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ABSTRACT

The combination of near-infrared spectroscopic techniques (HSI or hyperspectral imaging) with advanced image analysis allows noninvasive,
quantitative analysis of slow mixing phenomena. This is illustrated in a small study to monitor the preparation of homemade mayonnaise,
specifically concerning the major challenge of “breaking” the emulsion. The context of the phenomenon in terms of the physics of mixing is
explained as well. This study demonstrates that the Kullback–Leibler divergence metric, when applied to HSI data, enables quantitative track-
ing of emulsion mixing dynamics and can be used to quantify emulsion homogeneity and identify phase inversion during mayonnaise prepa-
ration if manual oil addition proceeds too quickly. This approach holds promise for real-time monitoring of emulsion quality in industrial
settings where the state of the emulsion cannot always be determined visually.

VC 2024 Author(s). All article content, except where otherwise noted, is licensed under a Creative Commons Attribution (CC BY) license (https://
creativecommons.org/licenses/by/4.0/). https://doi.org/10.1063/5.0245176

I. INTRODUCTION

Patience is a virtue, in life and in the kitchen. Nowhere is this
proverb demonstrated better than during manual preparation of may-
onnaise. Mayonnaise is a high internal phase oil-in-water emulsion
(HIPE), in which the fraction of dispersed oil can be close to 80%. It
goes without saying that preparing such an emulsion is a bit of an art.
In particular, the rate of oil addition compared to the rate of mixing is
critical.1 If the oil is added too quickly, the emulsion will invert (or
“break”), and a low-viscosity slurry will remain. If the oil is added suffi-
ciently slow, the emulsion will remain water-continuous, and a pasty
condiment will be obtained (see Fig. 1). The impatient will be
punished!

The present paper studies a novel methodology for quantifying
observations in the preparation of high-internal phase emulsions, such
as mayonnaise. It should be noted that the mayonnaise case is just an
example, and the technique can be applied in the study of slow mixing
phenomena in general.

To introduce the effect, first some background concerning the
physics of this interesting mixing problem is provided. Two

independent phenomena are involved. The first one can be explained
in terms of the (qualitative) Krieger–Dougherty equation, which states
that the viscosity g of a (water-in-oil) emulsion increases with the
amount of dispersed oil,

g ¼ gcont 1� u
ucp

� ��Kucp

; (1)

where gcont is the viscosity of the continuous phase, u is the volume
fraction of the dispersed phase, ucp is the maximum packing fraction
of the dispersed phase, and K is a constant that should be 5/2 to
retrieve the Einstein equation for the viscosity of a dilute suspension of
hard spheres2

g ¼ gcont 1þ 5
2
u

� �
: (2)

The Krieger–Dougherty equation expresses the observation that the
viscosity increases steeply and in a very non-linear way when the pack-
ing fraction of the droplets approaches close packing, typically taken to
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be about 0.7, but depending on the monodispersity and the deform-
ability of the droplets.3

The second phenomenon involves the capillary number Ca, gov-
erning the breakup of droplets in emulsification,

Ca ¼ gcont _cd
2c

; (3)

where _c is the shear rate, d is the droplet diameter, and c is the surface
tension. The critical capillary number Cacr is the value of the capillary
number to be exceeded for droplet breakup to occur. The shape of the
curve for the critical capillary number depends on flow type and vis-
cosity ratio rv

rv ¼
gdisp
gcont

; (4)

where gdisp is the viscosity of the dispersed fluid and is shown in Fig. 2.
There are multiple mechanisms known by which droplets may
break.4,5 In elongational flow, the smallest droplets are achieved at
high rv whereas there is an optimum ratio for shear flow (because of
the rotational component of shear flow). Ca=Cacr determines whether
one should expect a binary breakup of the droplets (Ca=Cacr approxi-
mately 1) or breakup in long filaments due to Rayleigh instabilities
(higher Ca=Cacr). The viscosity ratio of vegetable oil and egg yolk is typi-
cally in the range of 0.01–0.1, in the range where Cacr does not depend
too steeply on rv (see Fig. 2). Here, it is possible to mix in the vegetable
oil as small droplets in the egg yolk. As the amount of dispersed phase
increases, the viscosity of the emulsion increases as well [because of Eq.
(1)]. However, if the oil is added too suddenly (or in too large portions),

the high-viscosity emulsion can be found in large pools of relatively low-
viscosity oil (rv > 10). Since whisking resembles shear flow more than
elongational flow, this means we enter a regime where Cacr becomes
very large—or in other words, the droplets become very large [as a conse-
quence of Eq. (1)], effectively meaning that it is impossible to create fur-
ther fine emulsion droplets. Since the size of the emulsion droplets
ultimately determines the consistency of the condiment due to the
Laplace pressure of the droplets that determines their resistance against
deformation,4,5 this means it is impossible in that situation to attain the
required consistency or even a stable emulsion.

