  

Due to the absence of a built-in algorithm in Athena for reconstruction purposes, reconstruction 

in this thesis is limited to three spectra chosen from the dataset: the first, an intermediate (= 

the ‘middle’) and the final spectrum. From an analytical point of view, this decision is relevant; 

when a substantial difference in the initial and final states of the system is expected (based on 

visual inspection of the spectra), examination of an intermediate spectrum can help identify a 

potential intermediate component. Hence, for all reconstruction purposes in this thesis, this 

line of reasoning is applied. Furthermore, the residual factor used to quantify the goodness of 

fit of the reconstructed spectra is the R2 factor as defined in (13). 

\. = 	]
^?H_`_,b − ?cb`,bd

.

?H_`_,b.
b

 (13)  

wherein µdata,i is the experimental absorption coefficient (normalized) at energy value i and µfit,i 

is the fitted absorption coefficient (normalized) at energy value i. 

An example of such a residual plot is given in Figure 13 A. 

 

Graphically representing all the PCs (with or without weighting them by multiplication with their 

eigenvalue) allows checking which PCs have a ‘dominant’ behaviour. To this end, a rule of 

thumb is choosing the PCs which are not dominated by noise [7], [118]. An example of this is 

given in Figure 13 B. In this thesis, both a ‘collective’ representation of these PCs (later referred 

to as ‘collective PC representation’), i.e. plotted together and weighted with their eigenvalues, 
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and a ‘separate’ representation (later referred to as ‘separate PC representation’), i.e. plotted 

separately and unweighted, are used.  

  
Figure 13: PCA results for in situ XAS of PVP-stabilized Cu nanoparticles [7]. A: Reconstruction 
using an increasing number of principal components indicates the addition of a 4th component 
results in a negligible residual decrease, thereby hinting to use 3 components. B: Collective 
representation of the corresponding principal components indicates 2 components should be used 
as their behaviour is sufficiently dominant over others. When combined, these results suggest the 
use of 2 or 3 PCs. 

An alternative method to determine the number of PCs makes use of score plots. These score 

plots are projections of the observations on a two-dimensional subspace spanned by two PCs. 

As such, a score plot is in fact a projection of the observations onto a plane containing these 

PCs, as illustrated in Figure 14. It must be noted though that such score plots can be 

constructed for all combinations of two PCs, meaning that the total number of score plots that 

can be constructed for a maximum number of k PCs is given by: 

e
6
2f =

6!
2		(6 − 2)! 

(14)  

where ‘!’ denotes the faculty operation. For example, if a maximum number of 10 PCs can be 

chosen, the total number of score plots that can be constructed equals 45. 

 
Figure 14: Graphical representation of a score plot. Observations of a three-dimensional case are 
projected onto a plane containing the first two PCs. (after [119]) 

A B 



 

 25 

These score plots can be used to determine the number of PCs by choosing those PCs for 

which the corresponding score plots show a clear correlation between the two PCs. As a rule 

of thumb, this correlation should express itself as a visible pattern in the score plot that is not 

dominated by noise. An example is given in Figure 15. 

 

 
Figure 15: Illustration of score plots as a means for determination of the number of PCs. All 
possible six combinations for the first four PCs are shown for XAS data corresponding to H2-TPR 
up to 800 °C on a 10Ni10Fe/MgAl2O4 catalyst. As a clear pattern can only be distinguished for 
the combinations of the first three PCs, it is hinted that only three PCs should be used.  

As is illustrated by the scree plot, there is no unanimous determination of the number of PCs. 

Moreover, it is highly unlikely that different visual tools yield the same conclusion regarding the 

number of PCs. Henceforth, the results of these visual tools are combined to obtain a range 

that contains the possible amount of PCs, wherein the lower and upper bound equal 

respectively the lowest and highest number of PCs suggested by a visual tool. 

 

3.2.2 TT and candidate identification test 
 

In order to identify the possible constituents in the sample, TT (5) is performed. For this 

purpose, use is made of built-in TT algorithms in Athena. As the results of this transformation 

depend on the candidate species spectra and the number of PCs for which the orthogonal 

projection is tried, the following method is applied for the Ni-Fe catalyst samples under 

investigation. In a first approach, candidate spectra consist of ex situ XAS spectra of: Fe2O3, 

Fe3O4, FeO, Fe foil, NiO, and Ni foil. The foils serve as references for metallic, i.e. fully reduced, 

metal phases. In certain cases, this ‘database’ of reference components is extended with a 

selection of in situ spectra. Additionally, as it is highly unlikely that an exact number of PCs 

can be determined, this method is tried for the aforementioned spectra for the range of PCs 

determined by PCA. Then again, if the number of candidate spectra available for this purpose 

is smaller than the upper bound of the PC range, the maximum number of PCs used for TT 
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will be taken at a lower value than this upper bound. This is with the intention to minimize 

calculation effort. For example, if only 3 candidates are at hand for TT and PCA discerns an 

upper bound of 6 PCs, the maximum number of PCs to which the candidates are transformed 

can be equal to 5.  

After TT, a test to verify the similarity between the original and transformed spectra is given by 

the R factor [55], [59], defined in (15). 

\ =]
|M(X) − M∗(X)|

M(X)

i

bj<

 (15)  

Where T(i) and T*(i) are the components in the matrices T and T* as defined in (5), i.e. they 

are the original and transformed µ values at an energy value Ei. It must be noted that, in most 

cases, this test can only be used as qualitative means to identify potential constituents; R 

factors of species that are an order of magnitude higher than others can be excluded. An 

example of such a transformation is given in Figure 16. 

 
Figure 16: Example of target transformation of an Fe3O4 reference spectrum to a basis of 3 PCs, 
originating from PCA of QXAS measurements on a 10Ni10Fe/MgAl2O4 catalyst during H2-TPR up 
to 800 °C. A residual R factor of 1.9 % is found, indicating a high probability of Fe3O4 to be present 
in the sample. 
 

3.2.3 LCF 
 

After identification of the constituents with the test described in section 3.2.2, LCF is performed 

on the energy range [E0 - 20, E0 + 30] (to limit the procedure to the XANES region) using the 

best candidates. For that purpose, use is made of the built-in LCF algorithm of Athena. To 

obtain physically relevant results, constraints of positivity of the weights and a total sum of all 

weights equal to one are imposed. Analysis of the so-obtained concentration profiles is 

combined with investigation of the fit residuals, defined by the same R2 factor as in equation 

(13), to assess eventual caveats in the solution.  

 

3.3 MCR-ALS by an integrated approach 
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As discussed in section 2.3.2, one of the principal challenges in MCR-ALS is obtaining relevant 

initial estimates. In order to overcome this challenge in this thesis, a novel, integrated approach 

is devised which combines PCA-LCF and MCR-ALS as shown in Figure 17. In addition, the 

issue of initial estimates is tackled by an interplay between the analyses of multiple datasets. 

Herein, the actual MCR-ALS analysis is performed using the MATLAB GUI developed by the 

group of prof. dr. Romà Tauler [68]. Note that for MCR-ALS, the analysis comprises the entire 

energy region of the XAS measurements. Constraints of non-negativity are imposed on 

elements in the concentration and spectrum matrices as well as a closure to equate the sum 

of all concentration factors at a given time to one. 

 

In the workflow, it is assumed that two normalized QXAS datasets, which differ in terms of 

catalyst or reaction conditions, are available on the same edge and for a similar system. For 

instance, Ni-Fe and Pt-Fe-Rh (on the same support) should not be chosen as these may 

display completely different behaviours under similar reaction conditions, but Ni-Fe catalysts 

combined with datasets of monometallic Ni or Fe catalysts (all on the same support) are viable 

options. The extension to more datasets is analogous. 

  

Assume that the workflow starts with the application of the PCA-LCF method to the normalized 

XAS data of dataset 1, which also requires an input of candidate spectra. Which candidate 

spectra should be available is based on physicochemical knowledge accrued by other 

experiments performed prior to the XAS measurements. Application of PCA gives a range of 

the number of PCs (section 3.2.1), indicated in Figure 17 as [PCMIN, PCMAX]. Following TT and 

LCF, concentration profiles of these candidates are obtained. The number of candidate 

species used for that purpose is named PCTT; the ‘TT’ at the end of this acronym describes 

the relation between the PCs and the identity that they are given through TT. 

To systematically assess the number of PCs to be used for MCR-ALS (PCNR), the method is 

tried for an incremental number of components, starting with the lower bound of the PC range, 

i.e. the initialization of PCNR, and incrementally making its way to higher values if optimal 

solutions are found for a given PCNR value.  
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Either the reference spectra or concentration profiles can serve as an initial estimate of 

respectively the ST or C matrix for MCR-ALS of dataset 1. Note that the use of the 

concentration profiles obtained via PCA-LCF is only possible in case PCNR equals PCTT. 

Therefore, before deciding on an initial estimate type, it is checked whether that is indeed the 

case. If the contrary holds true, solely the use of candidate species spectra must be 

considered. Additionally, this estimate may be based on elements obtained via specialised 

estimation algorithms which make use of the normalized XAS data (indicated by an arrow 

leaving from ‘Normalized XAS Spectra’ and arriving at the collection symbol). For example, 

assume an estimate for ST is desired at PCNR = 5 but only 3 candidate spectra are available 

for PCA-LCF. In that case, a logical choice is a ‘combined’ spectral estimate made up of these 

3 candidate spectra as well as 2 spectra obtained via the SIMPLISMA approach. 

This estimate and the normalized XAS data of dataset 1 are the input to MCR-ALS. Following 

this method, best estimates of the C and ST matrices are obtained.  

In a next step, the ‘quality’ of the as-obtained MCR-ALS results is verified. Note that with 

‘verification of quality’ is meant that the physical relevance is checked and an identity check of 

the components is performed. For the former, this comes down to asking questions such as: 

‘Do the spectra in ST look physically possible?’, ‘Is there no dominant effect of noise in either 

spectra or concentration profiles?’ ‘Are the concentration profiles in C coherent with what is 

observed in other time-resolved experiments?’ (thus making the link with physicochemical 

knowledge), etc. . If results are indeed deemed relevant, an identity is given to the components 

by comparison of the component spectra with the candidate spectra as well as reports in 

literature. Note that, while examination and modelling of the EXAFS signal of the derived 

component spectra is also an option for identification, such an approach is beyond the scope 

of this thesis. As the C and ST matrix are coupled in the solving method, identification of the 

spectra in ST is supported by examination of the C matrix.     

Depending on the ‘quality’, several cases must be distinguished as to what steps are followed 

next.  

In a worst case scenario, only part of these results is physically relevant (‘bad’ quality). For 

example, it is possible that, using 4 components, only the spectra derived for the first 3 

components are not dominated by noise. As such, it may be opted to redo the MCR-ALS 

procedure for the same dataset with a combined initial estimate consisting, on the one hand, 

of the three ‘good’ spectral results from MCR-ALS and, on the other hand, the spectrum that 

was used previously as initial estimate for the 4th component. Other combinations are possible 

as well, e.g. the use of the solutions with a SIMPLISMA-derived spectrum. If virtually all 

possible combinations have been tried and the solution still fails to gain any physical meaning, 

e.g. a noise-dominated behaviour is always present, it is likely that this is due to the fact that 

MCR-ALS cannot give physical meaning to the results when PCNR components are used. 
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Hence, the optimal solution for dataset 1 is found when one component less is used, i.e. in the 

previous cycle (PCNR – 1), leading to the end of the method in its application to dataset 1. 

Another possible scenario is that all MCR-ALS results of dataset 1 are physically relevant 

(‘good’ quality). In that case, the MCR-ALS procedure can be considered as finished for this 

given value of PCNR on this dataset. In an attempt to appeal to the power of MCR-ALS to 

derive more components, the cycle can be repeated for an incremented value of PCNR (PCNR 

= PCNR + 1). Note that there is no check to end the methodology when PCNR = PCMAX. This 

is due to the fact that, in practice, the PCMAX value found using the visual tools in section 3.2.1 

is normally an exaggeration of the number of principal components, such that physical 

solutions will never be found when such a high number of components is used as input for 

MCR-ALS.  

The results at the present number of components may serve as initial estimates for MCR-ALS 

analysis of dataset 2. However, as a different dataset is examined, it is possible that the 

number of components for which MCR-ALS is tried, i.e. the PCNR value of dataset 2, are 

different from dataset 1. As a result, additional spectra or concentration profiles may need to 

be called upon from PCA-LCF of dataset 2 or initial estimate algorithms executed on this 

dataset. 

In turn, these estimates for C and ST along with the corresponding normalized experimental 

XAS spectra of dataset 2 will serve as input for MCR-ALS. The results that are obtained will 

then follow steps analogous to those mentioned above for dataset 1. 

 

In short, this method circumvents the problem of finding initial estimates for MCR-ALS by 

utilising an interplay between the PCA-LCF and MCR-ALS procedures, as well as an interplay 

between multiple datasets. 

 

Several remarks must be made regarding this methodology: 

1. The availability of multiple datasets is a must. For instance, assume MCR-ALS fails to 

derive meaningful results for dataset 2, despite the initial estimates provided by PCA-

LCF on the same dataset. In that case, it is possible that, if the MCR-ALS results of 

dataset 1 are used as initial estimates for dataset 2, more meaningful results can be 

obtained for the latter. For instance, such an approach has been used by Lesage et al. 

