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A novel use of near-infrared (NIR) spectroscopy and chemometrics is presented for non-invasive prediction of
droplet-size of mayonnaise. Both at-line and inline monitoring capabilities were explored. At first during the
offline experimentation, two different batches of mayonnaise were prepared under pilot plant manufacturing
conditions. The mayonnaise was manufactured with different fat content levels and different milling speeds to
induce differences in the droplet size during the process. The reference droplet-sizes were measured using pulsedfield gradient nuclear magnetic resonance (pfg-NMR). NIR data were calibrated with reference droplet-size
measurements by partial least-square (PLS) regression. The results of at-line analysis showed that the NIR
models reached high performance to predict droplet-size in mayonnaise. Furthermore, separate, and global
models were used for droplet size prediction for different fat content mayonnaise. For the second part of study, a
diode-array NIR spectrometer was directly integrated in the process line for mayonnaise manufacturing and realtime NIR measurements were performed. The process was modulated with different milling speeds and the effect
on NIR measurements was explored. The chemometric analysis performed on the NIR process data allowed
following the droplet size changes due to changing milling speed. Overall, NIR provided a good correlation with
droplet-size of mayonnaise and can support applications such as real-time monitoring of droplet-size during
mayonnaise manufacturing process to optimize process and product properties.

1. Introduction
Mayonnaise is a thick creamy sauce, an oil-in-water emulsion with
65–80 % fat content [1,2], and is produced using vegetable oil, vinegar,
emulsifier (egg blend), and flavor agents [3]. The manufacturing of
mayonnaise can be performed either as a batch or a batch-continuous
process [1,4]. The mayonnaise production starts by pre-mixing of oil
and aqueous phase (including water soluble ingredients) and egg with a
high-shear impeller. The pre-mix is then passed through a colloid mill to
develop the final product [1]. There are several chemical parameters
which can define the final quality of product such as peroxidase value,
dissolved oxygen, fat composition, protein, and moisture. However, one
of the parameters that define the final texture of the product is the
droplet size of the dispersed phase as droplet size distribution directly
influences taste, texture, viscosity, appearance and emulsion stability

[5].
The oil droplets in mayonnaise are in order of ~5 μm [1]. Popular
techniques to measure droplet size are usually off-line and often invasive
(e.g. laser diffraction requires dilution [3] or confocal laser scanning
microscopy which requires treatment with staining agents [6]). Some
specialized techniques are non-invasive, but not particularly rapid
(pulsed-field gradient nuclear magnetic resonance (pfg-NMR) [7,8]). In
an off-line setting, these techniques supply excellent estimates of droplet
size. In the context of real-time process control, inline droplet-sizing
techniques are needed as it would allow direct feedback to the process
settings and more constant product properties during continuous
manufacturing. Such techniques require fast data acquisition and
robustness in an industrial environment.
A key process analytical technology (PAT) candidate sensor for inline
droplet-size measurement of emulsion is the near-infrared (NIR) optical
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Table 1
A summary of raw materials used for the manufacturing of mayonnaise samples.
Components

Products

Amount for 65 % fat
mayonnaise (% w/w)

Amount for 75 % fat
mayonnaise (% w/w)

