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Abstract. The protein microstructure of many dairy products is of
great importance for the consumers’ experience when eating the product.
However, studies concerning discrimination between protein microstruc-
tures are limited. This paper presents preliminary results for discrimi-
nating different yogurt microstructures using hyperspectral (500-900nm)
diffuse reflectance images (DRIs) – a technique potentially well suited
for inline process control. Comparisons are made to quantified measures
of the yogurt microstructure observed through confocal scanning laser
microscopy (CSLM). The output signal from both modalities is evaluated
on a 24 factorial design covering four common production parameters,
which significantly change the chemistry and the microstructure of the
yogurt. It is found that the DRIs can be as discriminative as the CSLM
images in certain cases, however the performance is highly governed by
the chemistry of the sample. Also, the DRIs shows better correlation to
the CSLM images and are more discriminative when considering shorter
wavelengths.

Keywords: Confocal scanning laser microscopy · Optical technique ·
Hyperspectral · Protein microstructure

1 Introduction

The quality perception and physical properties of fermented milk products are
defined by the microstructure, formed through destabilisation and aggregation
of the protein structures, during the milk fermentation process [1,2]. Confocal
scanning laser microscopy (CSLM) is a popular microscopic technique for inves-
tigating the protein microstructure. This can be attributed the relatively easy
sample preparation, which amounts to a fluorescent staining that is able to target
the protein network directly, and produce highly detailed images of the protein
microstucture [3].

However, while being practical, CSLM still requires sample extraction and
preparation, which is not suitable for in-line process control during e.g. dairy
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production. In this regard, other optical techniques, which are non-invasive
and non-contact, should be considered. Previously, transmittance and diffuse
reflectance measurements have been used in great extent to monitor entire milk
fermentations in relation to cheese making. Here, the initial structure formation
is followed in order to predict the optimal cutting time, which results in a maxi-
mum cheese yield [4–6]. However, best to our knowledge little has been published
in relation to discrimination of different protein microstructures. If possible, this
potentially enables for detection of microstructural defects in dairy production,
which can be beneficial for troubleshooting in the production line, and in general
ensure a consistent product of high quality.

Thus, in the present work we seek to investigate the potential and limitations
of using hyperspectral diffuse reflectance images (DRIs) for discriminating dif-
ferent yogurt microstructures. The DRIs are captured remotely, and are thereby
non-contact, and requires no sample preparation – properties which are highly
desirable when considering in-line applications. Previously, we have applied DRIs
in relation to entire milk fermentations [7], and seen signals similar to those of
transmittance and other diffuse reflectance techniques [5]. The discriminative
properties of the DRIs in regard to microstructure, will be evaluated and dis-
cussed alongside CSLM images, quantified through image texture analysis. Both
modalities are applied to a data set containing 16 unique yogurts created with
different chemistry and microstructure, and has previously been used in [8].
Method evaluation is carried out by the means of classification and we further-
more attempts to correlate the signal output of the two modalities.

2 Materials and Methods

In this section, the experimental design is initially introduced, and hereafter the
hyperspectral DRI technique is presented alongside the decay parameter, which
is quantification of the DRIs into a single numerical value. Finally, a multidi-
mensional CSLM image descriptor is briefly introduced alongside an approach
to map this descriptor into a one-dimensional space, where it can be compared
directly to the decay parameter.