In summary, two fundamental mixing-related phenomena can be
seen to have a direct impact on the success of making a sauce in the
kitchen. This will be demonstrated in the present experiment by
increasing the size of the portions of oil added to the mixture in a sin-
gle go in-between mixing steps. These experiments will demonstrate
how hyperspectral imaging (HSI) techniques can be used to study such
slow mixing phenomena.

This study employs near-infrared HSI7–10 as a key technique,
which provides noninvasive, label-free chemical identification of com-
ponents, thereby eliminating potential interference from labeling
agents. By capturing detailed spectral information across a broad wave-
length range, HSI allows for an analysis of both the emulsion’s spatial
distribution of different ingredients. We use multivariate curve resolu-
tion with alternating least squares (MCR-ALS)10 and principal compo-
nent analysis (PCA)11 to decompose and visualize the hyperspectral
data to identify the abundance of each ingredient per pixel. We then
use the Kullback–Leibler relative (information) entropy to quantify the
divergence of the emulsion from homogeneity at different length scales
as well as the characteristics of the droplets in the emulsion. This com-
bined approach enables a detailed examination of droplet size distribu-
tions, phase inversion, and overall emulsion stability under varying
preparation conditions, giving a handle on the fundamental dynamics
of high-internal phase emulsions. We also discuss how these techni-
ques could be used as a basis for the design of a sensor to monitor
emulsion stability in an industrial setting.

FIG. 2. Critical capillary number Cacr as a function of viscosity ratio rv , according to
Refs. 6 and 3 in pure shear (a¼ 0) and pure elongation flow (a¼ 1). Droplet
breakup during whisking resembles breakup in shear flow more than in elongational
flow. Different breakup mechanisms may apply, depending on the ratio of Ca and
Cacr. The typical viscosity ratio of vegetable oil and egg yolk is �0.01–0.1.

FIG. 1. Demonstrations of a successful preparation of mayonnaise (left image, slow
addition of oil) and a failed attempt (right image, rapid addition of oil). The trials are
explained later in the text in more detail.
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II. MATERIALS AND METHODS
A. Experimental

Seven distinct trials were conducted to investigate the oil and
water emulsification. Slow or rapid addition of oil was simulated by
adding smaller or bigger portions of oil. Each trial started with 20g of
egg yolk, followed by the addition of 200 g of olive oil, and concluded
with 30 g of white vinegar added at the end. We varied the method of
oil incorporation between trials. In the first trial, the 200 g of oil was
added incrementally in 40 steps of 5 g each, with thorough manual
mixing performed after each addition. In contrast, the seventh trial
involved the addition of the entire 200 g of oil in a single step, followed
by prolonged manual mixing. The final step in each trial was the addi-
tion of 30 g of white vinegar and mixing before image collection. A
summary of the experimental conditions is provided in Table I. RGB
images for the prepared samples for trial 1 and trial 7 are presented in
Fig. 1. In addition, two binary mixture samples were prepared by com-
bining oil and yolk, and oil and vinegar, in a 1:1 ratio.

The sample is imaged using, i.e., scanned line-by-line by mov-
ing12–14 either the imaging system or the sample along a unidirectional
path, while the imaging system captures spectral data of a row of
pixels.7,15–19 For each trial, a portion of the prepared sample was

transferred to a sample holder and positioned on the HSI camera. As
the sample holder moved in a controlled manner, the hyperspectral
camera collected spectral images sequentially along the scanned line.
This process generated a detailed hyperspectral image, with each line
of data contributing to the spatial and spectral representation of the
entire sample. This method ensures precise measurement of the sam-
ple’s properties while minimizing motion artifacts. This approach pro-
duces 3D data consisting of two spatial and one spectral dimension,
offering a comprehensive view of the sample’s properties across both
spatial and spectral domains as presented in Fig. 3.