[120], who used in situ XAS measurements of the sulphidation of monometallic Co and 

Mo catalysts to advance the MCR-ALS data treatment of CoMoP/Al2O3 via MCR-ALS. 

2. As PCA-LCF and MCR-ALS are integrated, the disadvantages of this methodology are 

a collection of the disadvantages of the separate methods as discussed in sections 

2.3.1.1 and 2.3.2. In other words, candidate reference spectra, meticulous data pre-

treatment and a high S/N ratio of XAS measurements are required. 
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3. This approach should be combined with other - preferentially time-resolved - 

experimental methods in order to obtain adequate physicochemical knowledge of the 

system. This is not only to get a first idea of the catalyst’s constituents, instigating the 

measurement of candidate species spectra, but also to assess the ‘quality’ of the MCR-

ALS results. 

4. Deciding whether the methodology has reached its optimum solution, i.e. a meaningful 

solution is obtained for the maximum possible number of components, is open to 

discussion. The reason for this is that, in order to make this conclusion, it is required 

that a plethora of combined estimates have been tried to no avail. Even so, the possible 

combinations that can be used is virtually infinite, as these can originate from different 

experiments at different instruments, different algorithms, etc. .  
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4 Application of the methodology 
 

In this chapter, the methodology described in chapter 3 is applied to a series of QXAS 

measurements of Ni-Fe/MgAl2O4 catalysts. In a first section, information will be given about 

these datasets. In the following sections, the results of the applied methodology will be given. 

For each dataset, the PCA-LCF and MCR-ALS methods are investigated separately. In turn, 

per analytical procedure, a separate analysis of the Fe-K and Ni-K edges is performed. 

 

4.1 Info about the datasets 
 
The preparation of Ni-Fe/MgAl2O4 catalysts was reported previously by Theofanidis et al. [15]. 

For detailed information on the synthesis, reference is made to appendix B. Two such catalysts 

are considered: one of 10 wt% Ni and 10 wt% Fe and one of 10 wt% Ni and 5 wt% Fe. These 

catalysts will be denoted respectively as 10Ni10Fe/MgAl2O4 and 10Ni5Fe/MgAl2O4.  

 

Ex situ, in situ and operando transmission QXAS measurements were performed at 

synchrotron SOLEIL at the ROCK beamline (4-40 keV). A monochromator oscillating at 2 Hz 

scanned both the Fe-K and Ni-K edges, at 7112 eV and 8331 eV respectively, using a macro 

for edge switching. This resulted in quasi-simultaneous acquisition of both edges, albeit with a 

delay of ~30 s.  

Catalytic samples were ground to powders, 50 % diluted by boron nitride and inserted into a 2 

mm quartz capillary reactor and fixed by quartz wool plugs. The capillary reactor was 

implemented in a frame which was connected to gas feed lines through Swagelok fittings while 

the inlet gas flow rates were maintained by means of calibrated mass flow controllers. Energy 

calibration was assured by the measurement of Ni and Fe foils. An external, calibrated heat 

gun was used in order to reach reaction temperatures up to 800 °C, while a total flow between 

10-60 mL/min was employed. Measurements were coupled with mass spectrometry (MS) 

measurements to analyse the outlet gas flow composition. Gas rig, MS, capillary frame and 

heat blower were used from synchrotron SOLEIL. 

 

Ex situ measurements were performed for all as-prepared materials, i.e. the material upon 

synthesis (after calcination), as well as a series of reference materials: Fe foil, Fe2O3 pellet, 

Fe3O4 pellet, FeO pellet, Ni foil and NiO pellet. 

An overview of the operando QXAS measurements is given in Table 1. Two types of 

measurements are discerned. A first one is a series H2-TPR measurements with a heating rate 

of 10 °C/min up to a maximum of 800 °C and under a flow of 0.2 NmL/s of 5%H2/He. The 

purpose of these measurements is to investigate the activation of an as-prepared catalyst. A 
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second type of measurements consists of the DRM reaction at 750 °C, 1 atm and a molar ratio 

of CH4 to CO2 equal to 1/3 (2.8 NmL He/min, 3 NmL CH4/min and 8.0 NmL CO2/min). Note 

that this is the same 10Ni10Fe catalyst that, in addition to its prior H2-TPR, has been reduced 

by exposure to a H2 environment at 800 °C. This series aims to investigate the oxidation states 

during DRM of Fe, more specifically the presence of FeO.  

 

Table 1: Overview of in situ QXAS measurements analysed in this thesis. 

  10Ni5Fe/MgAl2O4 10Ni10Fe/MgAl2O4 

TPR 800 as-prepared x x 

DRM 750 CH4/CO2 = 1/3   x 
 

All QXAS measurements at the Fe-K edge include an energy range of [6975 eV, 8100 eV] with 

a resolution of 0.2 eV in the XANES region [7100 eV, 7205 eV], a resolution of 0.5 eV in the 

interval [7205 eV, 7400 eV] and a resolution of 2 eV in all other intervals. Ni-K edge spectra 

were gathered over a range of [8070 eV, 9600 eV], with a resolution of 0.2 eV in the XANES 

region [8316 eV, 8400 eV), a resolution of 0.5 eV in the interval [8400 eV, 8650 eV) and a 

resolution of 2 eV in all other intervals. As a means to limit data volume, all operando 

measurements were averaged over ~27 s of measuring time. 

 

4.2 10Ni10Fe/MgAl2O4 H2-TPR 800 °C  
 

4.2.1 QXAS spectra 
 

Before applying the PCA-LCF and MCR-ALS methods, a preliminary visual inspection of the 

QXAS spectra is performed. 

4.2.1.1 Fe-K edge 
 
The spectra along with their respective contour plot are provided in Figure 18 at the Fe-K edge. 
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Figure 18: Fe-K XANES data for the 10Ni10Fe/MgAl2O4 sample during H2-TPR up to 800 °C. A: 
2D version of the data; the bold arrows indicate the evolution of the spectra. Inset: Zoom on the 
pre-edge feature. B: Contour plot of the spectra. 

A first comparison with metallic Fe references and oxidized Fe species indicates reduction 

indeed takes place. Moreover, an edge shift of ~4 eV towards lower energy values is observed. 

The reduction of Fe is evidenced even more by a decrease in white line (WL) intensity – the 

maximum normalized µ value decreases from 1.29 to 1.06 – and an evolution of the pre-edge 

shoulder towards a broader shape with higher intensity. In Fe-K spectra, this pre-edge feature 

is explained through 1s à 3d transitions occurring in the Fe atoms [121]. The exact shape of 

this feature is, however, sensitive towards the oxidation state and the centro-symmetry of the 

Fe atoms. Upon reduction or loss of symmetry, e.g. through distortion of an octahedral 

geometry [122], its broadness and intensity increase. This effect is attributed to 3d-4p orbital 

mixing that accompanies these physical processes, which in turn enhances the 1s à 3d orbital 

transitions [121]. In addition, when the dwell temperature of 800 °C is reached, the spectral 

changes occur to a lesser degree. 

 
4.2.1.2 Ni-K edge 
 
The QXAS spectra of the dataset at the Ni-K edge are presented in Figure 19. 

Fe2O3 
Increasing 

temperature 

A B 

Metallic Fe  
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Figure 19: Ni-K XANES data for the 10Ni10Fe/MgAl2O4 sample during H2-TPR up to 800 °C. A: 
2D version of the data; the bold arrows indicate the evolution of the spectra. Inset: Zoom on the 
pre-edge feature. B: Contour plot of the spectra. 

Visual comparison of the spectra with oxidized and reduced reference components shows 

reduction of Ni indeed takes place. Other indicators of this reducing behaviour are a decrease 

in WL intensity and an increase of intensity of the pre-edge feature, which - similarly to the Fe-

K edge case - originates from 1s à 3d transitions that are enhanced by 3d – 4p mixing [123]. 

A small edge shift of ~0.4 eV is observed as well. Again, it is observed that spectral changes 

still occur, yet to a lesser degree, after reaching the dwell temperature. 

 

4.2.2 PCA-LCF 
 
4.2.2.1 Fe-K edge 
 

The results from PCA at the Fe-K edge of the dataset (Table 2) indicate that a minimum of 3 

and a maximum of 7 PCs should be used. For more details on the visual tool results for this 

dataset and all others, reference is made to Appendix D. 

 

Table 2: Results of PCA visual tools applied to Fe-K edge QXAS data of H2-TPR up to 800 °C on 
10Ni10Fe/MgAl2O4. (Based on the results in Appendix D) 

Visual tool Suggested PCs used 

Collective PC representation  3 

Separate PC representation  3 

Reconstruction 3 

Scree plot 4 – 6/7 

Score plots 3 
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A selection of reference components is chosen to identify the possible constituents in the 

sample during H2-TPR via TT. In a first approach, this selection consists of reference 

component spectra, shown in Figure 20, obtained via ex situ XAS measurements. These 

consist of: Fe foil (for metallic Fe), FeO, Fe3O4 and Fe2O3. Inclusion of these components for 

TT purposes is justifiable as prior research of as-prepared wet impregnated Ni-Fe catalysts via 

in situ XRD during H2-TPR up to 800 °C has shown that these species indeed form [15]. 

 

 
Figure 20: XAS spectra of Fe oxide and metallic Fe references used for TT purposes. 

However, visual inspection of the initial and final state of the sample during H2-TPR shows 

deviations from these initial Fe2O3 and final metallic Fe phases.  

In the case of the initial phase, the spectrum displays a series of shoulders in the interval [7140, 

7160] eV and a lack of an intrinsic Fe2O3 shoulder situated at ~7132 eV, before the WL. 

Moreover, the pre-edge feature of the initial state differs from that of the Fe2O3 reference in the 

fact that it is sharper, has a higher intensity and its centroid is positioned 1 eV higher than that 

of Fe2O3 (7118 eV instead of 7117 eV). Additionally, the EXAFS region shows oscillations of 

a higher amplitude, which is indicative of a different structural environment surrounding the 

examined Fe atoms.  

In the case of the catalyst’s final state, the most notable difference from a proposed metallic 

Fe phase is the EXAFS feature, of which the oscillations show a more damped behaviour 

compared to its metallic counterpart. Furthermore, the WL feature of the spectrum differs 

substantially from the metallic reference. In addition, a higher intensity of the pre-edge feature 

can be observed compared to a metallic Fe reference. 

As such, it is hypothesized that the initial and final states of the sample do not correspond 

respectively to a reference Fe2O3 and metallic Fe state: the actual species either differ in 

physicochemical nature, i.e. species with a different chemical formula should be chosen, or 
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the reference species are indeed of the right chemical nature but are not representative for 

this system as they have a ‘bulk’ nature and thus differ from the actual surface species.  

It must be noted that an LCF procedure that only used the four ex situ references strengthens 

this hypothesis. The resulting fit showed the highest residual values for the first and final 

spectra (see Appendix E), hinting that the wrong references were indeed used. Hence, more 

representative reference species must be chosen for the initial and final states.  

 

Research on Fe/MgAl2O4 [124] and (Ni/)FeMgAl2O4 catalyst systems [125], [126] has shown 

that it is possible for Fe to undergo interaction with the support, forming a spinel phase of the 

form MgFexAl2-xO4, where x varies from 0 to 0.26 [125]. For ease, this phase will be referred to 

as MgFeAlO throughout this thesis. Though this phase has not yet been confirmed for Ni-

Fe/MgAl2O4 systems, its presence cannot be excluded. More so, visual comparison of the Fe-

K edge spectrum of a MgFeAlO spinel phase [124] (Figure 21) shows striking similarities with 

the as-prepared state of the 10Ni10Fe/MgAl2O4 catalyst in terms of pre-edge, WL and post-

WL shoulder features. Different intensities of WL and pre-edge features compared to the 

reference case can be explained through the fact that the MgFeAlO spinel is not the only 

starting phase as it is most likely present in combination with Fe-oxides [15].  

The XAS spectrum of the MgFeAlO spinel phase is based on cryostatic measurements at -193 

°C of a 10Fe/MgAl2O4 catalyst. The preparation of this catalyst as well as the presence of a 

MgFeAlO spinel phase within are reported elsewhere [124].  

 
Figure 21: Comparison of Fe-K edge XAS spectra of H2-TPR up to 800 °C on a 10Ni10Fe/MgAl2O4 
catalyst with cryostat measurements of a 10Fe/MgAl2O4 catalyst which consists of a MgFeAlO 
phase [124]. 
 
EXAFS modelling of as-prepared FeMgAl2O4 supports has identified that Fe is incorporated as 

Fe3+ in octahedral sites of the spinel lattice, which, upon reduction, is partially transformed into 

Fe2+ in a distorted octahedral geometry [125]. As such, when MgFeAlO is considered, a 

MgFeAlO 
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distinction should be made between these two spinel types. Unfortunately, in the case of the 

distorted Fe2+ spinel, no experimentally measured reference components are available for TT 

purposes. Hence, only the non-distorted Fe3+ MgFeAlO will be considered. 

 

Through the use of in situ XRD during H2-TPR programs and EDX-STEM, Theofanidis et al. 

