
Introduction

The interconnect is a critical component in a planar solid
oxide fuel cell (SOFC) since, in addition to acting as the
electrical connection between individual cells in series, it
must also be gas tight in order to prevent mixing of the
fuel and oxidizer. Doped lanthanum chromites exhibit
the required phase stability, high electronic conductivity,
and low ionic conductivity in both reducing and
oxidizing environments making them suitable as inter-
connects at high temperatures (1000 °C). Additionally,
these materials are chemically compatible with the other
fuel cell components [1]. Some independent studies
reveal, however, that lanthanum chromite expands in a
reducing atmosphere [2±5], at oxygen partial pressures
well within the e�ective operating range of an SOFC.
Doping with aliovalent B-site additives reduces the
lattice expansion signi®cantly [6]. The lanthanum chro-
mite powders that we have chosen to characterize
contain the traditional Ca and Sr acceptor dopants, Ni
and Zn dopants, and some double dopants (Sr with Ni,
Cu, and Mg).

In our previous publications [7, 8] we reported on the
electrical conductivity, microstructure, and mechanical
properties of Ca- and Sr-doped LaCrO3 interconnects
for SOFO. Relative density, secondary phases, and grain
boundary layers were found to have an impact on the
electrical conductivity and the mechanical strength of
these materials.

Production of gas-tight, defect-free interconnects for
SOFC is important regarding electrical output and
lifetime. Defect-free ceramic composites with ®ne grain
microstructures can be obtained by the processing of
colloidal particles [9]. During the mixing, dispersing,
forming, and ®ring steps good colloidal control and
hence knowledge of the surface chemistry of the
components is important. Sintering of the green body
to maximum density depends on the surface free energy
available in the powder, and the particle packing
e�ciency.

Hence, important characterization of the ceramic
powders is by the Brunauer-Emmett-Teller (BET) sur-
face area, and by the particle size distribution. Know-
ledge about the surface properties also gives guidelines
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regarding types and amounts of dispersant and/or
binder for forming the ceramic green body.

This work focuses on characterization of the surface
chemistry and particle size distribution of LaCrO3

powders with di�erent dopants synthesized through
alternative routes. BET surface area measurements and
photon-correlation spectroscopy (PCS) are used to
obtain surface area and particle size distributions,
respectively.

By the use of multivariate data analysis the correla-
tion between the BET surface area, the particle size
distribution, and the calcination temperature of the
di�erent powders is studied.

Multivariate-response modelling is used to model the
BET surface area as a function of particle size distribu-
tion and calcination temperature. The motivation for
doing this is that PCS is a much faster method (approx-
imately 10 min) compared to BET surface area mea-
surements (hours). If we are able to model the surface
area from the measured particle size distribution data,
we save time and still obtain two important parameters
for obtaining the best possible sintering condition.

Materials and methods

Chemicals and powders

The lanthanum chromite powders were obtained from
two manufacturers.

Powder A (Pyrox, France), 20% Ca-doped lantha-
num chromite (La0.8Ca0.2CrO3)d), produced by the
conventional solid-state reaction method (mixing of
oxides and ®ring at �1200 °C).

Powder B (Praxair Speciality Ceramics, USA) pro-
duced by the combustion spray pyrolysis method. For
the B powders we speci®ed the amount and type of
dopants.

The characteristics of the lanthanum chromite pow-
ders are shown in Table 1.

Photon-correlation spectroscopy

PCS or dynamic light scattering [10, 11] utilizes a laser
beam to probe a small volume of a particle suspension.
As the particles undergo Brownian motion, interference
between scattered light produces a ¯uctuation in the
intensity with time at the detector (photomultiplier).
This temporal ¯uctuation, containing information on
the motion of particles, is registered and processed by a
digital correlator that yields, in real time, the autocor-
relation function. The experimental correlation function
gives the di�usion coe�cient, D, from which the hydro-
dynamic diameter, dh of the particles may be calculated
from the Stokes-Einstein equation.

The monomodal method uses a cumulant analysis
method [12] to evaluate the signal intensity correlator
function. The method gives an average particle size
which will only have a meaning in an absolute sense if
the sample is really monomodal, i.e. only one peak, and
monodisperse, i.e. narrow distribution.