To measure the datasets in this study, we utilized the SPECIM
FX17, a camera from Specim, Oulu, Finland, hyperspectral imaging
system equipped with a macro lens. This system operates within a
wavelength range of 900–1700 nm, providing a spatial resolution of
15� 15lm per pixel. The images generated in this study have dimen-
sions of 640 pixels by 1100 pixels. For a typical image, the acquisition
time is approximately 30 s.

B. Data analysis

Typically, HSI represents a composite signal gathered from the
sample by the detector.20 To address this, signal unmixing techniques

TABLE I. The experimental conditions are summarized.

Trial number Oil portions Oil (g) Yolk (g) Vinegar (g) Emulsion type

1 40 � 5 g 200 20 30 O/W
2 20 � 10 g 200 20 30 O/W
3 10 � 20 g 200 20 30 W/O
4 6 � 30 gþ 1 � 20 g 200 20 30 W/O
5 5 � 40 g 200 20 30 W/O
6 4 � 50 g 200 20 30 W/O
7 1 � 200 g 200 20 30 W/O

FIG. 3. (a) The general schematic of a hyperspectral image, which comprises two spatial dimensions (x and y) and one spectral dimension (k). (b) Schematic of the hyperspec-
tral imaging setup used for collecting the images.
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are essential for decomposing the mixed signals into constituent com-
ponents that correspond to different ingredients of the sample.21

Principal component analysis (PCA) and multivariate curve resolution
with alternating least squares (MCR-ALS) are employed for visualiza-
tion and signal unmixing, facilitating the differentiation and detailed
analysis of individual components within the emulsion.22

Principal Component Analysis (PCA) is a powerful technique
used to visualize HyperSpectral Imaging (HSI) data of mayonnaise in
an abstract space. By reducing the dimensionality of complex HSI
data, PCA effectively represents key spectral variations in a simplified
form, making it easier to interpret and analyze. In HSI, datasets are
structured as three-way arrays denoted as eR, indexed by x; y; and k
where x and y represent the spatial dimensions, and k represents the
spectral dimension. To facilitate bilinear decomposition, the three-way
array eR is unfolded into a two-dimensional matrix R, indexed by the
pair x; yð Þ and k defined as

R ¼ unfold eRð Þ: (5)

This unfolding process isolates the spectral profiles in one mode and
the spatial pixels in another, enabling the subsequent generation of a
bilinear matrix.

To perform PCA, singular value decomposition (SVD) is com-
monly used. SVD decomposes the data matrix R to three components:
the left singular vectors U, the right singular vectors V, and the singu-
lar values D. Specifically, the scores (SC) are computed as
SC¼U�D, where SC represents the weighted scores. Each row in SC
corresponds to a pixel in the original dataset, and each score encapsu-
lates a specific characteristic of that pixel such as variations in its
chemical composition or spectral signature. By plotting these scores,
one can extract insightful information about underlying patterns,
including component correlations, spatial clustering, and composi-
tional trends across regions within the data or visualize the complex
HSI data in a more accessible and interpretable form. This approach is
particularly useful for identifying spatial and spectral variations within
mayonnaise samples, providing a clear and concise method for analyz-
ing high-dimensional data in food quality studies.

Multivariate Curve Resolution can decompose a hyperspectral
image which is structured as an array of intensities per wavelength (or
more precisely, wavelength interval of fixed length) for each pixel, i.e.,
R. To perform a spectral decomposition, it is assumed that at each
pixel, the signal is a mixture of signals, each of which is proportional to
the concentration of different ingredients at that pixel; that is, the sig-
nal is decomposed as

R ¼
X

n
CST þ E; (6)

where n is the number of different ingredients, ST is the spectral pro-
files of n ingredients, C is the concentration or volume fraction of the
n ingredients at different pixels, where E is the remainder for each pixel
for each different wavelength (interval) considered as an error term.
The goal is to minimize some functional LðR; EÞ aggregating error
contributions over all pixels and wavelengths.