[15], [17], have confirmed that reduction of Ni-Fe catalysts on a MgAl2O4 support leads to the 

formation of an Fe-Ni alloy at temperatures higher than 700 °C. As the properties of an alloy 

are intrinsically different from its constituent elements, the appearance of such an alloy near 

the end of the H2-TPR experiment could explain the observed deviation of the final spectrum 

from that of pure metallic Fe. Nevertheless, this does not exclude the possible formation of 

metallic Fe that is not incorporated into an Fe-Ni alloy, which is why the Fe foil reference will 

still be considered for TT. Still, this reasoning requires an alloy reference spectrum which is a 

priori not available. An alloy ‘model spectrum’ is thus chosen. For that purpose, the initial Fe-

K edge spectrum of the 10Ni10Fe/MgAl2O4 during a DRM experiment was chosen, i.e. H2-

reduced at 800 °C. This choice is motivated by the fact that, of all datasets, this spectrum 

showed the lowest WL intensity and the highest intensity for the pre-edge feature, hinting 

towards a high level of reduction. It must be remarked that this approach must be viewed with 

scrutiny, as the final TPR spectrum may actually be a combination of different components. 

For example, it may indeed contain a contribution from Fe incorporated in Fe-Ni alloy, but it 

may also contain species that were not reduced during the H2-TPR experiment. 

 

In addition, the presence of other Fe species may be possible as well. For example, other 

spinel structures can be formed through interaction with Ni and support elements, such as: 

NiFe2O4, NiFeAlO4 [127] as well as MgFe2O4 species [124]. However, due to a lack of 

experimental spectra for these species, these cannot be included in the analysis. 

 

Figure 22 shows all references selected for TT on this dataset as well as the TT results. 
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Figure 22: A: Fe-K edge XAS spectra of references chosen for TT purposes on the dataset of 
10Ni10Fe/MgAl2O4 catalyst during H2-TPR up to 800 °C. B: Associated TT results. 

The TT results should be read for each number of PCs used for TT, from the bottom to the top 

of the graph. As the R factor of a certain component is inversely proportional to the chance of 

the component being present in the sample, components which are encountered first while 

reading the graph in this fashion have the highest possibility of being present within the sample. 

As such, it can be concluded that in the case of 6 PCs, the order of decreasing possibility for 

the components is: alloy > Fe3O4 > Fe2O3 > FeO > MgFeAlO > metallic Fe. Moreover, all 

references have a relatively similar magnitude of R factor (on the order of 1 %), meaning all 

may be used in the LCF procedure. 

 
The results of the LCF procedure are displayed in Figure 23. 
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Figure 23: LCF results of Fe-K edge QXAS data of the 10Ni10Fe/MgAl2O4 catalyst during H2-TPR 
up to 800 °C. A: Evolution of the sample composition. B: Associated residual plot. 

Figure 23 A shows that the LCF procedure derives an initial state of the catalyst composed of 

55 ± 5 % MgFeAlO spinel as well as 40 ± 10 % Fe3O4 and 5 ± 5 % Fe2O3. The reducing 

behaviour of the sample is reflected through a disappearance of the MgFeAlO spinel and the 

Fe2O3 phases, an increase of the Fe3O4 phase and the appearance of an FeO phase. At ~500 

°C, a contribution associated with Fe-Ni alloy formation appears, which is accompanied by a 

decrease of the Fe3O4 phase and a maximum in the FeO phase. Furthermore, at a later instant, 

a ‘stand-alone’ metallic Fe contribution appears together with the reappearance of Fe2O3. As 

such, the LCF procedure suggests that the catalyst is composed of ~55 % alloy, ~15 % Fe2O3, 

~15 % FeO and ~15 % metallic Fe at the end of the H2-TPR program. 

 

Several remarks must be made regarding these results.  

First of all, the initial state derived by LCF suggests that the majority of the Fe-oxides is present 

under the form of both Fe3O4 and Fe2O3, of which the majority is Fe3O4. This contradicts the 

findings of Theofanidis et al. [15], who only found Fe2O3 as a separate oxide phase. 
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Moreover, the behaviour of the spinel contribution, more specifically the disappearance which 

indicates full reduction of the phase, is not expected as prior research [125], [126] has indicated 

that only partial reduction to an Fe2+ spinel is possible in a reducing environment. Hence, it 

would be expected that this spinel contribution is reduced only partially and that this would 

lead to the creation of a second Fe2+ spinel component. However, as stated before, a reference 

for this component is not available.  

Though it is possible for Fe to segregate out of the spinel phase, thereby allowing full 

elimination of the spinel, this phenomenon can only take place to a very limited extent in H2-

TPR programs [125]; significant Fe segregation which leads to the formation of Fe-oxide 

phases occurs only in extensive redox cycling [124], [128]. Based on these facts, the 

reappearance and drastic increase of Fe2O3 at the end of the reduction program seems very 

unlikely. 

The above discrepancies can be explained through missing components during the LCF 

procedure. Maxima at the beginning and at an intermediate position in the residual plot shown 

in Figure 23 B strengthen this hypothesis. The initial maximum in the R2 factor indicates that 

another component is possibly present at the start of H2-TPR, such as NiFe2O4, NiFeAlO4 or 

MgFe2O4. As the intermediate residual maximum coincides with the ‘disappearance’ of the 

MgFexAl2-xO spinel, it is possible that one of the missing components is an Fe2+ spinel which 

should show a non-negligible contribution from this point on. Apart from that, as these spinels 

persist up to very high reduction temperatures, it is possible that the suggested Fe2O3 

contribution at the end of the dataset must in fact be an Fe2+spinel contribution. 

 

Nevertheless, the trends in the data suggest a reduction mechanism of the form Fe2O3 à 

Fe3O4 à FeO à Fe, of which the reduced Fe can be either part of an alloy or a separate Fe 

phase. The appearance of the latter at a later instant relative to the alloy is a possible indication 

of the synergistic effect of Ni and Fe forming an alloy of which the reduction temperature lies 

lower than that of separate Fe. In addition, notwithstanding Fe2O3 at the end of the reduction 

program, FeO may indeed still remain within the sample as this is the most stable Fe-oxide at 

the final temperature of 800 °C. 

 

4.2.2.2 Ni-K edge 
 

The use of PCA visual tools at the Ni-K edge of this dataset suggests the use of 2 to 6 

components, as indicated by the results shown in Table 3.  
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Table 3: Results of PCA visual tools applied to Ni-K edge QXAS data of H2-TPR up to 800 °C on 
10Ni10Fe/MgAl2O4. (Based on the results in appendix D) 

Visual tool Suggested PCs used 

PC representation (collective) 2 

PC representation (separate) 3 

Reconstruction 3 

Scree plot 3 - 6 

Score plots 5 

 
Following the same reasoning as for the Fe-K edge, the NiO and metallic Ni (foil) reference 

spectra obtained from ex situ measurements are taken as a first set of candidates for TT 

purposes.  

Inspection of the first and final spectra of the dataset reveals that they do not fully correspond 

with those of pure NiO and metallic Ni respectively. Indeed, the first spectrum of the H2-TPR 

data displays a WL intensity which is ~0.08 units higher and shifted to ~1 eV lower values. In 

addition, its EXAFS signature differs in terms of phase and oscillation amplitudes. 

Upon comparing the final spectrum with that of Ni foil, differences in WL feature and EXAFS 

signature are observed as well. For that reason, more appropriate references must be 

searched. 

 

Theofanidis et al. [15] report a NiAl2O4 spinel phase in Ni-Fe/MgAl2O4 catalysts that is created 

during calcination and cannot be reduced during H2-TPR up to 850 °C [15]. As such, it is 

possible that this component is present throughout the entire experiment, and thus also in the 

initial state of the catalyst, explaining the observed spectral differences. Unfortunately, at the 

time of the analysis, no NiAl2O4 references are available for TT purposes.  

In an approach similar to the Fe-K edge, an alloy reference is modelled. This Ni-K edge alloy 

model is the Ni-K edge spectrum at the start of DRM, just like the corresponding alloy reference 

taken for the Fe-K edge. 

 

All Ni references and their associated TT results are provided in Figure 24. 
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Figure 24: A: Ni-K edge XAS spectra of references chosen for TT purposes on the dataset of 
10Ni10Fe/MgAl2O4 catalyst during H2-TPR up to 800 °C. B: Associated TT results. 

Given the relatively large R value for NiO compared to those for the metallic Ni and alloy 

references (~factor 2 higher) at 3 PCs, but a significant decrease upon the inclusion of 1 

additional component, it is decided to perform the LCF procedure using all 3 references. 

 

The results of the LCF procedure are given in Figure 25. 

 

 

Figure 25: LCF results of Ni-K edge QXAS data of the 10Ni10Fe/MgAl2O4 catalyst during H2-TPR 
up to 800 °C. A: Evolution of the sample composition. B: Associated residual plot. 
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The concentration profiles of the Ni species suggest an initial state consisting of NiO that is 

reduced to a final state consisting of ~25 % NiO, ~40 % alloy and ~35 % metallic Ni.  

Even so, these results display a relatively large R2 factor (order 10-2) in the beginning of the fit. 

Next to that, the appearance of the alloy contribution takes place at a much earlier stage 

compared to the Fe-K edge data. The near-simultaneous appearance of both alloy and ‘stand-

alone’ Ni contributions is also contra-intuitive, as reduction temperatures of Fe-Ni alloys are 

generally lower than those of pure Ni systems [97]. These findings suggest a sub-optimal result 

that is likely caused by a lack of reference components, e.g. NiAl2O4. 

Nevertheless, it is clear that the LCF procedure derives a mechanism of the form NiO à Ni, 

wherein the reduced Ni can either be part of an alloy or a separate metallic Ni phase. 

  

4.2.3 MCR-ALS 
 
4.2.3.1 Fe-K edge 
 
The results of the MCR-ALS methodology are provided in Figure 26. The results using 3 PCs 

are shown here as the addition of more components resulted in a noise-dominated result in 

either the spectra or the concentration profiles. 

 

Figure 26: MCR-ALS results for the Fe-K edge QXAS data of the 10Ni10Fe/MgAl2O4 catalyst 
during H2-TPR up to 800 °C. 

Based on the spectral features of the components, i.e. the decrease in WL intensity and edge 

shift, and their evolution of concentration, it can be deduced that the initial phase is reduced in 

the order: component 1 à component 3 à component 2. Moreover, the procedure suggests 

that the initial state corresponds to ~90 % component 1 and ~10 % component 3. Similarly, it 

is suggested that the final state corresponds to ~95 % component 2 and ~5 % component 1. 
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To identify these components, a visual comparison with reference species is performed in 

Figure 27. Most components don’t coincide fully with any reference but display features that 

are a combination of different reference spectra.  

This effect is most profound for component 1. Its spectrum has a WL peak intensity that is 

quasi-identical to that of Fe2O3 and the post-WL shoulders around 7150 eV and pre-edge 

features are similar to that of MgFeAlO. Component 3 resembles Fe3O4; its WL features are 

nearly similar and the spectral edges of both overlap. Then again, inspection of the pre-edge 

feature’s centroid reveals that it is a combination of features observed in all iron oxides.  

Component 2 appears to be the sole exception; it closely resembles the model alloy reference 

in terms of pre-edge, WL and EXAFS feature. Identification of this component as Fe-Ni alloy 

therefore seems more straightforward. Then again, as the Fe-Ni alloy reference is in fact an 

ad hoc ‘model’, this statement must be viewed with care. 

 
Figure 27: Comparison of the MCR-ALS component spectra derived from Fe-K edge QXAS data 
of the 10Ni10Fe/MgAl2O4 catalyst during H2-TPR up to 800 °C. Inset: Zoom on pre-edge features. 

It is hypothesized that these observations indeed stem from a ‘coalescence’ of different 

chemical species into the components derived by MCR-ALS. This is based on the fact that the 

reduction mechanism Fe2O3 à Fe3O4 à FeO à Fe has been established for Ni-Fe/MgAl2O4 

catalysts, implying a minimum of 4 components is needed. In spite of that, the analytical 

procedure fails to derive meaningful spectra and concentration profiles for more than 3 

components. As a result, an MCR-ALS analysis of the Fe-K edge data is restricted to a sub-

optimal number of components, which will indeed lead to coalescence of components. This 

hypothesis is reinforced by an observed increase in component 1, i.e. an oxidized species, 

occurring at the end of the reduction program, suggesting that this component is indeed a 

combination of different species other than the initially present oxidized state. 
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4.2.3.2 Ni-K edge 
 

The maximum number of components for which the integrated MCR-ALS approach succeeds 

amounts to 4. The associated results are given in Figure 28. 

 
Figure 28: MCR-ALS results for Ni-K edge QXAS data of the 10Ni10Fe/MgAl2O4 catalyst during 
H2-TPR up to 800 °C. 

The results suggest the presence of two components at the start of H2-TPR: component 1 (~83 

%) and component 3 (~17 %). Solely component 1 undergoes (partial) reduction, forming 

component 2 (~16 %) and component 4 (~62 %). Component 3 appears to be stable 

throughout the reaction, maintaining a constant concentration of ~17 % (save for some 

fluctuations probably originating from noise in the data). In addition, component 2 appears at 

a later instant than component 4.  

 

In Figure 29, these components are compared with the Ni references mentioned in Figure 24 

as well as findings from literature [127] for identification purposes.  