A common method, here called multimodal, used for
the analysis of the autocorrelation function is the multi-
exponential sampling method developed by Ostrowsky
et al. [13]. This method does not make any assumption
about the shape of the size distribution (i.e. normal,
monomodal, bimodal, etc.). The intensity distribution
can be calculated directly from the autocorrelation
function without knowledge of the optical nature of
the particles. The intensity distribution can then be
converted to a number distribution using Mie theory by
calculating the number of particles that yield the
observed intensity in each size class [14]. The refractive
index is necessary for this conversion. Often this
transformation will not be necessary, as comparison of
the intensity distribution will be su�cient.

PCS measurements were performed with a Zetasizer
4, from Malvern UK, equipped with a 256-channel
correlator. A 5 mW He-Ne laser (wavelength 632.8 nm)
is standard with the Zetasizer 4. The powders were
dispersed in water and ultrasonicated for 10 min at
room temperature. To eliminate aggregates present in
the powders, PCS measurements were performed imme-
diately after the ultrasonication step, at a 90° angle. The
powders were analysed by the multimodal method, and
the intensity distributions were used for comparison and
modelling.

PCS is a rapid method for measuring particles in the
submicron region, with simple sample preparation. For
particles this small, electron microscopy is the only
competing technique, but this is time consuming and the
sample preparation is complicated. Furthermore, only
small amounts, not necessarily being a representative
part of the sample, can be measured. The presence of
aggregates and irregular-shaped particles in a system is
a limitation of PCS analysis [15]. PCS determines the
hydrodynamic size based on the translational motion of

Table 1 Characteristics of the lanthanum chromite powders:
powder A (Pyrox, France) and powder B (PSC, USA)

Powder Nominal Synthesis Sintering
aid

A1 La0.8Ca0.2CrO3)d Solid-state reaction Y2O3

B1 La0.8Ca0.2CrO3)d Spray pyrolysis
B2 La0.85Ca0.15CrO3)d Spray pyrolysis
B3 La0.8Sr0.2CrO3)d Spray pyrolysis
B4 LaCr0.9Ni0.1O3)d Spray pyrolysis
B5 LaCr0.9Zn0.1O3)d Spray pyrolysis
B6 La0.9Sr0.1Cr0.9Ni0.1O3)d Spray pyrolysis
B7 La0.9Sr0.1Cr0.9Cu0.1O3)d Spray pyrolysis
B8 La0.9Sr0.1Cr0.9Mg0.1O3)d Spray pyrolysis
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the particles, and is valid only for spherical particles.
Irregular particles and aggregates display rotational
motion. This rotation can contribute signi®cantly to the
decay of the autocorrelation function, the net e�ect
being an underestimation of the measured particle size.
The importance of the error introduced depends on the
particle size and shape. The powders investigated here
were de-agglomerated by ultrasonic treatment. Scanning
electron microscopy characterization of the powders has
revealed that the particles are non-spherical. When a
particle is non-spherical and is larger than the incident
wavelength, light scattered from di�erent parts of the
same particle interfere to produce an angular depen-
dence of the scattered intensity that is characteristic of a
particular particle shape. Multiangle dependence was
tested on the powders at angles of 30, 60, 90 and 130°.
We observed that the A1 powder seemed to possess
multiangle dependence while the B powders had only
minor deviations in the particle size distribution at
varying analysis angles. In the data analysis we
therefore use the particle size distribution data taken
at 90°.

BET surface area measurements

BET surface area measurements were performed with an
ASAP 2010, with N2 used as the adsorptive gas at Statoil
Laboratories (Trondheim, Norway). The temperature
was kept at 77.35 K. The BET apparatus determines the
total speci®c surface area from the amount of N2

adsorbed on the surface.

The principal component analysis (PCA) model

PCA is an exploratory data analysis method [16, 17]. By
projecting the measured data onto latent variables that
are linear combinations of the measured ones, informa-
tive low-dimensional plots can be obtained. These plots
display information about the variable and sample
correlations. In PCA, the latent variables are called
principal components (PCs). The PCs are chosen so as to
explain as much of the variation in the data as possible
while being orthogonal to each other. For most data,
substantial data complexity reduction can be obtained by
PCA. Since the number of underlying real factors having
a signi®cant in¯uence upon the system is usually low, it is
often possible to construct only two or three such ``super
variables'' that contain all the information in the data.