Emulsifier
phase
Oil phase

Egg blend

10.0

10.0

Rapeseed oil

65.0

75.0

0.3

0.3

20.1

10.1

Vinegar 12 %

2.4

2.4

Water-soluble
flavoring

2.2

2.2

Oil-soluble taste
components
Aqueous
phase

Water

spectroscopy. Particularly, applications of NIR spectroscopy can be
found related to non-destructive droplet size prediction in water-inbiodiesel emulsions [9] as well as water-in-crude oil emulsions
[10,11]. Earlier studies related to droplet measurement in water-inbiodiesel emulsions showed that the difference in droplet size appears
as the shift in spectral baseline (measured in diffuse reflectance) and was
a result of light scattering by different droplet sizes [9,10]. However,
modelling droplet size as a mix of absorption and scattering is of high
interest as the differences in the droplet size may lead to attenuation of
spectral signal as noted in earlier studies on NIR analysis of water-in-oil
emulsions [9,10].
In relation to mayonnaise, application of NIR spectroscopy is
currently limited to prediction of chemical components such as fat and
moisture [12]. This study for the first time explores the NIR spectroscopy
for droplet-size prediction in mayonnaise prepared under pilot plant
manufacturing conditions. Both offline and inline monitoring capabil
ities were explored. At first during the offline experimentation, two
different batches of mayonnaise were prepared under pilot plant
manufacturing conditions. The mayonnaise was manufactured with
different fat content levels and under different milling speeds to induce
differences in the droplet size during the process. The reference dropletsizes were measured using pulsed-field gradient nuclear magnetic
resonance (pfg-NMR). NIR data were calibrated with reference dropletsize measurements by partial least-square (PLS) regression. For the
second part of study, the NIR spectrometer was directly integrated in the
process line for mayonnaise manufacturing and real-time NIR mea
surements were performed. The process was modulated with different
milling speeds and the effect on NIR measurements was explored. The
chemometric analysis performed on the NIR process data to follow the
droplet size changes due to changing milling speed. Overall, the study
had the following objectives:

Fig. 1. Mayonnaise manufacturing setup of two different experiments.

Table 1. Detailed information on taste ingredients is not supplied, it is
not relevant for this study.
2.2. Mayonnaise manufacturing process and sample generation
The study consisted of two different experiments, where the first
experiment was to explore if any possible correlation exists between the
spectral data and the offline reference droplet size analysis. The second
experiment was to integrate the NIR sensor directly in the processing
line of the mayonnaise at the pilot plant of Unilever, Wageningen. For
the first preliminary experiment, the mayonnaise was manufactured in
two different trials marking two different batches of data. During both
the trials, 65 % and 75 % (w/w) mayonnaise were manufactured. The
mayonnaise manufacturing process starts with preparing a coarse oil-inwater (o/w) premix in a 25 L jacketed stainless-steel mixing vessel
equipped with shear blades. Subsequently, the premix is fed into a IKA
Labor-Pilot 2000/4 colloid mill equipped with a MK head with a 0.1 mm
radial gap to obtain a finer o/w emulsion having the consistency of
mayonnaise. In this study, two different fat contents were chosen to
induce the variation in the droplet size. Further, the milling speed of the
colloidal mill was varied from 5000 to 10000 rpm at intervals of 1000
rpm to induce variation in droplet size. Mayonnaise samples were taken
during the experiment by filling the product in glass jars. Note that
during the jar filling, the milling speed was unchanged, and it was ex
pected that the mayonnaise coming out after the constant speed milling
process were homogeneous. The non-contact spectral measurements
were performed off-line from the top of the glass jar in the diffuse
reflection mode. Later, the same samples were used for reference NMR
(Nuclear Magnetic Resonance) analysis for droplet size determination.
For NMR analysis, the samples were sampled from the glass from the top
part where the NIR diffuse reflection measurements were performed.
This was done to have relatable NIR and NMR measurements for pre
dictive chemometric analysis. During the second experiment, the NIR
sensor was directly integrated in the process line for real-time mea
surements. The mayonnaise was manufactured on a semi-continuous
pilot plant line at two different fat levels i.e., 70 and 75 % (w/w) fat
contents. The milling speed was increased from 8000 → 9000 → 11000
→ 12000 → 13000 → 14000 rpm and then decreased to explore the
change in the droplet size. Please note that increasing the milling speed
decreases the droplet size and decreasing milling speed increases the
droplet size. The setup for the off-line and inline experiment is shown
schematically in Fig. 1.

• Explore the correlation between the NIR spectra of mayonnaise
samples and the droplet size measured with a reference technique by
at-line analysis
• Develop chemometric models to prediction of droplet size with
spectral data
• Implement a NIR sensors for real-time monitoring of mayonnaise
process to predict and monitor droplet size during the process
2. Materials and methods
2.1. Raw material
The raw material required for mayonnaise production consist of 4
major components i.e., acids/water phase, emulsifier phase, oil phase
components and water phase components. A summary of the major
components used for mayonnaise manufacturing are provided in
2
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2.3. Spectral measurements

be captured by the NIR spectra.