 
Figure 29: A: Comparison of the MCR-ALS component spectra derived from Ni-K edge QXAS data 
of the 10Ni10Fe/MgAl2O4 catalyst during H2-TPR up to 800 °C with reference spectra from Figure 
24. Inset: Zoom on pre-edge features. B: Ni-K edge XANES spectra of Ni spinel species, as 
observed in the work of Chen et al. [127]. Inset: Zoom on pre-edge features. 

A B 
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Analogously to the Fe-K edge data, it can be concluded that the derived component spectra 

don’t coincide with those of the references. However, component 1 bears strong similarities 

with the NiO reference, such as: its WL, post-WL shoulder and pre-edge feature’s centroid 

position. Based on these features and the fact that it is the dominant component at the initial 

state of the catalyst, it is identified as NiO. Differences of the spectrum in terms of shifts in 

energy values and intensity are likely induced by the inherent differences between bulk and 

surface species rather than the ‘coalescence’ of components. This is supported by the fact that 

the number of components for which MCR-ALS still succeeds is larger than the number of 

candidate references, i.e. the results can be considered ‘super-optimal’ (contrary to the Fe-K 

edge), such that the chances of multiple species combining into one and the same MCR-ALS 

component are indeed small.  

Henceforth, unlike the Fe-K edge, an unbiased, one-on-one identification of the components 

is justified for the Ni-K edge. In that regard, due to the relative position of the WL features of 

component 2 and component 4, it can be assumed that these correspond respectively with 

metallic Ni and Fe-Ni alloy. This assumption is enforced by their associated concentration 

profile; due to synergistic effects in the alloy, its reduction temperature is lower than that of 

‘stand-alone’ Ni: ~250 °C vs. ~450 °C. More so, the appearance of component 4 at the Ni-K 

edge coincides with the appearance of component 2 at the Fe-K edge in Figure 26, suggesting 

that an Fe-Ni alloy is indeed formed. Component 2 can be identified as NiAl2O4, based on 

comparison with its spectrum reported in literature [127] and its existence throughout the entire 

H2-TPR program [15]. The identified MCR-ALS results are given in Figure 30. 

 
Figure 30: Identified MCR-ALS results for the 10Ni10Fe/MgAl2O4 H2-TPR 800 °C Ni-K edge 
dataset. 

4.3 10Ni5Fe/MgAl2O4 H2-TPR 800 °C  
 

4.3.1 QXAS spectra 
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4.3.1.1 Fe-K edge 
 
The evolution of the Fe-K edge spectra along with references for Fe2O3 and metallic Fe are 

shown in Figure 31. A similar behaviour as for the 10Ni10Fe variant is observed, such that it 

can be concluded that reduction of Fe indeed takes place. 

 
Figure 31: Fe-K XANES data for the 10Ni5Fe/MgAl2O4 sample during H2-TPR up to 800 °C. A: 2D 
version of the data; the bold arrows indicate the evolution of the spectra. Inset: Zoom on the pre-
edge feature. B: Contour plot of the spectra. 

4.3.1.2 Ni-K edge 
 

The associated Ni-K edge spectra are shown in Figure 32. It can also be concluded that, at 

first sight, these Ni species exhibit a behaviour similar to those of 10Ni10Fe catalyst. 

 

 
Figure 32: Ni-K XANES data for the 10Ni5Fe/MgAl2O4 sample during H2-TPR up to 800 °C. A: 2D 
version of the data; the bold arrows indicate the evolution of the spectra. Inset: Zoom on the pre-
edge feature. B: Contour plot of the spectra. 

4.3.2 PCA-LCF 
 
4.3.2.1 Fe-K edge 
 

A B 
Fe2O3 
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temperature 
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PCA results (Table 4) indicate that the Fe-K edge data contain a minimum of 3 and a maximum 

of 7 components. 

 
Table 4: Results of PCA visual tools applied to Fe-K edge QXAS data of H2-TPR up to 800 °C on 
10Ni5Fe/MgAl2O4. (Based on the results in Appendix D)  

Visual tool Suggested PCs used 

Collective PC representation  3 

Separate PC representation  3 

Reconstruction 3 

Scree plot 4 – 7 

Score plots 3 

 
Due to similarities between the spectra of the 10Ni10Fe and 10Ni5Fe samples, the same 

reasoning as in section 4.2.2.1 is applied for the selection of candidate species for TT. The 

results of this TT (Figure 33) justify the use of said candidates for LCF. 

 

 
Figure 33: TT results for the Fe-K edge QXAS data on 10Ni5Fe/MgAl2O4 during H2-TPR up to 800 
°C. 

The results of the LCF procedure are shown in Figure 34. 
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Figure 34: LCF results of Fe-K edge QXAS data of the 10Ni5Fe/MgAl2O4 catalyst during H2-TPR 
up to 800 °C. A: Evolution of the sample composition. B: Associated residual plot. 

The same trends in concentration as in the case of the 10Ni10Fe catalyst are observed, leading 

to similar conclusions as discussed in section 4.2.2.1. A more in-depth comparison between 

the 10Ni10Fe and 10Ni5Fe catalysts is given in chapter 5. 

4.3.2.2 Ni-K edge 
 
PCA at the Ni-K edge of the dataset yields a component range within a minimum of 2 and a 

maximum of 8 components, as represented in Table 5. 
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Table 5: Results of PCA visual tools applied to Ni-K edge QXAS data of H2-TPR up to 800 °C on 
10Ni5Fe/MgAl2O4. (Based on the results in Appendix D) 

Visual tool Suggested PCs used 

Collective PC representation  2 

Separate PC representation  4 

Reconstruction 4 

Scree plot 3 - 8 

Score plots 5 

 
Due to similarities of the spectra with the 10Ni10Fe case, the same references for the Ni-K 

edge are used for TT purposes. From the results shown in Figure 35, it can be concluded that 

the NiO and alloy references are indeed suited for LCF. However, the use of the Ni foil 

reference is more doubtful as it shows an R factor value that is roughly 2 times higher 

compared to the aforementioned references and remains at this elevated value when TT with 

more PCs is employed. However, as at 3 PCs used for TT, its R factor is the same order (~1 

%) as that of the other references, its inclusion for LCF can be considered acceptable.    

 
Figure 35: TT results for the Ni-K edge QXAS data on 10Ni5Fe/MgAl2O4 during H2-TPR up to 800 
°C. 

The LCF results at the Ni-K edge of the dataset are given in Figure 36. These are comparable 

with those of 10Ni10Fe in terms of the observed trends in concentration evolution as well as 

the residual plot, leading to the same remarks as made in section 4.2.2.2. A notable feature is 

a metallic Ni contribution that clearly appears at a higher temperature than that of the alloy, 

indicating the synergetic effect between Fe and Ni within the alloy phase. 
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Figure 36: LCF results of Ni-K edge QXAS data of the 10Ni5Fe/MgAl2O4 catalyst during H2-TPR 
up to 800 °C. A: Evolution of the sample composition. B: Associated residual plot. 

 

4.3.3 MCR-ALS 
 
4.3.3.1 Fe-K edge 
 
The results of the MCR-ALS procedure at the Fe-K edge of this dataset are shown in Figure 

37. Only the results using 3 components are shown as the implementation of more resulted in 

unphysical results.  
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Figure 37: MCR-ALS results for Fe-K edge QXAS data of the 10Ni5Fe/MgAl2O4 catalyst during 
H2-TPR up to 800 °C. 

The concentration profiles and evolution of the spectral features (edge shift, changes in 

intensity) hint towards a reduction mechanism of the form component 1 à component 2 à 

component 3. In addition, an initial state consisting of ~88 % component 1 and ~12 % 

component 2 is derived by the procedure. The final state of the catalyst corresponds to ~95 % 

component 3; residual weights of the other components are likely induced by noise effects.  

 

Upon comparison of the pure component spectra presented in Figure 37 with those derived 

from H2-TPR up to 800 °C of the 10Ni10Fe catalyst (Figure 26), it can be concluded that these 

are the same in both cases. Hence, in identifying the components in the current dataset, the 

same remarks as in 4.2.3.1 can be made regarding their physical meaning. 

 

4.3.3.2 Ni-K edge 
 

The results of the MCR-ALS procedure applied to the Ni-K edge of the data are shown in 

Figure 38 for 5 components (the maximum number of components with physically relevant 

results).  
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Figure 38: MCR-ALS results for Ni-K edge QXAS data of the 10Ni5Fe/MgAl2O4 catalyst during H2-
TPR up to 800 °C. 

Up to 500 °C, component 4 is reduced, such that its concentration undergoes a linear 

decrease. This is accompanied by a linear increase of component 1 and component 2. Based 

on the trends in concentration of the derived components from 500 °C on, a mechanism can 

be distinguished wherein component 1 is reduced to component 5 and component 2. In the 

same temperature range, component 3 undergoes little change in its concentration over the 

entire reduction program, save for a small increase up to 300 °C.  

 

Using the spectral results and the remarks made for the 10Ni10Fe catalyst in section 4.2.3.2, 

components 1, 2, 3 and 5 can be identified respectively as NiO, metallic Ni, NiAl2O4 and Ni-Fe 

alloy. Consequently, it is proposed that the dominant contribution to the observed 

concentration profiles stems from the reduction NiO à Ni, in which the reduced Ni can either 

be part of an Fe-Ni alloy or a separate Ni phase. Additionally, a NiAl2O4 spinel acts as a 

spectator throughout the entire reduction program. 

Considering this mechanism and the fact that all measurements took place in a reducing 

environment, the apparent linear increase in the weights of NiO and NiAl2O4 in the interval [20, 

300] °C is highly unlikely. As this increase coincides with a decrease in the concentration of 

component 4, followed by its disappearance and subsequent reappearance, it is possible that 

this counterintuitive behaviour is caused by a faulty derivation of the (correlated) concentration 

profiles of NiO, NiAl2O4 and this as of yet still unknown component. 

To investigate the viability of this hypothesis, component 4 is identified. Upon comparison with 

spectra in literature (Figure 29 B), no clear identification is possible. Nevertheless, based on 

the large WL feature, it is reasonable to assume that this a spinel phase. This is supported by 

the fact that an MCR-ALS procedure using 4 components derived a pure component that gave 

rise to the same concentration profile as that of component 4 but displayed an additional pre-

edge shoulder centred around 8336 eV (see Appendix E). As a similar feature is observed for 

NiFeAlO4 and NiFe2O4 (Figure 29 B), component 4 can be identified as a NiFe(Al)O spinel. It 
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must be noted that the existence of a NiFe2O4 spinel phase was previously hypothesized by 

Theofanidis et al. for the same catalyst [15], which not only strengthens this line of reasoning 

but also makes the identification of the component as NiFe2O4 the most plausible. 

Still, it is reported that such NiFe(Al)O spinels are reducible [129], such that the proposed 

convex concentration profile in Figure 38 is indeed physically incorrect. A more intuitive result 

would be a constant concentration of the phase which would undergo a decline at a 

temperature of ~700 °C. In the case of NiFe2O4, the reduction mechanism entails the splitting 

of the component into its constituent NiO and Fe3O4 phases which reduce respectively further 

to Ni and Fe. 

 

Given the reasoning above, it can be stated that, while the derived component spectra have 

physical meaning, part of the associated concentration profiles contradicts physicochemical 

intuition. It is hypothesized that this error is an artefact from numerical calculations. The 

resulting identification is proposed in Figure 39. 

 
Figure 39: Identified MCR-ALS results for the 10Ni5Fe/MgAl2O4 H2-TPR 800 °C Ni-K edge dataset. 
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4.4 10Ni10Fe/MgAl2O4 DRM 750 °C 1 atm CH4/CO2 = 1/3 
 

4.4.1 QXAS spectra 
 
4.4.1.1 Fe-K edge 
 

A visual inspection of the QXAS spectra at the Fe-K edge of the 10Ni10Fe catalyst during the 

DRM experiment, shown in Figure 40, clearly indicates an evolution of an alloy phase to a 

more oxidized state, as evidenced by the change in intensity of the WL and pre-edge features. 

Moreover, a contour plot indicates that these changes take place within the first 5 minutes, 

after which the evolution stagnates.  

 
Figure 40: Fe-K XANES data for the 10Ni10Fe/MgAl2O4 sample during DRM at 750 °C, 1 atm and 
CH4/CO2 = 1/3. A: 2D version of the data; the bold arrows indicate the evolution of the spectra. B: 
Contour plot of the spectra. 

4.4.1.2 Ni-K Edge 
 
The corresponding Ni-K edge data, given in Figure 41, show little to no changes in spectral 

features over the entire experiment, save for small fluctuations in the edge position of ~0.3 eV. 

It is possible that these are caused by changes in the environment of the Ni atoms during 

reaction, but a noise-induced origin cannot be excluded. 

Alloy 

FeO 
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Figure 41: Ni-K XANES data for the 10Ni10Fe/MgAl2O4 sample during DRM at 750 °C, 1 atm 
and CH4/CO2 = 1/3. A: 2D version of the data; Inset: Zoom on the edge to illustrate fluctuations. 
B: Contour plot of the spectra. 

4.4.2 PCA-LCF 
 
4.4.2.1 Fe-K edge 
 
PCA at the Fe-K edge of the DRM dataset elucidates a minimum of 2 and a maximum of 4 

components present throughout the measurements, as indicated by the results in Table 6. 