Fig. 1 Intensity (histogram) or ``cumulative percentage ®ne than''
(CPFT) (n) as a function of particle size (nm) for powders A1, B1, B3
and B6
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The partial-least-squares (PLS) model

In response modelling, where the covariance between
two sets of variables X (data matrix) and Y (response
matrix) is analysed, the principal component is often not
the ideal latent variable. The aim is to extract the
information in X that covaries as much as possible with
the information in Y. This is done by decomposing the
X-room so that the best possible latent variables
describe the Y-room. PLS is a much used method for
this purpose [18, 19]. PLS decomposes the collinear X to
a set of uncorrelated latent variables on which the
regression coe�cient, b, is calculated.

Pre-processing of the data

Prior to construction of the PCA and the PLS models,
some pre-processing of the data was done in order to
have comparable contributions of the di�erent variables
to the models. Both the X-block and Y-block matrices
were mean-centred and standardized before PCA and
PLS algorithms were used. (To standardize a variable
means to divide the variable by its standard deviation.)

The data analysis was performed using Sirius for
Windows version 1.5 Pattern Recognition System,
Norway.

Results and discussion

Particle size

The results from the multimodal particle distribution
method are given in Fig. 1 for powders A1, B1, B3, and
B6. The intensity as a function of particle size is
represented as histograms. The intensity average dia-
meter, d50, and the polydispersity number, which is a
dimensionless measure of the broadness of the distri-
bution (see Table 2) can be obtained from the plot.

Particle size distributions of ceramic particles are
commonly expressed in terms of ``cumulative percentage
®ner than'' (CPFT). In Fig. 1 the CPFT data as function
of particle size are also plotted. In Table 2 the parameter
used to characterize the particle size, dx, denotes that x
percent has a diameter less than this value when a
multimodal analysis method has been used.

Figure 1 and Table 2 reveal that all the powders
have broad multimodal particle size distributions
(>200 nm width). A1 has a much wider size distribu-
tion than the other powders. All the B powders reveal a
size distribution that is typical for commercial powders
used to manufacture high performance ceramics [20].
The ratio of sizes in the commercial powder is very
di�erent from close packed. A higher ratio of coarse/
®ne-sized particles must then be present in the powders.
Several reasons can be taken into account to explain
this. First of all, the powders have to be produced
relatively cost e�ectively by industrial techniques such
as calcining and milling. Secondly, a higher percentage
of small-sized particles is necessary in order to provide
a high surface energy (proportional to the surface area)
and thus promote easy sintering, even though this
discourages close packing. Also, a close packed distri-
bution would not ¯ow readily enough for shaping,
since there is not enough empty space for the particles
to move between each other easily, even with slight
rearrangements; however commercial powder does ¯ow
quite easily.

Surface area

Figure 2 shows the adsorption/desorption isotherm for
the B1 powder. All powders revealed a similar behav-
iour upon adsorption and desorption of N2 gas.
According to BET classi®cation of physical adsorption
[21], this is a typical type II isotherm. Type II
isotherms have a point of in¯ection at the low-pressure
end, and approach the line P/P0� 1 asymptotically.

Table 2 Particle size (dx)
a and polydispersity measured by multimodal photon-correlation spectroscopy, Brunauer-Emmett-Teller (BET)

surface area and average pore diameter, calcination temperature and time of the studied powders

Powder d10 d20 d50 d90 Polydispersity BET surface
area (m2/g)

Average pore
diameter (AÊ )

Calcination
temp (°C)

A1 0.55 0.58 0.97 2.24 0.44 1.76 68.03 1200
B1 0.31 0.33 0.518 1.01 0.31 13.51 112.41 650
B2 0.20 0.22 0.32 0.74 0.32 12.76 120.75 650
B3 0.34 0.37 0.48 0.66 0.17 2.02b 1150
B4 0.27 0.29 0.45 1.02 0.36 16.53 146.69 650
B5 0.19 0.21 0.27 0.41 0.26 14.88 650
B6 0.37 0.42 0.50 0.63 0.25 5.71b 1000
B7 0.34 0.38 0.54 0.81 0.17 2.72b 1000
B8 0.24 0.26 0.51 0.80 0.15 7.21b 1000

a The parameter used to characterize the particle size, dx, denotes that x percent has a diameter less than this value
bBET surface area measurements performed by Praxair Speciality Ceramics, pore diameter not available
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From this type of isotherm it is possible to calculate
the speci®c surface area, and to make an estimate of
the mean pore diameter [22]. The calculated BET
surface areas and mean pore diameters for the powders
are given in Table 2. Calcination time and temperature
are also included. The surface areas of the powders
range from 1.8 to 16.5 m2/g, indicating a signi®cant
di�erence in the surface free energy, and hence,
di�erent promotion of sintering. The pore diameter of
the powder indicates intermediate pores, as classi®ed in
Ref. [23] to be those with diameters between approx-
imately 20 and 200 AÊ .