2.3.1. At-line spectral measurements
At-line spectral measurements were performed with Hi-Res LabSpec
spectrometer (ASD, USA). The data was acquired in the diffuse reflec
tance mode and in the spectral range of 350–2500 nm. The measure
ments were performed using the area scan probe (Hi-Brite probe) with
the spot size of 10 mm. The probe has inbuilt 6.5 W halogen light source
for illumination and optical fibers to capture the reflected light. The
instrument was controlled using the Indico Pro software, ASD (Analyt
ical Spectral Devices), USA. The integration time was automatically
optimized by the Indico Pro software and was determined as 15 ms.
Each measurement had an average of ~5 consecutive measurements (at
the same spot) automatically performed by the Indico Pro software. The
white reference used was the Spectralon white standard. The radio
metric calibration with white and dark reference was performed auto
matically by the Indico Pro software and the data were obtained as raw
reflectance. The radiometric calibration was performed as per Eq (1).

2.4. Reference droplet size analysis

Reflectance =

S− D
W− D

The reference analysis was performed using pulsed-field gradient
nuclear magnetic resonance (pfg-NMR) and with the standardized
method developed by Unilever [8,13]. All experiments were performed
on a Bruker MQ20 low field td-NMR spectrometer working at a reso
nance frequency of 20 MHz for protons using a 10-mm variable tem
perature probe working at 20 ◦ C. The gradients were supplied by a
gradient unit capable of generating gradients of 1–3 T/m. The desired
field consistency was regulated by an adjustable steady current through
the gradient coils and set to a half-time of 0.5 ms.
2.5. Data analysis
2.5.1. Analysis of at-line spectral data
The data measured with at-line experiment were analyzed separately
at first to develop understanding towards the potential of spectral
sensing for explaining the droplet size in mayonnaise samples.
Furthermore, the at-line measurements were performed with a different
spectrometer compared to the inline integration. The at-line measure
ments were performed in two batches corresponding to two independent
experiments carried out on different days. At first, the first batch of data
were analyzed and later the models were tested on the second batch of
data. For batch 1, a total of 10 samples were generated corresponding to
two different fat levels (65 and 75 w/w %) and 5 milling speeds (6000,
7000, 8000, 9000 and 10000 rpm). The spectral measurements were
performed in 5 replicates, the total number of spectra available from
batch 1 were 50. For batch 2, a total of 30 samples were generated
corresponding 3 replicates to two fat levels (65 and 75 w/w %) and 5
milling speeds (5000, 6000, 7000, 8000, 9000 rpm). Total number of
spectra generated in batch 2 were 30. At first using the data from batch
1, two separate PCA analysis were carried out on reflectance and stan
dard normal variate (SNV) [14] normalized spectral data. The SNV
normalization was performed to reduce any spectral variation not
directly related to the spectral characteristics of samples such as light
intensities, distance of sample form sensor head etc. The PCA was car
ried out to determine if the data after normalization can provide better
distinctive pattern related to the two main factors of the experiment, i.e.,
fat content and the milling speed. After the PCA analysis, the batch 1
normalized data were used for two separate partial least-squares (PLS)
[15] regression models (5-fold CV due to 5 milling speeds) corre
sponding to two different fat levels i.e., 65 and 75 % (w/w). The PLS
models were cross-validated on 3 out of 5 replicates and tested on the 2
left out replicates. Later, the PLS models were also tested on the new

(1)

where S is mayonnaise spectra, D is dark reference spectra and W is
white reference spectra. The data from the ASD field were extracted
with the help of Unscramble 10.4, Camo Software’s (USA). The extrac
ted data were saved in MATLAB format and were used for the data
analysis. All the data analysis related to data fusion was performed in
MATLAB 2018b (Natick, MA, USA).
2.3.2. Inline spectral measurements
For inline spectral measurements, a compact diode array based NIR
system from Polytec GmbH, Germany was used. A new diode array NIR
system was used due to its capability for fast process measurements. The
instrument was supplied by B&N ProScan, The Netherlands. The
compact diode array spectrometer (512 pixels) was equipped with TE
cooling and cover a wavelength range of 850 nm to 1650 nm. For
integration to the process line for mayonnaise, the PSS-H-B01 optical
probe head was used. The optical probe head records the spectra in
reflection mode and have integrated white reference for estimating the
per cent reflection. To allow the probe head to directly measure the
flowing mayonnaise in pipe, a sapphire glass window was created in the
pipe and the contact head was directly attached to the optical window.
The sensor was controlled with the acquisition software provided by
Polytec GmbH, Germany. The measurements were performed continu
ously during the process and as the milling speed was modulated along
the process. The milling speed has direct influence on the droplet size;
hence, it was hypothesized that the effect of changing droplet size will