 

Table 6: Results of PCA visual tools applied to Fe-K edge QXAS data on 10Ni10Fe/MgAl2O4 
during DRM at 750 °C, 1 atm and CH4/CO2 = 1/3. (Based on the results in Appendix D) 

Visual tool Suggested PCs used 

Collective PC representation  2 

Separate PC representation  2 

Reconstruction 2/3 

Scree plot 2 – 4 

Score plots 2 

 

TT of the Fe references (Figure 42) indicates that the components with the highest probability 

to be present within the sample are Fe-Ni alloy, FeO and metallic Fe. Though Fe3O4 shows an 

R factor of the same order as those of the aforementioned components at 4 PCs, the presence 

of this species during the DRM program is doubtful. This is based on the fact that (i) its R factor 

at 2 PCs for TT is on the order of 10 %, whereas that for the alloy, FeO and metallic Fe 

references is on the order of 1 %, and (ii) because Theofanidis et al. have only observed the 

formation of FeO using in situ XRD during DRM reactions with CH4/CO2 ratios ≤ 1/6 [15]. 

Therefore, only the FeO, Fe foil and Fe-Ni alloy references are considered for LCF. 

Alloy 

NiO 

A B 
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Figure 42: TT results for the Fe-K edge QXAS data on 10Ni10Fe/MgAl2O4 during DRM at 750 °C, 
1 atm and CH4/CO2 = 1/3. 

An LCF procedure at the Fe-K edge of the dataset yields the results in Figure 43.  

 

 
Figure 43: LCF results of Fe-K edge QXAS data of 10Ni10Fe/MgAl2O4 during DRM at 750 °C, 1 
atm and CH4/CO2 = 1/3. A: Evolution of the sample composition. B: Associated residual plot. 

At the start of the experiment, the procedure suggests a composition of ~88 % Fe-Ni alloy and 

~12 % metallic Fe. Under the influence of DRM gases, the former phase is partially oxidized 

to FeO. This oxidation is eminent in the first 5 minutes, after which its effect becomes more 

0

5

10

15

20

25

2 3 4

R 
 fa

ct
or

 [%
]

#PCs for TT [/]

MgFeAlO

Fe2O3

Fe3O4

FeO

Alloy

Fe foil

0

0,2

0,4

0,6

0,8

1

0 5 10 15 20 25 30

W
ei

gh
t [

/]

Time [min]
FeO Fe foil Alloy

A

0E+0

1E-3

2E-3

3E-3

4E-3

5E-3

0 5 10 15 20 25 30

R2
fa

ct
or

 [/
]

Time [min]

B



 

 59 

diminished. At the same time, the separate metallic Fe phase remains unchanged under the 

influence of the DRM gases. The resulting final state derived by LCF corresponds to ~52 % 

FeO, ~36 % alloy and ~12 % metallic Fe. 

The residual of the fitted spectra is within acceptable ranges (< 10-2). Its increase in time is 

likely caused by the choice of the ‘model’ alloy reference, though the presence of other 

components cannot be excluded.    

 

The LCF results can be explained through the considerations in section 2.4. Reaction will 

preferentially take place on the Fe-Ni alloy as this is the active phase for DRM. In the proposed 

MVK mechanism for this reaction, it is found that Fe oxides are formed through the adsorption 

of CO2 but are subsequently reduced by H2 produced by CH4 dissociation on Ni sites of the 

alloy. If the CH4/CO2 ratio is sufficiently low, e.g. 1/3 as in this case, a net effect of oxidation 

takes place and Fe will segregate out of the alloy as a separate FeO phase [15]. 

From LCF results, the separate, metallic Fe phase seems to not undergo oxidation.     

 

4.4.2.2 Ni-K edge 
 
The results of PCA visual tools applied to the Ni-K edge of the dataset, shown in Table 7, 

indicate a minimum of 1 and a maximum of 4 components.  

 

Table 7: Results of PCA visual tools applied to Ni-K edge QXAS data on 10Ni10Fe/MgAl2O4 
during DRM at 750 °C, 1 atm and CH4/CO2 = 1/3. (Based on the results in Appendix D) 

Visual tool Suggested PCs used 

Collective PC representation  1 

Separate PC representation  1 

Reconstruction 1/2 

Scree plot 2 – 4 

Score plot 1/2 

   

TT of the Ni references to the DRM dataset (Figure 44) clearly indicates the viability of Ni foil 

and alloy for LCF purposes. This is in contrast with NiO, of which the R factor is one order 

higher in value.  
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Figure 44: TT results for the Ni-K edge QXAS data on 10Ni10Fe/MgAl2O4 during DRM at 750 °C, 
1 atm and CH4/CO2 = 1/3. 

Through LCF, of which the results are displayed in Figure 45, it is found that the overall 

composition of the Ni species is about the same throughout the treatment, save for some 

fluctuations, amounting to 90 ± 10 % Fe-Ni alloy and 10 ± 10 % metallic Ni. Similarly, the 

residuals of the spectra obtained through LCF fluctuate around a value of ~7 10-4. 

 

 
Figure 45: LCF results of Ni-K edge QXAS data of 10Ni10Fe/MgAl2O4 during DRM at 750 °C, 1 
atm and CH4/CO2 = 1/3. A: Evolution of the sample composition. B: Associated residual plot. 
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As mentioned in section 4.4.1.2, it is assumed that the aforementioned fluctuations are either 

caused by changes in the environment of Ni atoms or by experimental noise. 

Should a physicochemical change indeed be at the basis of this observation, this can be 

explained on the one hand through the MVK mechanism in Figure 10. Herein, Ni undergoes 

reaction with CH4, creating carbonized Ni (CNi), after which this carbon is oxidized through 

reaction with FeOx species. As such, from a preliminary point of view, there is no net change 

of the Ni species. On the other hand, as it is known that Fe segregates out of the alloy phase 

whereas Ni tends to remain within the alloy phase [15], [16], this may also lead to changes in 

the structural environment of the Ni species. Although it is expected that this would result in a 

disappearance of the alloy phase because the Fe/Ni ratio in the alloy decreases, a study of 

the Fe-Ni phase diagram at atmospheric pressures (Figure 46) reveals that the Fe-Ni alloy 

present at 800 °C can actually constitute a wide variety of Fe/Ni ratios. As such, the Ni atoms 

remain within the ‘same alloy’ throughout the entire experiment, explaining why only 

fluctuations and no net changes are observed for the alloy by LCF. As a consequence of the 

correlated solving method (sum weights = 1), the metallic Ni phase displays the same 

fluctuations as the alloy. 

 

For completeness, it must be mentioned that the presence of additional components, e.g. 

NiAl2O4, cannot be confirmed in the PCA-LCF procedure due to a lack of additional references.  

 
Figure 46: Fe-Ni phase diagram. [130] 

 

4.4.3 MCR-ALS 
 
4.4.3.1 Fe-K edge 
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The results of MCR-ALS applied to the Fe-K edge of the DRM dataset are given in Figure 47. 

In this case, only the use of 2 components led to physically relevant results. 

 
Figure 47: MCR-ALS results for Fe-K edge QXAS data of the 10Ni10Fe/MgAl2O4 catalyst 
during DRM at 750 °C, 1 atm and CH4/CO2 = 1/3. 

The spectra and concentration profiles in Figure 47 indicate that the initial state of the catalyst 

corresponds purely to component 1, which undergoes partial oxidation to component 2, such 

that the final state of the catalyst corresponds to ~55 % of the latter. It appears the most notable 

part of the oxidation takes place within the first 5 minutes of the measurement, after which the 

oxidation rate decreases significantly.  

Through the use of Figure 22 A, component 1 and component 2 can be identified respectively 

as Fe-Ni alloy and FeO (Figure 48). This identification is based on strong similarities found 

between the centroid position of the pre-edge features, WL intensities and WL shapes of the 

references and derived components. 

 
Figure 48: Identified MCR-ALS results for the 10Ni10Fe/MgAl2O4 DRM 750 °C Fe-K edge dataset. 
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Though MCR-ALS elucidates the mechanism Fe (alloy) à FeO, it must be noted that the 

possible existence of other species, e.g. stand-alone metallic Fe, cannot be excluded. 

 

4.4.3.2 Ni-K edge 
 
In the case of the Ni-K edge DRM data, the MCR-ALS algorithm fails to derive physically 

meaningful results; when 2 components or more are selected, the spectra and concentration 

profiles derived are always dominated by noise. Thus, this result suggests that there is only 

one Ni component present throughout the DRM experiment. 

  

It is most likely that this result is actually the consequence of the fact that the MCR-ALS 

algorithm requires notable changes to occur within the spectra in order to derive components. 

This hypothesis is based on the fact that (i) only small fluctuations take place between the Ni-

K edge spectra (shifts ~0.3 eV), and (ii) the fact that Theofanidis et. al [15], [16] have confirmed 

the presence of both NiAl2O4 and Fe-Ni alloy in an activated Fe-Ni/MgAl2O4 catalyst for DRM 

through XRD, such that certainly more than one component must be present within the sample 

at the start of the experiment. 

Despite this shortcoming, it is clear that MCR-ALS confirms that the Ni species undergo no 

detectable change in composition under the imposed DRM conditions. 
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5 Discussion of the results 
 

In this chapter, the results of the analysis in chapter 4 are discussed. 

 

5.1 TPR data 
 

The results in sections 4.2 and 4.3 suggest that both the 10Ni10Fe/MgAl2O4 and 

10Ni5Fe/MgAl2O4 catalysts share a range of similarities. PCA-LCF results at the Fe-K edge 

indicate a reduction mechanism of the form Fe2O3 à Fe3O4 à FeO à Fe takes place in both 

catalysts, with the possible presence of a MgFeAlO spinel. MCR-ALS at the Ni-K edge of both 

catalysts unambiguously indicates NiO is reduced to Ni, which is either incorporated in an Fe-

Ni alloy or a separate metallic Ni phase, whilst NiAl2O4 remains stable throughout H2-TPR. 

Moreover, based on MCR-ALS results on both edges, it is apparent that H2-TPR up to 800 °C 

leads to incomplete reduction in the 10Ni10Fe and the 10Ni5Fe catalysts. Since, for both 

systems, the reduction rate decreases significantly after reaching the dwell temperature of 800 

°C, this is most likely due to the fact that the maximum reduction temperature is not high 

enough; a value of 850 °C would probably lead to a higher degree of reduction [15]–[17]. The 

reduced fraction, as derived on each edge by either PCA-LCF or MCR-ALS, is about the same 

for both catalysts. 

Even so, some notable differences between these catalysts are observed. First of all, the 

reduction temperatures derived via PCA-LCF and MCR-ALS for the 10Ni5Fe catalyst appear 

to be shifted to ~50-100 °C higher values compared to those of the 10Ni10Fe catalyst. A 

second notable difference is the distinction of a 5th component in MCR-ALS in the 10Ni5Fe 

catalyst, presumed to be NiFe2O4, whilst only 4 components can be discerned for 

10Ni10Fe/MgAl2O4. 

These observations can be attributed to the relatively higher Ni/Fe ratio in the 10Ni5Fe catalyst. 

For instance, an analogous reduction temperature shift has been observed in Ni-Fe catalysts 

supported on Al2O3 [131] as well as Ni-supported on an Fe-doped MgAl2O4 support [132] upon 

increasing the Ni/Fe ratio. As the reduction temperature of NiO is higher than that of Fe-oxides 

(differences of 100-200 °C have been reported between monometallic Ni and Fe catalysts 

supported on Al2O3 [131]), an increase of the Ni/Fe ratio enforces a more Ni-like behaviour in 

the catalyst [131]. It must be noted that, in the same work, these observations were not 

necessarily accompanied by the formation of a Ni-Fe alloy.  

It is also hypothesized that this relative weight of Ni compared to Fe is why MCR-ALS derives 

an additional 5th component identified as NiFe2O4 for the 10Ni5Fe catalyst. A Ni content that is 

relatively higher than that of Fe increases the likelihood to form NiFe2O4 during catalyst 

preparation, leading to the formation of this phase for 10Ni5Fe/MgAl2O4 but not for 
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10Ni10Fe/MgAl2O4. Note that the presence of Fe in this phase enforces the hypothesis that a 

suboptimal number of components is derived for Fe-K edge data of the 10Ni5Fe catalyst. 

 

Furthermore, the obtained PCA-LCF and MCR-ALS results indicate that a distinction should 

be made between the application of each analysis method to the Fe-K edge and Ni-K edge. 

For PCA-LCF, results at the Fe-K edge suggest a non-physical solution, as demonstrated by 

a ‘full reduction of the MgFeAlO spinel’ and an ‘increase of Fe2O3’ during H2-TPR. It is 

hypothesized that this is most likely due to the absence of additional Fe reference spectra for 

LCF, e.g. distorted (Fe2+) MgFeAlO spinel and NiFe2O4. In spite of an analogous lack of 

reference spectra for the Ni-K edge, the results obtained in this case are more feasible from a 

physicochemical point of view. That notwithstanding, the lack of a NiAl2O4 reference spectrum 

still makes it that results at the Ni-K edge can only be interpreted in a qualitative fashion (e.g. 

shifts in reduction temperatures observed between different catalyst systems). 