Multivariate Curve Resolution-Alternating Least Squares
(MCR-ALS) is a widely utilized data unmixing technique that facili-
tates the decomposition of a bilinear system into pure chemical infor-
mation. For this, the matrix R is considered with rows indexed by the
pixel ðx; yÞ and the columns by k. Likewise, the matrix C is considered

as a matrix with rows indexed by the pixel ðx; yÞ and the columns by
the ingredients n, ST contains the pure spectral profiles of n ingredients
and E as a matrix whose rows are indexed by the pixel the pixel ðx; yÞ
and whose columns are indexed by k. Equation (6) then becomes a
matrix factorization problem,

R ¼ CST þ E; (7)

where the aim is to minimize the error functional LðR; EÞ. However,
this cannot uniquely define C and S since for every invertible n� n
matrix (i.e., indexed by the ingredients) G, for the matrices
C0 ¼ CG�1 and S0T ¼ GST we have

R ¼ CST þ E ¼ CG�1GST þ E ¼ C0S0T þ E; (8)

which will result in a matrix factorization with the same error matrix E
hence error functional LðEÞ. This non-uniqueness is referred to as
rotational ambiguity. Another type of ambiguity, known as intensity
ambiguity, can be addressed using normalization. To enhance the like-
lihood of obtaining unique solutions and ensuring correspondence to
the actual chemical system, additional constraints can be applied in
MCR-ALS. Two such constraints are non-negativity and the corre-
spondence among species constraints.

The non-negativity constraint ensures that all elements of the
concentration matrix C and the spectral matrix ST are non-negative,
reflecting the physical reality that concentrations and Reflectance can-
not be negative. The correspondence among species constraint is
applied when analyzing multiple datasets that share a common mode,
generating multi-block data. In this approach, the main dataset (e.g.,
the trial data) can be linked to additional datasets, such as those
obtained from pure binary mixtures. This constraint incorporates prior
information about the presence or absence of specific components by
defining the number and identity of compounds in each data block.
The inclusion of this constraint can significantly enhance the accuracy
and reliability of the results by leveraging the shared chemical informa-
tion across datasets.

A schematic of multiset data structure is presented in Scheme 1.
It is important to note that the correspondence among species
imposes constraints on the concentration matrix C, specifically forc-
ing certain values to be either zero or non-zero based on prior
knowledge of the presence or absence of specific components. This a
priori information ensures that the decomposition is consistent with
known chemical or physical conditions, enhancing the reliability of
the resulting profiles. By enforcing these constraints, the method
avoids unrealistic component concentrations and ensures that the
species are represented accurately across the different datasets. An
additional component, denoted as X, is introduced as an additional
component, to capture bilinear information that cannot be fully
explained by the three main components. By introducing this fourth
component, any bilinear contributions—such as noise, background
signals, or unmodeled variations—are effectively isolated from the
primary chemical components. This enhances the overall decomposi-
tion by ensuring that the known components remain more accu-
rately represented, while the unaccounted-for variations are managed
separately.

During the alternating least squares (ALS) procedure, the
matrix ST can be normalized such that the maximum value in each
column is set to 1. This greatly restricts the intensity ambiguity. The
optimization of these profiles is carried out iteratively using ALS
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until the residual matrix E, which accounts for unmodeled sources
of variance, is minimized. The quality of the decomposition is eval-
uated by the lack of fit (LOF%) criterion, which quantifies the dif-
ference between the original matrix R and the reconstructed matrix
CST. After deriving the concentration matrices C from the MCR-
ALS method, the next step involves refolding these matrices to
create contribution maps, which allow for the visualization of the
spatial distribution of the components. Once the contribution maps
are generated, droplet sizes can be calculated. The ultimate objective
is to develop a single metric that quantifies the spatial distribution
and variability of the components within the sample, providing a
comprehensive measure of heterogeneity.

Kullback–Leibler (KL) divergence23,24 is a measure used to
quantify the difference between two probability distributions, indicat-
ing the amount of information lost when one distribution approxi-
mates another. It is inherently related to information entropy, offering
a method to evaluate how one distribution deviates from an expected
or baseline distribution. In hyperspectral imaging, KL divergence is
employed to assess how the spatial distributions of various compo-
nents—such as oil, yolk, and vinegar—deviate from a uniform spatial
distribution. The goal in a successful emulsion is to achieve a low KL
divergence, reflecting a uniform distribution of small, well-dispersed
droplets (often smaller than the resolution of the HSI technique). In
the case of homogeneous mayonnaise, this implies that the droplets
are consistently small and evenly distributed over scales significantly
larger than their size. Thus, KL divergence serves as a critical metric
for evaluating the uniformity and distributional consistency of the
components, analogous to evaluating emulsion quality based on drop-
let size distribution. The resulting matrix C from MCR-ALS was ini-
tially normalized such that the sum of the elements in each row equals
one. The normalized matrix for each ingredient is called pn x; yð Þ:
Similarly, the mean intensity fraction qk is computed by averaging

over all NM pixels (where N and M denote the number of pixels in the
x and y spatial directions, respectively)

qn ¼ 1
NM

X
x;yð Þpn x; yð Þ: (9)