Fig. 2. The evolution of droplet size for mayonnaise manufactured at different fat content as measured by pfg-NMR. (A) Batch 1, and (B) batch 2.
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Fig. 3. Spectral profiles of mayonnaise manufactured with 65 % (w/w) fat content at different milling speeds. (A) reflectance spectra, (B) SNV normalised spectra,
(C) relative reflectance after subtracting the response for 6000 rpm from the dataset, and (D) relative normalised reflectance after subtracting the response for 6000
rpm from the dataset.

batch data. A global PLS model was also developed by combining the
data from two different fat levels to attain generalized models. The
global PLS model was also tested on the data acquired in the second
batch. All analysis were carried out in MATLAB 2018b (Natick, MA,
USA). The PLS modelling was performed using the ‘plsregress’ function
available in ‘Machine learning and statistics’ Toolbox in MATLAB.

3. Results
3.1. At-line mayonnaise analysis
3.1.1. Spectral profiles changes with changes in droplet-size of mayonnaise
The reference droplet size of the mayonnaise samples (both 65 w/w
% and 75 w/w % fat content) decreased with the increasing milling
speed (Fig. 2). Mayonnaise with higher fat content (75 w/w %) has
lower droplet size compared to the lower fat (65 w/w %) content
mayonnaise samples. The changes in the spectral profiles of the
mayonnaise samples along the change in milling speed are shown in
Fig. 3. The spectra are presented before (Fig. 3A) and after SNV
normalization (Fig. 3B) and for only 65 % (w/w) fat level to make the
plots clearer. The fat level 75 % (w/w) showed similar pattern to as 65 %
(w/w). The reflectance spectra do not show a clear systematic increase
or decrease in the reflectance compared to a linear increase in droplet
size. This could be due to additive or multiplicative effects which usually
masks the underlying spectral differences. To reveal the differences, the
SNV normalization was performed but this led to spectral responses of
similar intensity levels which hinders a detailed insight to the effect of
milling speed on spectra in the plot (Fig. 3B). Hence, to have a better
insight towards the changes in spectra, the spectra corresponding to the
lowest milling speed i.e., 6000 rpm was subtracted from all other
spectral responses. This was performed for both the reflectance (Fig. 3C)
and SNV normalized data (Fig. 3D). Such a subtraction revealed that the
normalized spectra (Fig. 3D) showed a clear increasing or decreasing
pattern over the spectral range in response to the linear change in
milling speed. Please note that due to subtraction of the spectral
response of 6000 nm from all spectral responses caused the spectral
response for 6000 nm to be zero response. There were two findings from

2.5.2. Analysis of inline spectral data
The inline spectral data were acquired in two different experiments,
where the first experiment involved a process run and corresponding
real-time NIR measurements to understand if the inline installment of
the NIR sensor can record the changes in the mayonnaise caused by the
changing milling speed. Hence, for the first experiment only a PCA
analysis was carried out on the data recorded of flowing mayonnaise
while changing the milling speed. There were a total 419 spectra
generate which were normalized with SNV and mean-centered before
PCA analysis. The PCA analysis was carried out using the ‘pca’ function
available in ‘Machine learning and statistics’ Toolbox in MATLAB. Later
the scores and loading from the PCA were used to understand the un
derlying pattern in the data and the latent spaces. After the primary
exploration, a new trial was carried out where along the mayonnaise
manufacturing trail, mayonnaise samples were taken for reference
droplet size analysis with pfg NMR. In the second trial, a total 3243
spectra were acquired. The time point of the sampling was noted, and
therefore, the spectra can directly be related to the droplet size
measured with the reference pfg NMR. Using the spectra and droplet size
measured at 5 sample points along the process, a linear fit was per
formed to transform all the spectral data to the droplet size. Finally, the
changes in the droplet size along the changing milling speed was plotted
to explain the droplet size trajectory along the process.
4
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Fig. 4. PCA analysis on to judge the usefulness of spectral normalisation. (A) PCA on reflectance data plotted with labels of fat content, (B) PCA on reflectance data
plotted with labels of milling speed, (C) PCA on normalised reflectance data plotted with labels of fat content, and (D) PCA on normalised reflectance data plotted
with labels of milling speed.