Good precursors for ceramics and superconductors
have surface areas of about 10 m2/g [20]. In this case the
balance between obtaining a high surface energy for
promotion of sintering, and a particle distribution that
packs well is often optimal.

Principal component analysis

An explorative PCA was performed with the lanthanum
chromite powders as objects and the eight variables from
Table 2. The data was standardized and mean-centred
prior to the PCA. Two principal components explained
86.4% of the total variance in the data: PC1 explained
64.7%, and PC2 explained 21.7%. This means that a
reduction from eight variable space to two-variable
space preserves 86.4% of the variance in the data.
Figure 3 shows the score plot. The angle and distance
between two objects (powders) in the score plot relative
to the origin is a measure of their similarity. The
powders are distributed into three classes. Class 1
contains powders B1, B2, B4, and B5, while class 2
contains powders B3, B6, B7, and B8. The last powder,
A1, di�ers from the other powders.

The loading plot, Fig. 4, gives an indication of the
correlation pattern between the variables. Variables with
a small angle in the plot are highly positively correlated.

Fig. 2 Adsorption/desorption isotherm plot for powder B1, relative
pressure (P/P0) as a function of N2 volume adsorbed (cm3/g) at STP
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A 90° angle indicates no correlation, and an angle of
180° reveals that the variables are negatively correlated.
We clearly see that BET surface area and calcination
temperature are negatively correlated, indicating that
when the calcination temperature decreases the surface
area increases. This is a well-known result for ceramic
powders and has also been observed by others [24±26].
Both BET surface area and pore diameter negatively
correlate with the particle diameter. The BET surface

area and pore diameter increase when the particle
diameter of the powder decreases, which means that
powders with high BET surface area values and large
pore diameters contains some portion of very ®ne
powder. This correlation has been observed for other
oxide ceramic powders [27, 28]. Calcination temperature
and particle diameter can be said to positively correlate
from this loading plot. When the calcination tempera-
ture is increased the powder contains fewer portions of

Fig. 3 Score plot from principal component analysis (PCA) of all
powders in Table 2. PC1 explains 64.7% of the variance, while PC2
explains 21.7%

Fig. 4 Loading plot from PCA of all powders in Table 2. PC1
explains 64.7% of the variance, while PC2 explains 21.7%

Fig. 5 Biplot from PCA of all powders in Table 2. PC1 explains
64.7% of the variance, while PC2 explains 21.7%

Fig. 6 Score plot from PCA of B powders in Table 2. PC1 explains
54.9% of the variance, while PC2 explains 23.0%

179



®ne particles, which is also a result observed by others
[24, 28]. Polydispersity and d90 also correlate positively.

We observe the same type of correlation patterns for
lanthanum chromite powders as observed for other
ceramic powders with regard to the variables studied.
The uniqueness of the multivariate PCA decomposing
method applied here is that we can study correlation
patterns among all variables in one plot. Conventionally
variable interactions have only been studied two at a
time before.

A combination of the score plot and loading plot, a
so-called biplot, Fig. 5, gives information on which
variables are related to the di�erent classes. The biplot
reveals that class 1 is characterized by large BET surface
areas and pore-diameters, and a low calcination tem-
perature. Class 2 is characterized by a high calcination
temperature and a low BET surface area value. The
object A1, seems to be characterized by a large particle
diameter and polydispersity. An alternative way of
approaching this is to say that A1 is a typical outlier
that does not seem to ®t into either of the other two
classes. Since A1 is the only powder produced by solid-
state reactions, while all the other powders are produced
by the spray pyrolysis method, this is a reasonable result.

Since A1 is classi®ed as an outlier, PCA without this
powder was also performed. Figure 6 reveals the score
plot of this analysis. The total variance explained in this
two-component model is 77.9%. The B powders are still
distributed into two classes: class 1 contains B1, B2, B4,
and B5, while class 2 contains B3, B6, B7, and B8.

A loading plot from the analysis of the B powders is
shown in Fig. 7. By excluding A1 we see that the
correlation pattern between the variables is altered to

some extent. Polydispersity is now more positively
correlated to BET surface area. In addition d90 has
changed from negatively to being positively correlated
to BET surface area. The pore diameter does not seem
to contribute in this two-component PCA, as it almost
coincides with the origin.