The degree to which the intensity fractions pn x; yð Þ approach the
mean value qn indicates the homogeneity of the sample. This homoge-
neity can be quantified using the KL divergence from the mean
intensity fraction per pixel. For a fixed pixel x; yð Þ, p•ðx; yÞ
¼ ðp1ðx; yÞ;…; pNðx; yÞÞ is a probability distribution over the differ-
ent ingredients. Likewise, q• ¼ ðq1; …; qNÞ is a probability distribu-
tion over the ingredients. We can, therefore, consider the KL
divergence between these two distributions, i.e.,

KL x; yð Þ ¼ KL p• x; yð Þkq•
� � ¼ X

n
pn x; yð Þlog

pn x; yð Þ
qn

� �
; (10)

where the definition of this KL-divergence is spelled out in the last
equalities of Eq. (10). A well-known property of KL divergence is that
this measure is non-negative and equals zero if and only if
pk x; yð Þ ¼ qk. The average KL divergence is then defined as

KL¼ 1
NM

X
x;yð ÞKL x;yð Þ ¼

X
n; x;yð Þ

pn x;yð Þ
NM

log

pn x;yð Þ
NM
n

NM

0
BB@

1
CCA: (11)

In this expression, the average divergence is represented as a KL
divergence of probability distributions across both the components
and the pixels. In the context of successful mayonnaise preparation,
the objective is to achieve a stable emulsion where oil droplets are uni-
formly small and well-dispersed throughout the mixture. This unifor-
mity indicates a well-mixed system with minimal deviation from the
ideal state. However, the pixel scale is an arbitrary measure dictated by
camera resolution, and homogeneity should be assessed relative to the
droplet size. To analyze homogeneity across different scales, we con-
volve pn with a kernel, effectively averaging over a local neighborhood
of radius r (expressed in units of pixel edges, i.e., 15lm in the present
case). This is expressed as

p rð Þ
n x;yð Þ¼ 1

# x0; y0ð Þ; x�x0j j� r; y�y0j j� r
� � X

x0 �xj j� r;

y0 �y
�� ��� r

pn x0; y0
� �

;

(12)

where #f x0; y0ð Þ; x � x0j j � r; y � y0
�� �� � rg denotes the count of

pixels (x0,y0) within the local neighborhood of radius r centered at
x; yð Þ. The scale-dependent average KL divergence is then calculated
as

KL rð Þ ¼ 1
NM

X
x;yð ÞKL

rð Þ x; yð Þ

¼
X

n; x;yð Þ
p rð Þ
n x; yð Þ
NM

log

p rð Þ
n x; yð Þ
NM
qn
NM

0
BB@

1
CCA: (13)

Note that the normalization factor is (2rþ 1)2 if the neighborhood
does not intersect the pixel boundary.

SCHEME 1. The schematic representation of the input data for MCR-ALS analysis.
In each trial, the gray section varies, and MCR-ALS decomposes the multiset data
accordingly. The process of constraining certain elements of the concentration
matrix C to be zero or non-zero, based on prior knowledge of species presence or
absence, is referred to as the “correspondence among the species” constraint.
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III. RESULTS AND DISCUSSION

In this section, the analysis is divided into two parts. First, a single
dataset is analyzed to clarify the essential steps outlined in the theory.
Then, the analysis is expanded to include all datasets, applying the
same principles for broader insights.

A. Single dataset

To begin the results section, we selected the dataset correspond-
ing to trial 4 to illustrate the proposed approach in determining the
success or failure of mayonnaise production using chemometrics. The
spectral dataset is presented in Fig. 4(a). These spectra generally agree
with spectra published previously.25

Each profile represents the measured NIR spectra from a single
pixel of the sample. The mean image of the same dataset is shown in
Fig. 4(b). This image was generated by calculating the mean value of
each NIR spectrum and using it as the intensity for the corresponding
pixel in the image.