the spectral visualization, first is that the normalization was needed to
reveal the pattern related to the linear increase in milling speed, and
second that there were various spectral regions identified related to the
changed in milling speed. For example, the effect of increase in milling
speed can be seen dominantly in regions such as in visible region
400–600 nm, 1200 nm, and 2200 nm. Note that although visible part
showed a clear relation with the change in milling speed, however, in
practice using the visible spectroscopy maybe not suitable as different
mayonnaise are prepared with different ingredients which may alter the

color of the mayonnaise. Hence, the use of NIR part of spectra seems a
better option to avoid the influence of color differences in mayonnaise.
In earlier study related to measuring particle size in pharmaceutical
nanoparticles [16], similar increasing pattern in the NIR spectra with
respect to decreasing particle size was noted. Furthermore, the intensity
changes were present at absorption bands could be related to an
“apparent” absorption increase of the NIR photons as a function of
wavelength. This effect has been earlier explained [16] and related to
the increasing path length of the reflected NIR light through the sample

Fig. 5. Loadings for PCA analysis performed on (A) reflectance and (B) normalised data.
5
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Fig. 6. The PLS regression models. (A) 65 % (w/w) fat content, (B) 75 % (w/w) fat content, (C) 65 % (w/w) fat content model tested on 75 % (w/w) fat content
samples, and (D) 75 % (w/w) fat content model tested on 65 % (w/w) fat content samples. Samples highlighted in green belongs to calibration set while in red
belongs to test set.

as the particle size decreases. This is because the larger droplets produce
more 180◦ backscattered light (on a per droplet basis) compared to
smaller droplets.
Some key spectral regions such as 1200 nm (Fig. 1D) can be related
to second overtone of OH, CH, CH2[17] which could be directly attrib
uted to the high fat present in mayonnaise. Furthermore, difference at
2200 nm could be related to the combination bonds vibration for OH,
CH, CH2 [17], again indicative of a high fat system.

scores corresponding to first two principal component labeled according
to fat contents (Fig. 4A, C) and milling speeds (Fig. 4B, D). In scores
patterns it can be noted that before normalization the spectra were not
able to clearly distinguish the differences in fat contents (Fig. 4A).
However, after normalization, the difference between two fat content
levels was much more pronounced (Fig. 4C). Furthermore, the loading
plot (Fig. 5) also confirms the necessity for spectral normalization as the
first loading attained with PCA analysis on reflectance data captures the
global shape of mayonnaise spectra and accounted for almost 97 %
variability, thus masking the key chemical variability in the data. After
normalization, the first loading from PCA analysis on normalized data
was like the 2nd loading of PCA analysis on reflectance data, however,
after normalization the first loading captured almost 72 % variability in
the data. The results from the PCA analysis suggest that the spectral
normalization was necessary to remove the irrelevant variability from
the spectral data. In the following part of manuscript all analyses are
based on normalized spectra.

3.1.2. PCA analysis-based exploration of NIR data
Droplet size is not a pure chemical property but may carry the cor
relation to the attenuation related to the light interaction with the fat
droplets. It can be understood that such a light attenuation could results
in light scattering, hence, the light scattering captured by the NIR could
be the most useful information for predicting droplet size and typically
the technique such as SNV could remove the scattering information
which may lead to poor performance models for physical parameters
such as droplet size. However, as noted in earlier section (Fig. 3D), the
SNV normalization improved the spectral response with respect to the
milling speed. Please note that milling speed is inversely related to
droplet size (Fig. 2). Hence, the correlation related to droplet size is not
fully related to scattering but could be mainly related to absorption by
the fat molecules. To further explore the effect of spectral normalization,
PCA analysis was performed on reflectance and normalized reflectance
data. The results are shown in Figs. 4 and 5, where Fig. 4 presents the

3.1.3. PLS regression and test on a different fat content mayonnaise
The overall objective of using the spectral sensing was to have a nondestructive approach to droplet size measurement for mayonnaise such
that the offline analysis based on pfg NMR can be avoided. However,
spectral sensing requires a pre-calibration for specific application,
therefore, the PLS calibration was performed to calibrate spectral sensor
with respect to the reference droplet size measured using pfg NMR. At
6
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Fig. 7. (A) The performance of 65 % (w/w) fat content model on samples from 75 % (w/w) fat, (B) the performance of 75 % (w/w) fat content model on samples
from 65 % (w/w) fat, (C) global model tested on 65 % (w/w) fat content samples, and (D) global model tested on 75 % (w/w) fat content samples. Samples
highlighted in green belongs to calibration set while in red belongs to test set.