Application of MCR-ALS to the Fe-K edge fails to derive components for a physically 

meaningful number of components (≥ 4), inducing the coalescence of different chemical 

species into one and the same component. This is opposite to the case of the Ni-K edge, 

wherein the method succeeds in its task, deriving 4 components and 5 components 

respectively for the 10Ni10Fe and 10Ni5Fe data. This contrast can be explained through the 

difference in the S/N ratio of measurements, which is particularly higher for the Ni-K edge. To 

illustrate this, the EXAFS signal of the first measured Fe-K and Ni-K spectra during H2-TPR of 

10Ni10Fe/MgAl2O4 are given in Figure 49. The first effects of noise are visible at the Fe-K 

edge at a wavenumber of ~6 Å-1 whereas this only occurs at ~8 Å-1 for Ni-K edge 

measurements, proving a higher S/N ratio for the latter edge. The same relative differences in 

S/N ratio are observed for all spectra of both catalysts. In general, MCR-ALS requires high S/N 

ratios, as to avoid embedment of the noise into modelling of the data matrix D [14], i.e. deriving 

the concentration profiles and component spectra. Hence, if the S/N ratio is too low, noise will 

dominate the concentration profiles and component spectra of the species, from which follows 

that obtaining non-physical results becomes more probable. This corresponds with what is 

observed for the Fe-K edge: if 4 components or more are used, either the spectra or 

concentration profiles attain a noisy character, obscuring any physical relevance the 

component may have carried.  
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Figure 49: EXAFS signal of the first measured Fe-K edge and Ni-K edge spectrum during H2-TPR 
up to 800 °C of 10Ni10Fe/MgAl2O4. 

Why this noise contribution is more prominent at the Fe-K edge is not clear. It is hypothesized 

that this is related to the experimental equipment used for XAS. As the Fe-K edge scans a 

different energy range than the Ni-K edge, the crystal monochromator and used Bragg angle 

may play a certain role in this. It is also possible that the nature of Fe species within the catalyst, 

which are intrinsically different for Ni species, may affect the absorption of X-rays, resulting in 

different S/N ratios between the elements’ K-edges. The effects of averaging recorded spectra, 

which increases the S/N ratio if a longer averaging period is taken [133], and the oscillation 

frequency of the monochromator, which usually decreases the S/N ratio if higher frequencies 

are chosen [133], are less likely to have induced this noise effect as the same averaging period 

and oscillation frequency were used for all measurements. Still, it is possible that noise effects 

can be reduced if either the averaging period is increased or the oscillation frequency is 

decreased. However, such considerations may have a negative effect on the net time 

resolution of the results. Other potential solutions to this matter involve more detailed analysis 

methods that require modelling of the noise contribution, such as maximum likelihood (ML) 

methods combined with PCA (MLPCA) [134] and weighted ALS versions of standard MCR-

ALS (MCR-WALS) [135]. 

The success of MCR-ALS applied to the Ni-K edge is thus apparent. For one, it proves the 

method’s stand-alone character: up to 5 meaningful spectra are derived, as opposed to the 3 

reference spectra that are used for PCA-LCF. Moreover, more representative spectra for 

metallic Ni and Fe-Ni alloy are derived, proving its power to access ‘surface’ species which are 

intrinsically different from their ‘bulk’ counterparts used for reference purposes. Likewise, a 

reduction mechanism of Ni-species is proposed (vide supra). 
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With the current findings, it can be concluded that a full identification of the catalysts’ 

constituents during H2-TPR is not possible. This is the most apparent for the Fe species, of 

which neither PCA-LCF nor MCR-ALS can give quantitative evidence of their exact nature. 

However, it is possible that access to a larger set of candidate species spectra for PCA-LCF 

or a preliminary modelling of the obtained component spectra from MCR-ALS can provide a 

more detailed analysis. As such, apart from the previously established presence of Fe2O3, 

Fe3O4, FeO, metallic Fe and Fe-Ni alloy, a set of other Fe phases is hypothesized in this thesis. 

These include a series of spinels: MgFeAlO4 (both Fe3+, i.e. undistorted, and Fe2+, i.e. 

distorted), MgFe2O4, FeAl2O4 and NiFeAlO4. In case of the Ni species, a more straightforward 

identification is realized through MCR-ALS. Even so, the identity of the 5th component is 

doubtful, as it can either be described as NiFe2O4 or NiFeAlO4. The resulting proposed 

identification is given in Figure 50. 

 

 
Figure 50: Schematic representation of the proposed identification of the constituents and 
reduction mechanism derived from the application of big data analysis techniques to QXAS of Ni-
Fe/MgAl2O4 catalysts during H2-TPR up to 800 °C. Both the top and bottom are constituents that 
can be present within the same catalyst. Dotted black lines indicate the as-prepared state. The 
edges from which these components are derived are given above these lines. Question marks 
indicate open questions. For clarity, it is assumed that the alloys are neighboured by their 
constituting elements.     

 
5.2 DRM data 
 

On the basis of the results observed via QXAS, PCA-LCF and MCR-ALS, it is certain that 

exposure to the imposed DRM conditions indeed causes oxidation to occur within the catalyst. 
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Said oxidation only occurs within the Fe species though, as no significant changes occur at 

the Ni-K edge spectra; only fluctuations in the edge position of ~0.3 eV are observed. These 

observations can be explained as follows. The activated catalyst consists mostly of a 

supported Ni-Fe alloy phase, which is the designated active site for catalysis. As DRM takes 

place via the MVK mechanism in Figure 10, Fe sites are oxidized by CO2 to FeOx species, 

which are in this case identified as FeO. These oxides are then reduced by oxidizing CNi and 

through reaction with produced H2, originating from CH4 dissociation on Ni sites. As stated 

previously, a net oxidation of Fe takes place when the CO2 partial pressure is relatively high 

compared to that of H2, e.g. like in this case when CH4/CO2 = 1/3, whereas Ni retains its 

reduced state. In consequence, the Fe-Ni alloy forms two phases: an Fe-Ni alloy that, though 

partially depleted in Fe, is of the same type as that of the initial phase and an FeO phase that 

surrounds the Fe-Ni alloy and contains the Fe segregated out of the alloy. This latter statement 

is supported by the explanation in section 4.4.2.2. As such, a core-shell structure is formed 

with an Fe-Ni alloy core and FeO shell. Similar core-shell structures were observed by 

Theofanidis et al. through EDX-STEM mapping of Ni-Fe-(Pd)/MgAl2O4 catalysts used for DRM 

at 750 °C, 1 atm and CH4/CO2 = 1/1 [17].  

Moreover, both PCA-LCF and MCR-ALS indicate that oxidation of Fe is concentrated in the 

first 5 minutes of DRM, after which the oxidation rate steadily declines, indicating a stable 

behaviour of the catalyst. The final weight of FeO is in the same range when derived by both 

methods: ~52 % for PCA-LCF and ~55 % for MCR-ALS. Despite these relatively high weight 

values, the appearance of FeO-related diffraction peaks during in situ XRD were not observed 

in other studies of these catalysts [15], indicating that these oxides are probably on the 

nanoscale. 

 

Upon comparison of PCA-LCF and MCR-ALS applied to this dataset, it is apparent that the 

former method derives separate metallic Fe and Ni phases that maintain an approximately 

constant weight throughout the experiment (~12 % Fe0 and ~10 % Ni0) whereas the latter 

method does not. Given the analysis of the H2-TPR dataset, it is indeed possible that such 

separate metallic phases occur within the activated catalyst. Why these phases do not change 

in weight is not evident, however, as it would be expected that separated Fe and Ni would 

function as monometallic DRM catalysts which would either undergo oxidation or coking 

through respective interaction with CO2 and CH4. It is possible that, due to the higher activity 

of Fe-Ni alloy for DRM compared to its monometallic constituents, the reaction may preferably 

take place on the alloy, leaving the monometallic phases unaltered. Then again, it cannot be 

excluded that these contributions are caused by the use of unrepresentative reference spectra, 

e.g. the ‘model alloy’.  
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Application of MCR-ALS methodology, on the other hand, only succeeds for the Fe-K edge for 

the DRM dataset. Two components are derived, identified as Fe-Ni alloy and FeO, of which 

the weight of the latter species at the end of DRM is in line with PCA-LCF results. The presence 

of a third component is not confirmed via this method, though it possible that this in part due 

to the relatively low S/N ratio of the Fe-K edge XAS data, such that the presence of a metallic 

Fe phase is still plausible. In case of Ni-K edge measurements, the method fails to derive a 

physically meaningful number of components; at least 2 components, i.e. Fe-Ni alloy and 

NiAl2O4, are expected based on prior research [15] and the aforementioned H2-TPR results. 

This is thought to arise from the insignificant changes occurring within the Ni species during 

DRM, reflected through a quasi-identical shape of the recorded XAS spectra. More so, 

inspection of the PCs for this dataset (appendix D) reveal that the first PC indeed takes on this 

identical form of the spectra. Hence, it can be concluded that, in addition to a sufficiently large 

S/N ratio, MCR-ALS requires a notable change in the data in order to derive multiple PCs and 

give them physical meaning. As such, the presence of a stable, separate metallic Ni phase 

cannot be excluded in the analysis of these results. 

 

With the current data, the creation of a core-shell structure during the first 5 minutes of DRM 

is confirmed. Still, the question remains whether there is an additional presence of stable 

metallic Fe and Ni phases. These results are represented schematically in Figure 51. 

 

 
Figure 51: Schematic representation of the identification of the constituents derived from the 
application of big data analysis techniques to DRM of NiFe/MgAl2O4 catalysts during DRM at 750 
°C, 1 atm and CH4/CO2 = 1/3. Question marks indicate open questions. Note that abstraction is 
made of the hypothesized components from H2-TPR results. 
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6 Methodological discussion 
 

From the results, it is apparent that the PCA-LCF analysis and integrated methodology for 

MCR-ALS have been applied successfully. Still, each method has its advantages and 

disadvantages, as indicated in Table 8. In what follows, a critical analysis is performed of these 

methods in order to get a better view of these advantages and limitations. This is combined 

with a selection of best practice approaches to cope with some of these limitations. 

 

Table 8: Comparison of the advantages and disadvantages of PCA-LCF and MCR-ALS. 

 
 

6.1 PCA-LCF method evaluation 
 

Throughout this thesis, it is has become evident that the availability of reference spectra is vital 

to PCA-LCF. For instance, for the H2-TPR dataset, even though the presence of Ni-Fe alloy 

and NiAl2O4 was established earlier, no references were available for these compounds in the 

present study. As such, in order to assure the feasibility of the method, it is imperative that 

prior experiments are performed to get a first idea of the system’s possible constituents, which 

in turn motivates XAS measurements of reference species. Not only the quantity of spectra is 

of the essence but also their quality, meaning that both experimental bias should be avoided 

and that the references from which spectra are gathered should be representative of the 

examined system (bulk reference vs. surface species in catalysts). Then again, as the used 

references mostly entail bulk systems, this problem can only be solved to a certain degree. 

For example, this problem is observed for the Ni-K edge H2-TPR datasets, where differences 

between the reference Ni foil and the metallic Ni spectral components derived by MCR-ALS 

are distinguished. For all spectra, meticulous pre-treatment (see section 3.1) is essential. 

Additionally, the TT identification test plays an important role as to which references are used 

for LCF. In the current study, this entails the ‘R factor’ test. As illustrated by its application to 
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the DRM dataset’s Fe-K edge, a relative comparison of each reference’s R factor can exclude 

the presence of some species. Still, this test can only be used in a ‘relative’ fashion, implying 

that its reliability depends on the size of the library of reference spectra that is used. Specifically 

for the Fe-K edge H2-TPR data, for which only 6 references are available, this is apparent. 

Thus, it might be interesting to move to more absolute tests such as the SPOIL test, developed 

by Malinowski [136]. In brief, this test calculates a SPOIL value which takes into account the 

effect of noise and systematic error in the data. A candidate of this test is deemed ‘acceptable’, 

‘moderately acceptable’ or ‘unacceptable’ if its SPOIL value is respectively < 3, between 3 and 

6 or > 6. However, at the time of the thesis, methods to calculate this SPOIL value were not 

yet built in Athena, therefore eliminating its use in the software package. The use of other 

software packages that have a built-in tools to calculate the SPOIL, such as SIXpack, may 

therefore be considered for future studies. 

It must also be remarked that LCF is an ad hoc mathematical method that approximates the 

‘composition’ of a given spectrum as the result of a non-linear minimization procedure wherein 

the optimized variables are the weights of the references used. Its result is thus mathematical 

of nature and can give rise to unphysical results. Caution is thus advised as to not blindly 

interpret the results. Therefore, the simultaneous analysis of the fitting residual is essential to 

reveal any patterns, e.g. minimum or maximum, that allude to the presence of additional 

components or faulty references used for LCF. This is for example the case for the H2-TPR 

Fe-K edge spectra, wherein the least square solution exhibited a rise in Fe2O3 species from a 

certain point on, accompanied by a maximum in the R2 factor. From this, it was hypothesized 

that the resulting fit lacked an intermediate component.   

  

All in all, if the above problems are accounted for, the method has its merits. First of all, in case 

all measurements exhibit a relatively low S/N ratio, which inhibits the use of MCR-ALS, PCA-

LCF can prove useful for speciation. Of course, this is provided that all time-resolved 

measurements and references display the same S/N ratio and that the noise is systematic. 