Figure S1(a) displays the logarithm of the eigenvalues (squared
singular values) plotted against the number of singular values. The plot
demonstrates that most of the data variance is captured by the first
three principal components (PCs). Meanwhile, Fig. S1(b) illustrates
the first six loadings, with a clear trend in the first three. Beyond the
fourth component, the signal becomes dominated by noise rather than
meaningful variance. This indicates that mixing does not introduce
significant nonlinearities in the spectroscopy data, as it does not result
in additional meaningful singular values.

Figure S2 presents the score plot of the data. To facilitate mean-
ingful visualization, we normalize SC by its first column, ensuring all
elements in the first column equal one. This normalization allows us
to plot the second column against the third column of the normalized
SC, represented by black stars in Fig. S2. This plot helps in visualizing
the data distribution and the relationship between different pixels.

Included in Fig. S2 are also the data points representing pure
components: yolk, vinegar, and oil. These pure components were
obtained from separate pure ingredient datasets. On the plot, the pure
ingredient points are located near the edges of the data triangle. This
indicates that the pure components are the extreme values in the data-
set, while the mixture of these components (the actual experimental
data) falls within the bounds of this triangle. The positioning of the
pure ingredients at the edges and the mixed ingredients inside the

triangle can be understood through the nature of compositional data.
In compositional data analysis, each data point (or pixel) represents a
mixture of components rather than a single component.
Consequently, all pixels in our dataset are mixtures of yolk, vinegar,
and oil, and none of the pixels are composed of just a single ingredient.
This is evident as no data points are found outside the bounds formed
by the pure components.

To facilitate analysis using MCR-ALS, a multiset structure was
generated. This multiset structure plays a crucial role in applying con-
straints related to species correspondence, which ensures a more accu-
rate and unique decomposition of the data. In this process, binary
datasets representing the two-component systems—Oil/Yolk and Oil/
Vinegar—were concatenated with the mixture data along the column
dimension. This multiset, consisting of three submatrices (one for oil/
yolk, one for oil/vinegar, and the third corresponding to the dataset of
trial 4), was then decomposed using MCR-ALS.

MCR-ALS decomposed the dataset into smaller matrices, C and
ST. These matrices provide distinct information about the main ingre-
dients of the mayonnaise: vinegar, oil, and yolk. Specifically, C repre-
sents the intensity and concentration of these ingredients across
different pixels, while ST contains their spectral signatures. This bilin-
ear decomposition results in ST comprising three spectral profiles, as
illustrated in Fig. 5. Subsequently, C is refolded to generate the contri-
bution and abundance maps, which are visualized in Fig. 5.

The contribution maps from this experiment likely indicate a
failed mayonnaise, specifically a water-in-oil emulsion. The contribu-
tion map for oil shows that oil is the continuous phase, encapsulating
both vinegar and yolk. The spectral profile of vinegar, as shown in
Fig. 5(c), closely resembles the water signature in the NIR spectrum,
given that vinegar consists of approximately 93%–96% water.

Consequently, the droplet sizes were subsequently calculated.
Initially, an image processing procedure was applied, encompassing
contrast enhancement, filtering, and watershed segmentation to quan-
tify droplet size and distribution. The droplet areas are displayed in a
histogram to illustrate their size distribution, as shown for trial 4 in
Fig. 6.

B. All datasets

The results from a single dataset can be generalized to all experi-
ments. Here, we present a comprehensive analysis. Equation (5) shows

FIG. 4. (a) Raw spectral data and (b) the
mean image of the raw data.
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that eR is unfolded into a matrix R. For each trial, we obtain a matrix
R. Each R was then subjected to MCR-ALS with non-negativity con-
straints and correspondence among the species constraints. Given that
C and ST must be non-negative and considering the inclusion of pure
datasets collected from individual ingredients, the constraints enhance
the accuracy of the decomposition. The results will include the spectral
signatures and the contribution/abundance maps for seven trials, as
presented in Figs. 7 and 8. Figure 7 presents the spectral signatures of
the three ingredients obtained from the MCR-ALS analysis for seven
trials. Each panel in Fig. S3 displays seven spectral profiles, corre-
sponding to the results of the seven different trials. Figure S3 presents
the resulting contribution maps.