Fig. 8. Regression coefficients for individual fat content and global models.

first separate models were developed for each fat level i.e., 65 and 75 %
(w/w) (Fig. 6). It can be noted that for both the fats levels only 2 latent
variables were sufficient to achieve prediction errors in range of
0.3–0.48 μm. The average droplet size for mayonnaise is in the range of
3–4 μm. The relative error can be understood as ~ 10 %. Please note that
the performance of the models was also tested on new fat levels, for
example, the model made on 65 % fat content mayonnaise samples was

tested on samples from 75 % fat content mayonnaise. However, as the
models were fat composition dependent, a deviation in the performance
can be noted (Fig. 7A, B). To deal with it a global PLS model was
developed combining data from two different fat contents and later
tested separately on samples from different fat contents. It was noted
that the performance of the global model was better than individual fat
content models (Fig. 7C, D), indicating that in practice global models
7
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Fig. 9. (A) 65 % (w/w) fat content model made on batch 1 and tested on batch 2, (B) 75 % (w/w) fat content model made on batch 1 and tested on batch 2, (C) global
model made on data from batch 1 tested on 65 % (w/w) samples from batch 2, (D) global model made on data from batch 1 tested on 75 % (w/w) fat content samples
from batch 2, (E) global model updated with some samples from batch 2 and tested on 65 % (w/w) fat content samples from batch 2, and (F) global model updated
with some samples from batch 2 and tested on 75 % (w/w) fat content samples from batch 2. Samples highlighted in green belongs to calibration set while in red
belongs to test set.

could offer a better generalized solution to predict droplet size with
spectroscopy. To further understand the models, the regression co
efficients for individual fat content and global models are presented in
Fig. 8. In terms of regression coefficients, the main point to note is that
the coefficient for the global models have defined peaks attributed to

overtones of CH and OH plus the information in the visible spectral
region, while for individual fat models the peaks were not as defined as
the global model. The main conclusion that can be carried forward from
this is that the global model learned more information related to
chemical overtones compared to the individual fat levels. Better learning
8
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Fig. 10. (A) Normalised spectral response of the diode array spectrometer integrated inline during mayonnaise manufacturing. (B) spectra response in ~1200 nm,
and (C) spectral response in ~1400 nm which can be attributed shifted OH bond peak due to increase in sample temperature during increase in milling speed.

of the chemical absorption could also be related to the better generalized
performance of global model.

robust could be by measuring initial samples from wide fat content
ranges and of different batches to develop a global droplet size predic
tion model.

3.1.4. PLS model independent test on a new batch
In the earlier section the performance of the models was tested on the
internal test set generated in the same experiment. However, to test the
robustness of spectral models, it is highly important to test models
completely independent set of data. The models presented in earlier
section were tested on a new batch of data generated in a totally inde
pendent experiment. The results for testing individual fat content
models are shown in Fig. 9A, B. For new batch, the individual fat content
models performed poorer (Fig. 9A, B) compared to the global model
(Fig. 9C, D). This suggest that global models are indeed more robust and
reliable compared to models developed for individual fat content. To
further improve the model, a small set of samples were added to the
global model and the PLS model was recalibrated. Addition of such new
samples clearly demonstrated a better performance than the global
model, however, a key point to note that it is not always feasible to
acquire new spectral measurements with associated values to real world
manufacturing environments. Hence, the best option to make models

3.2. Inline monitoring of mayonnaise droplet size
In the earlier section, the results and analysis on offline spectra
captured with a dispersion spectrometer were presented. However, in
the practical scenario the aim for mayonnaise droplet size measurement
is to have an inline system that can predict the droplet size in real-time
to support decision making or process control. Hence, the new experi
ment was performed where a diode array-based spectrometer was in
tegrated for inline droplet size measurement during mayonnaise
processing. Fig. 10A shows the normalized spectral response of the
spectrometer along the changing milling speed. Please note that like the
at-line spectrometer analysis shown in Fig. 2, the response of the inline
spectrometer showed clear spectral trend ~ 1200 (Fig. 10 B) and ~
1400 nm (Fig. 10C), where the 1200 nm can be attributed to the over
tones of CH and CH2 bonds dominant in a high fat food, while the 1400
nm could be related to the OH vibration which seem to shift to lower