Hence, if LCF is performed using these spectra, the same error contribution will be shared by 

all input spectra, and a rigorous speciation is still possible. Additionally, if the input data show 

little variation, e.g. as experienced for Ni-K edge DRM data, the use of fixed input spectra for 

LCF is what sets PCA-LCF aside from MCR-ALS, giving the former method still viability to 

derive meaningful concentration profiles. Finally, if abstraction is made of the time needed to 

take reference measurements, PCA-LCF analysis is less time intensive compared to MCR-

ALS, as the method does not face the problem of finding a good initial estimate or having to 

identify its components, as their identity is already fixed by input of the references. 
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6.2 Integrated MCR-ALS method evaluation 
 

As evidenced by the results in chapter 4, the integrated methodology has been applied 

successfully to obtain initial estimates which led to results that are in line with previous work. 

Especially notable is the power of MCR-ALS when applied to the Ni-K spectra of the H2-TPR 

data; even though only 3 reference spectra were available, up to 5 components were derived, 

proving its more stand-alone character. Apart from that, more representative spectra for 

metallic Ni and Ni-Fe alloy were derived. Even with these positive results, numerous remarks 

must be made as to what is necessary to bring this methodology to a good end. 

 

As XAS data is one of the primary inputs in the integrated methodology, certain considerations 

related to this data are imperative:  

• As indicated in section 5.1, an as high as possible S/N ratio is preferable to avoid 

obscuring any physical relevance the components may carry and thus increase the 

chances for MCR-ALS to elucidate as many species as possible.  

• The dataset should display a notable change to assure speciation via this methodology 

(see section 5.2).  

• Meticulous pre-processing of XAS data (see section 3.1) is essential, as this may 

influence the spectral features, which in turn influences PCA and thus also the results 

of MCR-ALS.  

• If it is desired to minimize the experimental input, i.e. solely the use of specialised 

algorithms which only depend on the QXAS measurements is considered, then multiple 

datasets are indeed a must. This was indeed the case for the H2-TPR datasets of the 

10Ni10Fe and 10Ni5Fe catalysts. Figure 52 schematically represents this stand-alone 

approach. A SIMPLISMA estimate was made of the 4 component spectra of the 

10Ni10Fe dataset, which was subsequently used as input for MCR-ALS on the same 

dataset. The C and ST results were deemed adequately physically relevant and 

admitted to the 10Ni5Fe dataset as initial estimates for MCR-ALS on that dataset. It 

was observed that the obtained C and ST had been adjusted, which motivated the use 

of these solutions as estimates to redo the MCR-ALS method on the 10Ni10Fe catalyst, 

i.e. ‘iteration 2’. This approach led to the results shown in section 4.2.3.2. As such, the 

methodology can also provide an iterative approach for ‘stand-alone’ MCR-ALS 

treatment of the datasets. 
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Figure 52: Schematic representation of the use of algorithm-based initial estimates in the 
integrated MCR-ALS methodology, demonstrated for the 10Ni10Fe and 10Ni5Fe H2-TPR datasets. 

The sole use of algorithm-based initial estimates, as demonstrated in Figure 52, illustrates that 

linear combination fitting (to obtain C type initial estimates) is not essential in obtaining relevant 

solutions from MCR-ALS. More so, a recommended practice is to avoid the use of C type 

estimates and only use ST type estimates, such that candidate species spectra can be 

submitted ‘directly’ as spectral estimates for MCR-ALS, thereby saving the time which would 

normally be spent on TT and LCF. Note, however, that PCA must still be performed to give 

access to the range of number of PCs. 

 

A priori determination of the number of the ‘optimum’ (i.e. maximum) number of components 

for which MCR-ALS works is not straightforward. Different visual tools suggest a range of the 

number of PCs which must be ‘climbed through’, leading to a systematic yet trial and error type 

of approach. In view of saving time, it is desired to have a starting number of components that 

is close to this optimum number. Of all visual tools used in this thesis, it is found that score 

plots predicted this optimum number correctly in most of the cases; only for 2 datasets, i.e. Ni-

K edge of 10Ni5Fe H2-TPR and Ni-K edge of 10Ni10Fe DRM, did it suggest with an 

overestimation of 1 component. However, it is also possible that this positive result is purely 

coincidental. More so, its 4/6 success rate indicates the tool is not 100 % trustworthy, such 

that there is indeed still room for doubt and the systematic approach of incrementing PCNR in 

the methodology should still be considered. The proposed methodology is therefore also a 

method to cope with the uncertainty of the number of PCs. 
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To verify the physical relevance and identity of the obtained components in this thesis, use 

was indeed made of prior research on Ni-Fe/MgAl2O4 catalysts (SEM-EDX and time-resolved 

in situ XRD [15], [17]), and reference spectra reported in literature [127]. Therefore, the need 

for other (time-resolved) experiments is indeed justified. Note, however, that this identification 

is only of a preliminary nature, as a more detailed approach would include modelling of the 

obtained component spectra, i.e. XANES and EXAFS modelling, to gain more insight into the 

exact structure of these components. 

 

A final remark relates to deciding when the methodology has reached its ‘end’. As stated in 

section 3.3, in order to build the hypothesis that the current number of components is indeed 

exaggerated, the MCR-ALS analysis must be applied for a wide range of initial estimates that 

result in failure. Based on experience gained in this thesis, a best practice method is given to 

recognize the exaggerated use of components. This relies on the use of a key estimate that 

consists of PCNR spectra of which the physical relevance is assured, e.g. derived via MCR-

ALS analysis of another dataset or from experimental input. If the first PCNR – 1 components 

retain their relevance but the final PCNRth component either becomes noisy or is derived as a 

zero-component, i.e. both its spectrum and concentration are 0, it is plausible to assume that 

only PCNR - 1 components can be derived via MCR-ALS. Figure 53 illustrates how this 

methodology was used to determine that a maximum of 4 components could be derived for 

the Ni-K 10Ni10Fe H2-TPR data. Use was made of the results from the Ni-K 10Ni5Fe H2-TPR 

data (5 components) as initial estimate for ST for MCR-ALS analysis of the 10Ni10Fe dataset. 

As the corresponding solution displayed a noise-dominated component spectrum for the 5th 

component, while the other 4 maintained the shape of the initial estimate, it was plausible to 

assume that MCR-ALS should be restricted to 4 components. An analogous reasoning wherein 

the 5th component of the initial estimate was multiplied with a factor 0.95 confirmed this 

assumption: the resulting 5th spectrum and concentration profile were both zero. 

While this allows a more systematic approach to end the method, it still requires a backbone 

of relevant spectra which must either be available through MCR-ALS results of other datasets 

or XAS measurements of representative references. As the latter form of input is not always a 

priori available, the former method is mostly the preferred route. However, such an approach 

is not always assured because it demands another dataset of which MCR-ALS can derive at 

least one component more than the dataset that is currently examined. Hence, the use of a 

variety of estimates remains the sole ‘guaranteed method’ to decide to finalize the procedure. 

Consequently, ending the procedure remains a time-intensive process of trial and error. 
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Figure 53: Best practice approach to recognize an exaggeration of the number of components 
used for MCR-ALS, demonstrated for the case of the Ni-K edge 10Ni10Fe/MgAl2O4 H2-TPR dataset 
using the results from the Ni-K edge 10Ni5Fe/MgAl2O4 H2-TPR dataset. A: Using the results as 
obtained directly from the 10Ni5Fe dataset as initial estimate yields a noisy 5h spectrum and a 
corresponding zero concentration profile. B: Using the same initial estimate but with the 5th 
component multiplied with a factor of 0.95, gives a zero spectrum and zero concentration profile 
for the 5th component.  
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7 Conclusions and Future Work 
 

In this thesis, in situ QXAS data of 10Ni10Fe/MgAl2O4, subjected to H2-TPR and DRM, and 

10Ni5Fe/MgAl2O4, subjected to H2-TPR, have been investigated by means of PCA-LCF as well 

as MCR-ALS via an integrated approach. 

Analysis of the H2-TPR data revealed that when a programmed reduction to 800 °C is applied, 

the reduction of both catalyst systems is only partial. MCR-ALS proved to be most efficient 

when applied to the Ni-K edge, yielding quantitative information to derive a reduction 

mechanism of the Ni species. A similar analysis of the Fe-K edge was inhibited by a lack of 

reference components and large S/N ratios of the XAS data. Nevertheless, a relative 

comparison of the results indicated differences in the reduction temperatures and number of 

components that are presumably caused by the systems’ different Ni/Fe ratios.  

From DRM data analysis, it was evidenced that the imposed DRM conditions induced the 

appearance of a Ni-Fe alloy core surrounded by shell of FeO nanoparticles. Moreover, it was 

concluded that these structural changes only occurred in the first 5 minutes of the reaction, 

after which a stable composition was attained.  

Through its application, the biggest bottleneck encountered for PCA-LCF is its necessity of 

representative reference spectra. Even though MCR-ALS does not inherently suffer from this 

advantage, its most severe disadvantage is the requirement for initial estimates. The use of an 

integrated methodology mitigated this problem while also providing a procedure for iterative 

stand-alone treatment of XAS data and a systematic approach to cope with a range of PCs. 

Still, this methodology requires additional physicochemical knowledge of the system, i.e. 

experiments, and a trial and error approach to conclude the procedure.         

         

Future work related to the analysis of QXAS data of Ni-Fe catalysts may present itself in a 

more detailed analysis of the given dataset and results. For one, the components obtained via 

MCR-ALS may be subjected to XANES and EXAFS modelling. In addition, the SPOIL test and 

an expansion of the library of reference spectra with NiAl2O4, NiFe2O4 and the hypothesized 

Fe species may facilitate a more rigorous PCA-LCF analysis. The use of more advanced big 

data procedures such as MLPCA and MCR-WALS is also worthy of investigation.  

On the other hand, the same analytical procedures used in this thesis may be applied to similar 

QXAS experiments on monometallic Fe and Ni catalysts for comparison purposes.  

Other in situ QXAS experiments may also be performed on the same Ni-Fe catalysts as in this 

thesis, e.g. TPO and redox cycling, such that the subsequent big data analysis can give more 

insight into the catalysts’ behaviour under such conditions.  
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Appendix A: PCA mathematical background  
 

The goal of PCA is to transform a set of observations of correlated variables by means of an 

orthogonal projection to a set of linearly uncorrelated variables called the principal 

components. In turn, each principal component describes a certain amount of variance in the 

data [119]. Choosing a minimal number of principal components which together account for a 

large amount of cumulative variance, e.g. > 99 %, allows describing the data as a linear 

combination of those ‘dominant’ components without losing too much ‘information’ in the 

process [137]. Likewise, the technique allows dimensionality reduction. 

 

Consider a series of measurements on a given sample during which m observations were 

made for n variables, describing an n-dimensional case. This can be described by the data 

matrix D, a matrix of size (m x n) represented in Figure 54. As mentioned above, PCA intends 

to convert the observations of the n-dimensional data to a lower dimensional subspace 

spanned by the principal components. These principal components are numbered in the order 

of the variance that they account for: the first principal component PC1, accounts for the 

highest part of the variance, the second principal component PC2 for the second highest 

variance… and PCJ for the Jth highest part of the variance. 

 
Figure 54: Schematic representation of the steps followed in PCA. (after [119], [138]) 

The first step in PCA is the normalization of the data matrix D, which is performed in two steps, 

as shown in Figure 54. The first is mean-centring of the data, by which is meant that either 

column-wise or row-wise the average value of the column or row is subtracted from each 

element of that column or row. This results in a column- or row-average value of zero. The 

second part is rescaling of the data, meaning that each column or row is divided by its standard 

deviation, such that the standard deviation per column or row amounts to 1. In what follows, 

this normalized matrix shall be referred to as X. 
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In the following step, the principal components are determined. Without loss of generality, a 

single, normalized observation x = (x1, x2, … , xn) is considered, i.e. a row of X, which must be 

reduced to a lower dimensional version y = (y1, y2, …, yk) (where k < n). Thus, the most 

‘informative’ linear combination of a set of k variables y1, y2, … , yk must be found. The definition 

of these scalars is contained in: 
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⎜
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…	

$( = .(5	48 

(16)  

where T denotes the transpose operation. Each scalar yi (i = 1, …, k) is thus a linear 

combination of the elements in x wherein each element is weighted with a corresponding 

element in the vector .:. These vectors .: are defined such that they form an orthonormal 

basis, i.e. they adhere to: .:5.: = 1 and .:5.< = 0 (i ≠ j; j = 1, …, k). As a result, each scalar yi 

is a standardized linear combination of the elements in .: and x. It follows that these vectors 

ai span the lower dimensional subspace and are thus the principal components.  

The vector y is also named the set of PC scores of the observation, as each element within is 

the result (= a ‘score’) of the orthogonal projection of x onto the lower dimensional subspace. 

In addition, every element in the PCs .: can be interpreted as how much every original variable 

of the observation ‘loads into’ (= contributes to) the PC. This results in each element ai,l (l = 1, 

…, n; for a fixed value of i) to be named a loading coefficient and the matrix A constituted by 

the PCs to be called the loadings matrix. 

Figure 55 demonstrates this principle graphically for the case where n = 3 and k = 1, i.e. an 

observation in 3D is projected onto the first PC. 