Based on the resulting contribution maps, Fig. 7, it appears that
in the first two trials, vinegar acts as the continuous phase containing
oil droplets, indicating the successful formation of an oil-in-water
emulsion. It should be noted that for these trials the oil-in-water drop-
let sizes are expected to be typically smaller than the resolution of the
HSI, so the image only shows the large-size tail of the droplet size dis-
tribution (also implying that Fig. 2 cannot be used for a prediction of
droplet size for the emulsions in trials 1 and 2 that can be quantita-
tively tested). The remaining trials show oil as the continuous phase,
suggesting that these resulted in water-in-oil emulsions, which are con-
sidered failures. The presence of large black circles observed in the first
two trials appears to be attributable to air bubbles introduced into the
solution during the stringing or mixing process.

Subsequently, the droplet sizes were computed using the previ-
ously described methodology, and the results are presented in Fig. 8.
This figure illustrates the diameter distribution of droplets across seven
trials. The box plot in Fig. 8(a) shows that droplet sizes are smaller in
the first two trials (trials 1 and 2) and the last trials (trials 6 and 7)
compared to the intermediate trials (trials 3 to 5), which display larger
droplet sizes. In Fig. 8(a), circles denote individual data points that fall
outside the typical range of the dataset. Filled circles indicate mild out-
liers, which are data points that lie beyond 1.5 times the interquartile
range (IQR) from the quartiles but within three times the IQR. Empty
circles represent more extreme outliers, falling beyond three times the
IQR. These visual markers assist in identifying and analyzing devia-
tions from the central data distribution. Notably, there is a distinct dis-
continuity between the second and third trials, with the mean droplet
size increasing from 100 to 240lm, which indicates the phase inver-
sion point where the emulsion type transitions from oil-in-water to
water-in-oil. This discontinuity highlights the critical influence of

FIG. 5. Contribution maps and spectral signatures of the three main ingredients: (a) oil, (b) yolk, and (c) vinegar—of trial 4, obtained using MCR-ALS.

FIG. 6. The droplet diameters in trial 4.
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FIG. 7. The resulted contribution maps of three ingredients, oil, yolk, and vinegar in seven trials by MCR-ALS, are presented. The intensity values in these maps range from 0
(black) to 1 (white), corresponding to the pixel values in the images.
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experimental conditions on droplet size distribution. Meanwhile,
Fig. 8(b) presents the mean droplet sizes for each trial.

Figure 9 presents the KL divergence, KL(r) computed for each of
the seven trials across five distinct r levels. The plot reveals a significant
discontinuity between the KL divergence values of trials1 and 2 com-
pared to the other trials. The initial two trials exhibit the smallest and
finest oil droplets (as shown in Fig. 7) and consequently display the
lowest KL(r) values across all r levels. In contrast, trials 4 and 5 show
the highest KL(r) values at all r levels, indicating that these experiments
are the furthest from achieving homogeneity and contain larger drop-
let sizes. Although the KL(r) values decrease for all trials, the reduction
is most pronounced for trials 4 and 5. This discontinuity suggests the
presence of a phase inversion point, where the characteristics of the
emulsion undergo a significant transformation between trials 2 and 3.
This shift likely marks a transition in the structure of the emulsion,
indicating a change from a state with smaller, more uniformly distrib-
uted oil droplets to one with larger droplets and less homogeneity.

Prior to this point, the mayonnaise appears to form a stable oil-
in-water emulsion, where oil droplets are dispersed within the aqueous
phase, indicating successful emulsion formation. However, beyond this
transition point, the emulsion appears to shift to a water-in-oil system,
where water droplets are dispersed within the oil phase, signaling a
failed emulsion. The maximum percentage of added oil in the egg
yolkþoil mixture that still allows the oil to be mixed in homogeneously
in the oil-in-water emulsion is in the range of 33%–50%. This confirms
that mixing does not proceed well in relatively large pools of oil, as
mentioned in the Introduction. The observed phase inversion is critical
as it underscores the influence of experimental conditions on the sta-
bility and type of emulsion formed, thereby impacting the quality of
the mayonnaise. This discontinuity in KL divergence provides a quan-
titative measure of this shift, offering valuable insight into the behavior
of emulsions under varying conditions and aiding in the optimization
of mayonnaise production processes.