Fig. 11. Scores and loadings from the PCA analysis performed on the data collected during inline measurement of mayonnaise. (A) Scores plots, and (B) loadings.
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Fig. 12. (A) Fitting for the spectral response and offline measurements of droplet size, and (B) predictions for droplet size during the process run based on spectral
response. The sample points in black in (B) are the same sample point as in (A).

wavelengths. A key point to note that during the mayonnaise processing
and increasing the milling speed, the temperature of mayonnaise also
increased and the shifted peak at 1400 nm could be attribute to the effect
of temperature on the OH bond (Fig. 10C). Hence, in future modelling
only the spectral response near 1200 nm has been used to avoid the
temperature effects. To gain a better insight to the pattern captured by
the spectral response, a PCA analysis was performed on the spectra
shown in Fig. 10A. The scores and loadings from the PCA analysis are
shown in Fig. 11. In the score’s plots, it can be noted that pattern of
increasing and decreasing milling speed was well represented by the
scores of the samples on the first two principal components (PCs) plane.
It was noted the main variability related to milling speed was captured
by the 2nd PC, where the samples initially had negative scores, with
increase in speed the scores were positive and while decreasing the sped
the scores again achieved similar negative score values as the initial
point of the process. Looking at the loading of 2nd PC, it can be noted
that the higher weights were for the spectral regions corresponding to
overtones related to CH and CH2 bonds dominant in high-fat foods.
In Fig. 11, the PCA analysis provided scores which were indicative of
the change in the milling speed, however, such an analysis does not
provide the droplet size as required for decision making or process
control tasks. Hence, a simple fitting was performed using some samples
measured during the process using the offline pfg NMR. Please note that
during the process the samples were collected for offline measurements,
while the actual offline measurement was carried out within a week.
Using the 5 offline measurements at five different time points during the
process and the normalized spectral response at 1208 nm, linear and
quadratic fits were obtained. Please note that due to a low number of
reference samples a reliable PLS model cannot be calibrated, hence, we
relied on a simple linear fit to demonstrate the potential of inline NIR
spectroscopy for droplet size prediction in real-time. Furthermore, 1208
nm was used as it is the spectral region directly related to the overtones
of CH and CH2 bonds dominant for high-fat present in mayonnaise and
in primary exploration this region showed a linear trend in intensity
with respect to the milling speed (Fig. 10B). Using the linear fit shown in
Fig. 12A, all spectra were transformed to droplet size and presented in
Fig. 12B. It can be noted that with increase in milling speed the droplet
size decrease and with decrease in milling speed the droplet size
increased. Please note that the data presented in Fig. 11A and Fig. 12B
are not same and belong to two different trials. Furthermore, in Fig. 11A,
the score trajectory is smoother compared to the droplet size prediction
trajectory shown in Fig. 12B. The key different between the process run
was that in the first process run (Fig. 11A) there was no sampling per
formed for offline analysis, while for the 2nd process (Fig. 12B) run at
several time point the valve was opened to sample mayonnaise for off
line droplet size analysis. The opening and closing of the value during
the 2nd process run caused the back pressure in the system effecting the

milling efficiency of the mill, thus causing extra variation in the droplet
size as noticeable as peak at several location over the predicted droplet
size trajectory (Fig. 12 B). Such a variation in droplet size should not be
present (as note in Fig. 11A) when the problem with the backpressure is
eliminated in the process line of mayonnaise manufacturing.
4. Conclusions
This study evaluated spectral sensing for at-line and inline moni
toring of droplet size in mayonnaise using offline sampling and sampling
during the continuous manufacturing process. Prediction errors for
droplet size were in the range of 0.38–0.68 μm. The spectral normali
zation was found to be a highly relevant step for spectral data preprocessing as otherwise the spectra were masked by unwanted addi
tives and multiplicative artefacts. Furthermore, it was found that global
models combining samples from different fat levels generalized well to
new batch of data generated in independent experiments. Hence, instead
of developing models based on individual fat levels, it is recommended
to make global models combining variety in fat levels. The inline
implementation was possible with the diode array spectrometer and
after chemometric analysis allowed following the droplet size during the
mayonnaise manufacturing process. The practical use of the results from
this study can be understood as related to implementation of NIR
spectroscopy for inline monitoring of mayonnaise for real-time control
of droplet-size in continuous mayonnaise production lines.
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