 
Figure 55: Graphical representation of PCA as a means for dimensionality reduction: a 3D 
observation is projected onto a single principal component, thereby lowering the dimensionality 
from three to one. This corresponds to the case n = 3 and k = 1 in the discussion above. (after 
[119]) 
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As it is desired to have each component of y to account for as much information as possible, 

the variance of these components must be maximized. If the covariance matrix of x is denoted 

as Σ, each ai must be chosen such that (17) is maximized, while taking into account the 

constraint that these ai form an orthonormal basis. 

>.?($:) = .:5	Σ		.: (17)  

where ‘Var’ denotes the variance and all other elements are as defined above. Finding the 

PCs starts with the first principal component PC1, i.e. .%, which must account for the highest 

fraction of the variance of all PCs. As this is an optimization problem with constraints, the 

Lagrangian function (18) is introduced: 

 

C%D.%E = .%5	Σ	.% −	G%	(.%5.% − 1) (18)  

where L1 is the Lagrangian function, .%and Σ defined as before and G%	is the Lagrangian, to be 

determined to find PC1 (subscript 1 denotes its relation with PC1). 

(18) reflects the need to maximize Var(y1) while a1 must also be a unit vector (a constraint built 

in via G%). Taking the derivative of L1 to a1 and setting it to zero gives: 

 

Σ	.% = G%	.% (19)  

This is the eigenvector equation of Σ. From this, it is concluded that a1 must be an eigenvector 

of Σ with corresponding eigenvalue G%, which in turn must be one of the eigenvalues H: of Σ, 

where i = 1, …, n and H% 	≥ 	 H& ≥…	≥ 	 H1 > 0. More so, as Var(y1) must be maximized, it should 

be the eigenvector corresponding to the largest eigenvalue of Σ, H%, as: 

 

>.?($%) = .%5Σ	.% = H:	.%5	.% = H: (20)  

For PC2, a secondary Lagrangian function is introduced via (21), which takes into account 

maximizing the variance under the constraint that a2 must be a unit vector orthogonal to a1. 

 

C&D.&E = .&5	Σ	.& −	G&	D.&5.& − 1E − K&	(.&5.%) (21)  

where L2 is the Lagrangian function that must be optimized to find PC2 and G& and K&	are 

Lagrangian multipliers. Taking the derivative to a2 and setting it to zero yields: 

 

LC&
L.&

= 2	(Σ − G&	N1).& − K&	.% = 0 (22)  

where In denotes the unit matrix of order n. When the above equation is pre-multiplied with .%5 

and use is made of orthonormality of the vectors a1 and a2, the following expression is obtained: 
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2	.%5	Σ	.& −	K& = 0 (23)  

Additionally, if use is made of (20), it follows that: 

 

	.%5	Σ	.& = .&5	DΣ	.%E = H%	.&5	.% = 0 (24)  

Thus, when combining (23) and (24) K&	 = 0 such that (22) can be reduced to: 

 

Σ	.& = G&	.& (25)  

In other words, a2, i.e. PC2, is also an eigenvector of Σ. Following the same reasoning as 

before, it is concluded that a2 is the eigenvector corresponding to H& , the second largest 

eigenvalue of Σ.  

This reasoning can be extended further to a maximum of n PCs (when k = n, the initial 

dimensionality). In short, it is concluded that the ith PC is the ith eigenvector of the covariance 

matrix of x. From (20), it follows that its corresponding eigenvalue is a measure for the variance 

accounted for by this PC. 

 
As in reality not one but multiple observations are considered, the above reasoning must be 

slightly adapted. It can be proved that the reasoning for one observation can be extended to 

multiple observations. Let these observations be considered already normalized and contained 

in X, an (m x n) matrix defined as before, and let V denote the empirical covariance matrix of 

X, an (n x n) matrix given (26). Then the PCs are found to be the eigenvectors of V and their 

corresponding eigenvalues are proportional to the variance each PC accounts for. 

 

V =
X5Q
R  (26)  

Eigenvalue decomposition of V (27) gives access to these PCs and their eigenvalues. 

 

> = S	T	S5 (27)  
In which U is a unitary (n x n) matrix of which the columns represent the eigenvectors of V (the 

first column corresponds to PC1, the second to PC2, …) and Λ is an (n x n) diagonal matrix of 

which the ith element on the main diagonal is the eigenvalue corresponding to the eigenvector 

in the ith column of V. The fractional variance accounted for by the ith component is then given 

by: 

 

λW
∑ HY1
YZ%

 (28)  



 

 88 

With these considerations, (16) can be rewritten as follows for the case of multiple 

observations: 

 

[5 = 65	. Q5 (29)  
where Y, an (m x k) matrix, denotes the so-called score matrix of which the rows contain the 

observations projected onto the lower dimensional subspace. A and X are respectively the 

loadings matrix and the normalized data matrix defined as above.  

On a side note, as normally m << n (factor 100 difference) in spectroscopic applications, the 

maximum number of principal components is limited to m and not n. (Thus, U and T in (27) are 

respectively (n x m) and (m x m) matrices.) 

Using (27), from which it is found that A coincides with U (both contain the PCs in their 

columns), this equation can be rewritten: 

 

[5 = S5	. Q5 (30)  
Moreover, as V is a real symmetrical matrix, U-1 coincides with UT, such that (30) can be 

rewritten as: 

 

Q = [	. S5	 (31)  
Thus, PCA of X can be interpreted as a decomposition of the observations into their PCs and 

their related loadings. 
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Appendix B: XAS spectra derivation and normalization 
 

Normalized XAS spectra differ from as-obtained experimental spectra through the fact that the 

(normalized) µ value starts at 0 at the first measured energy value and ends in 1 at the final 

energy value. The following workflow [35] is used for this purpose: 

1. Use the law of Beer-Lambert (3) to convert experimentally measured intensities I0 and 

I to µ values. 

2. Subtract a pre-edge function to eliminate instrumental background and influences from 

other edges. 

3. Identify the threshold energy E0. In this thesis this is taken at the highest maximum in 

the value of dµ/dE, i.e. the first derivative of the spectrum, in the region of the edge. 

4. Normalize µ(E) to go from 0 to 1, such that it represents the absorption spectrum of 

one X-ray. For this, estimate the edge step μ0(E0) by extrapolating a simple fit to the above 

μ(E) to the edge, after which this value is normalized to 1.  

5. Identify a post-edge spline µ0(E) which approximates the spectrum of an isolated atom 

and subtract this from the spectrum. 

The above steps, represented in Figure 56, are available in standard XAS analysis packages 

such as Athena [46] or SIXpack [47]. It must be mentioned that steps 2-5 are mostly performed 

together, as illustrated in Figure 56. 

 

 
Figure 56: Representation of the steps followed in normalization of XAS data, applied to an 
oxidized 10Ni10Fe/MgAl2O4 catalyst. A: Intensity measurements obtained from XAS experiments, 
B: After applying the law of Lambert-Beer (step 1), a non-normalized XAS spectrum is obtained, 
C: A pre-edge function (linear in this case) is identified for subtraction (green line) (step 2) and E0 
is identified (yellow dot) (step 3), D: A post-edge spline is identified (purple line) (step 5), E: The 
final normalized spectrum is obtained (steps 2-5).  

A B C 

E D 
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Appendix C: Ni-Fe catalyst preparation 
 
The synthesis of the MgAl2O4 support, wherein the Mg/Al ratio is 1/2, via a one-pot synthesis 

procedure is reported by Theofanidis et al. [15]. Mg(NO3)2·6H2O (99 %, Sigma-Aldrich®) and 

Al(NO3)3·9H2O (98.5%, Sigma- Aldrich®) were mixed in an aqueous solution. NH4OH (ACS 

reagent, 28.0 - 30.0 % NH3 basis) was added as precipitating agent to the precursors’ solution 

to adjust the pH to 10, at 60 °C. The produced precipitate was filtered, dried in air at 120 °C 

for 12 h and subsequently calcined in air for 750 °C for 4 h. The supports were ground in order 

to obtain a particle size ≤ 50 μm.  

For addition of active Fe and Ni phases onto the support, use was made of the incipient 

wetness co-impregnation method using an aqueous solution of the corresponding nitrates. Fe-

Ni catalysts were prepared using Ni(NO3)2·6H2O (99.99+ %, Sigma-Aldrich) and Fe(NO3)3· 

9H2O (99.99+ %, Sigma-Aldrich) [15]. The catalysts were dried at 120 °C for 12 h and 

subsequently calcined in air at 750 °C for 4 h. Two catalysts are considered: one of 10 wt% Ni 

and 10 wt% Fe and one of 10 wt% Ni and 5 wt% Fe. These catalysts will henceforth be denoted 

respectively as 10Ni10Fe/ MgAl2O4 and 10Ni5Fe/ MgAl2O4. 
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Appendix D: PCA visual tools results 
 

This appendix provides the graphical results of the visual tools used to determine the range of 

the number of PCs. These are reported for each edge per dataset. 

Collective representation of the PCs, reconstruction plots and scree plots are based on results 

obtained via Athena. Score plots (up to 5 PCs) and separate representation of the PCs (up to 

6 PCs) make use of the XAS_SVD tool developed by the group of Thomas Putaud [115]. 

To aid in the visual interpretation, all scree plots are represented with the associated 

asymptotes (dashed red lines) and kinks (red circles).  
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D.1 10Ni10Fe/MgAl2O4 H2-TPR 800 °C 
 
D.1.1 Fe-K edge 
 

     

 
Figure 57: PCA results from Fe-K edge QXAS data of H2-TPR 800 °C on a 10Ni10Fe/MgAl2O4 
catalyst. A: Collective representation of the PCs. B: Reconstruction of the data using an 
incremental number of PCs. C: Scree plot (only the first 20 components are shown). D: Score plots. 
E: Separate representation of the PCs. 
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D.1.2 Ni-K edge 
 

 
Figure 58: PCA results from Ni-K edge QXAS data of H2-TPR 800 °C on a 10Ni10Fe/MgAl2O4 
catalyst. A: Collective representation of the PCs. B: Reconstruction of the data using an 
incremental number of PCs. C: Scree plot (only the first 10 components are shown). D: Score plots. 
E: Separate representation of the PCs. 

  

0,0E+00

3,0E-05

6,0E-05

9,0E-05

1,2E-04

2 3 4 5

R2
fa

ct
or

 [/
]

# PCs for reconstruction [/]

First Intermediate FinalB

0,000001
0,00001

0,0001
0,001

0,01
0,1

1
10

100

0 2 4 6 8 10

lo
g(

λ)
[/]

Component Number [/]

C

1 

2 

A 

D 

E 



 

 94 

D.2 10Ni5Fe/MgAl2O4 H2-TPR 800 °C 
 
D.2.1 Fe-K edge 
 

 

       

 
 

Figure 59: PCA results from Fe-K edge QXAS data of H2-TPR 800 °C on a 10Ni5Fe/MgAl2O4 
catalyst. A: Collective representation of the PCs. B: Reconstruction of the data using an 
incremental number of PCs. C: Scree plot (only the first 20 components are shown). D: Score plots. 
E: Separate representation of the PCs. 
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D.2.2 Ni-K edge 
 

 

     

 
Figure 60: PCA results from Ni-K edge QXAS data of H2-TPR 800 °C on a 10Ni5Fe/MgAl2O4 
catalyst. A: Collective representation of the PCs. B: Reconstruction of the data using an 
incremental number of PCs. C: Scree plot (only the first 20 components are shown). D: Score plots. 
E: Separate representation of the PCs. 
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D.3 10Ni10Fe/MgAl2O4 DRM 750 °C CH4/CO2 = 1/3 
 
D.3.1 Fe-K edge 
 

 
Figure 61: PCA results from Fe-K edge QXAS data of DRM 750 °C (CH4/CO2 = 1/3) on a 
10Ni5Fe/MgAl2O4 catalyst. A: Collective representation of the PCs. B: Reconstruction of the data 
using an incremental number of PCs. C: Scree plot (only the first 20 components are shown). D: 
Score plots. E: Separate representation of the PCs. 
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D.3.2 Ni-K edge 
 

 

 
Figure 62: PCA results from Ni-K edge QXAS data of DRM 750 °C (CH4/CO2 = 1/3) on a 
10Ni5Fe/MgAl2O4 catalyst. A: Collective representation of the PCs. B: Reconstruction of the data 
using an incremental number of PCs. C: Scree plot (only the first 20 components are shown). D: 
Score plots. E: Separate representation of the PCs. 
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Appendix E: Additional results from PCA-LCF and MCR-ALS  
 

E.1 PCA-LCF results of 10Ni10Fe/MgAl2O4 H2-TPR 800 °C using ex situ XAS 
references 
 

 

 
Figure 63: LCF results of Fe-K edge QXAS data of 10Ni10Fe/MgAl2O4 during H2-TPR up to 800 
°C using only ex situ XAS spectra. A: Evolution of the sample composition. B: Associated residual 
plot. 

E.2 MCR-ALS results of 10Ni5Fe/MgAl2O4 H2-TPR 800 using 4 PCs 

 
Figure 64: MCR-ALS results for Fe-K edge QXAS data of the 10Ni10Fe/MgAl2O4 catalyst during 
H2-TPR up to 800 °C using PCNR = 4.  
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