IV. CONCLUSIONS

Hyperspectral imaging (HSI) is a sophisticated noninvasive tech-
nique that captures both spatial and spectral data, offering detailed
insights into material properties. In this study, we utilized near infrared
(NIR) hyperspectral imaging with the SPECIM FX17 camera,
equipped with a macro lens, to achieve high spectral resolution and
precise spatial differentiation over the 900–1700 nm range. This setup
proved highly effective for analyzing mixing phenomena in concen-
trated oil-in-water (o/w) and water-in-oil (w/o) emulsions, using may-
onnaise as a case study. By combining this advanced spectroscopic
technique with detailed image analysis (introducing the Kullback–
Leibler divergence metric), we were able to conduct a noninvasive,
quantitative evaluation of mixing dynamics, underscoring the broader
applicability of spectral imaging technologies in fluid mechanics, par-
ticularly for studying slow mixing processes. To the best of our knowl-
edge, the KL divergence metric has not previously been applied to
quantify sample inhomogeneity in image analysis. The findings of this
study aim to facilitate the future implementation of noninvasive, real-
time monitoring methods in industrial production processes. Such
advancements could reduce processing times, prevent failed pre-

FIG. 8. (a) Box plot showing the diameter distribution of droplets across seven trials, highlighting the phase inversion between the second and third trials. (b) Mean droplet sizes
for each trial.

FIG. 9. After generating the C matrices from MCR-ALS for seven trials, the
Kullback–Leibler divergence KL(r) was calculated for five r values and is presented
as a function of log(r).
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emulsions, enhance operational efficiency, and minimize waste, in sit-
uations when the mixing process often cannot be checked visually
directly.

While this study demonstrates the effectiveness of NIR HSI com-
bined with the Kullback–Leibler divergence metric for tracking emul-
sion mixing dynamics, alternative techniques like coherent anti-stokes
Raman scattering (CARS) could achieve noninvasive analysis without
the need for labeling too. A potential advantage of CARS-based techni-
ques is that potentially higher resolutions can be achieved, leading to
insights on smaller length scales. However, in the context of
future applications of the technique, it is important that NIR-based
techniques have a proven track record of use in industrial environ-
ments. Together, these methods underscore the potential of advanced
spectroscopic tools to investigate emulsion quality control in diverse
settings.

A practical implementation of the technique could involve the
development of a sensor that acts as a strip photography camera (cf.
cameras that capture the photo finish at sport events) for a pre-
emulsion that flows past the sensor in an industrial production pro-
cess. This would create a sensor that directly measures spatial variation
inhomogeneity, as opposed to sensors that would derive such informa-
tion from the variation of the signal over time. The current results sug-
gest that a good quality line image can be obtained in �10ms, with
room for further optimization by balancing the image resolution and
quality against the acquisition time. One would obtain a hyperspectral
image reflecting the inhomogeneity in one (spatial) direction and time
in the other direction, instead of in two spatial directions as presented
in this study. The image analysis would require a modest modification
of the data analysis technique above (as the inhomogeneity data are
essentially one-dimensional with a strip photography camera). Also,
the flow speeds would still be relatively limited: if the inhomogeneities
are expected to be of the order of 100lm, the acceptable flow speeds
would be of the order of 10mm/s, but again, it is expected that there is
ample room for optimization of the technique and the present experi-
ment was intended as a first assessment of the feasibility of such an
approach.

The analysis reveals that phase inversion from an oil-in-water to
a water-in-oil emulsion occurs if oil is added too rapidly during may-
onnaise preparation, as indicated by droplet size measurements and
KL divergence results showing a discontinuity between the second and
third trials. This finding underscores the importance of achieving a
precise balance for stable emulsions, focusing on interfacial tension
and phase behavior. Practically, this means that accurate ingredient
proportions and mixing techniques are crucial for achieving desired
emulsion properties in culinary applications. By integrating chemo-
metrics with NIR spectral data and droplet size measurements, this
study connects theoretical principles with practical applications, offer-
ing valuable insights for optimizing emulsion processes and enhancing
food quality and consistency.

However, the results do not suggest that home chefs need to
invest in an HSI set up to prepare the perfect mayonnaise. Ultimately,
patience remains the most essential ingredient.

SUPPLEMENTARY MATERIAL

See the supplementary material for figures showing a number of
intermediate steps in the data analysis procedure: Figure S1(a) displays
the logarithm of the eigenvalues (squared singular values) plotted
against the number of singular values; Fig. S1(b) illustrates the first six

loadings; Fig. S2 presents the score plot of the data; and Fig. S3
presents the resulting contribution maps.
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