Fig. 7 Loading plot from PCA of B powders in Table 2. PC1
explains 54.9% of the variance, while PC2 explains 23.0%

Fig. 8 Biplot from PCA of B powders in Table 2. PC1 explains
54.9% of the variance, while PC2 explains 23.0%

Fig. 9 Predicted vs measured Brunauer-Emmett-Teller (BET) surface
area for model 1, all powders, except A1 and B8, and the variables
d50, polydispersity, and calcination temperature. Explained variance
97.1%, and a predictive error of 63.2%
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A biplot, Fig. 8, reveals that class 1 is characterized
by high polydispersity, a large BET surface area, low
calcination temperature, and d10±50, while class 2

powders have high calcination temperatures and high
d10±50 corresponding to low BET surface area values.

Multivariate regression

By using multivariate response modelling (PLS) we
wanted to check if it was possible to model the speci®c
surface area (BET) from the particle size distribution
data and calcination temperature.

In the ®rst PLS model we tried to predict the BET
surface area (Y-matrix) of the powders in Table 2,
except A1 and B8, by the use of the variables d50,
polydispersity, calcination temperature, and calcination
time (X-matrix). A1 was excluded due to its outlying
nature. B8 was left out of the modelling so that it could
be used as an independent validation sample for the ®nal
model. A one-component model explaining 97.1%
variance in Y was estimated. Figure 9 shows a plot of
predicted versus measured surface area for the calibra-
tion samples. The regression coe�cient plot, Fig. 10,
reveals that the two variables that contribute most to the
model are the polydispersity and the calcination tem-
perature. The B8 powder has been measured to have a
BET surface area of 7.21 m2/g. By using this one-
component model we were able to predict the value of
the BET surface area to be 2.65 m2/g, which means
63.2% predictive error.

Fig. 10 Regression coe�cients for model 1

Fig. 11 Predicted vs measured BET surface area for model 2, all
powders, except A1 and B8, and the variables d10, d20, d50, d90, poly-
dispersity, and calcination temperature. Explained variance 93.4%,
and a predictive error of 1.8% Fig. 12 Regression coe�cients for model 2
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By including the variables d10, d20, and d90 a second
model was extracted. A one-component model explained
93.4% of the variance in Y (Fig. 11). The regression
coe�cient plot, Fig. 12, reveals that d10 and d20 con-
tribute more to the model than d50 and d90. Prediction of
the BET surface area value for the B8 powder from this
model gives a surface area of 7.34 m2/g, and the
predictive error is reduced to only 1.8%. This veri®es
the importance of determining the portion of ®nest
particle sizes to be able to estimate the BET surface area.

Further attempts on model improvement were made
by including cross-terms of the variables. A one-
component model explained 94.0% of the variance in
Y, Fig. 13. The model predicted the BET surface area of
the B8 powder to be 7.44 m2/g. The predictive error
increased to 3.2% when cross-terms were included in the
model. Figure 14 shows a normal plot of the regression
coe�cients where we see that calcination temperature,
polydispersity, and their cross-terms contribute to a
large extent to the model d10 and d20 with cross-terms
also give good contributions to the model.

PLS modelling/calibration of the BET surface area
with the variables in Table 2 gave very good results. We
clearly see that the determination of the ®nest fraction of
particles, d10 and d20, together with knowledge about the
calcination temperature made a great impact on the

Fig. 13 Predicted vs measured BET surface area for model 3, all
powders, except B8, and the variables, d10, d20, d50, d90, poly-
dispersity, calcination temperature, and their cross-terms. Explained
variance 94.0%, and a predictive error of 3.2%

Fig. 14 Normal plot of the regression coe�cients for model 3
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models. Adding the cross-terms of the variables did not
improve the models' predictive power. The best model to
choose with regard to predictive power is therefore
model 2.

Conclusions

PCS is a much faster method (approximately 10 min) for
characterizing lanthanum chromite powders than BET
surface area measurements (hours). Here we have shown
that by the use of multivariate data analysis we can
predict the BET surface area from the PLS model, based
on the particle size distribution and the known calcina-

tion temperature. We are then able to save ourselves the
more time consuming BET surface area measurements.
In ceramic processing, where information about powder
surface area and particle size is important for the
packing e�ciency and sinterability of the powder, use of
multivariate data analysis techniques is highly recom-
mended.

PCA gives the opportunity to easily reveal correlation
among several variables at a time and to classify the
powders.
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