2.1 Sample Design and Production

The samples were produced in a 24 factorial design spanning the four factors:
fat content, protein content, heat treatment temperature, and incubation tem-
perature. These factors are common process parameters that can be varied in
yogurt production. The fat and protein content naturally affect the chemical
composition of the yogurt, while the two latter factors define the amount of
protein cross-linking that will be formed during the protein aggregation [3,9].
All factors were expected to affect the final microstructure. However, the heat-
treatment and incubation temperature were only expected to result in subtle
differences, as these factors only affect the amount of protein cross-linking.
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The yogurt samples were produced by initially adjusting the fat- and protein
content, and hereafter the milk was heat treated for 15 min at the target factor
temperature level. After heat treatment, the milk was rapidly cooled in a cold-
water bath. Finally, the milk was heated to the target incubation temperature,
lactic acid bacteria were added to the milk, and the fermentation was initialised.
The fermentation was continued until a pH of 4.6 was reached. Hereafter, the
milk (now yogurt) was stirred and stored in a refrigerator for a week prior to
measurements by DRI and CSLM. Three replicates of the experiment were per-
formed on three consecutive days, resulting in a total of 3 · 16 = 48 yogurts.
For each yogurt sample three DRI measurements were taken alongside 10 CSLM
images.

The experimental design is summarised in Table 1, and Fig. 1 shows exam-
ple CSLM images of the different microstructures for one of the replicates. For
specific details on the experiment, and the data collection in relation to CSLM,
please refer to [8].

Table 1. The 24 experimental design. Minus and plus denote low and high factor levels
respectively. The actual factor level values are given in the left most column. The entire
design is replicated across three days. The subsets, indicated in the first row, will be
used during the method evaluation in Section 3.

Subset 1 Subset 2 Subset 3 Subset 4
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16

Fat content - - - - - - - - + + + + + + + +
[1.5/3.5 g/100g]

Protein content - - - - + + + + - - - - + + + +
[3.4/4.4 g/100g]

Heat treatment - - + + - - + + - - + + - - + +
[75/90 ◦C/15min]

Incubation temp. - + - + - + - + - + - + - + - +
[39/43 ◦C]

2.2 Diffuse Reflectance Imaging

We have recently introduced a hyperspectral DRI system [7,10]. The system con-
sists of a hyperspectral light delivery system made from a super continuum light
source (SuperK Extreme EXW-12, NKT Photonics, Birkerød, Denmark) and
an acousto-optic tuneable filter (SuperK SELECT, NKT Photonics, Birkerød,
Denmark). The light delivery system produces a light beam (500-900 nm), which
is focused on the sample surface, through a lens (focal length = 40 mm), at an
oblique angle (≈ 45◦). The spatial distribution of the resulting diffuse reflectance
is captured using a CCD (Grasshopper CCD, Point Grey Research, Richmond,
Canada). In front of the CCD a 6.5 cm spacer and an objective lens were installed
(23FM50L, Tamron Co. Ltd., Nagoya, Japan), which produces an image of
1600 × 1200 pixels and a spatial resolution of 3.2 μm. A simplified schematic
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Fig. 1. Examples of the 16 different yogurt samples from a single replicate. The num-
bering corresponds to that of Table 1. Each image has a resolution of 1024 × 1024
pixels, and covers an area of 375 × 375 µm.

of the setup is shown in Fig. 2a, whereas Fig. 2b shows a captured image of
semi-skimmed milk at 600 nm.

In order to quantify the DRIs we consider a light decay parameter [11], which
quantifies the light intensity decay of the multiple scattered light, i.e. the light
far away from the light incident point. The quantification scheme is illustrated in
Fig. 2b and 2c. Here, the diffuse reflectance image is log-transformed twice and
an intensity profile is extracted orthogonal to the direction of the incident light.
A linear model is fitted to the outer part at both ends of the extracted profile,
and the average slope of the two models (denoted the decay parameter from
here on) describes the combined contribution of the absorption and scattering
properties.
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From light scattering theory it is well known that the main scatterer in milk
and yogurt are the fat globules, due to their size [12,13]. However, the signifi-
cantly smaller protein structures are also contributing to the overall scattering
properties, and hereby the aggregation of the protein structures during fermen-
tation can be observed by the scattering properties. This was verified in [14],
where it was observed that the main optical difference between fermented and
non-fermented milks is manifested in the scattering properties, while changes in
the absorption properties are negligible. Thus, when considering dairy products,
the decay parameter mainly reflects the scattering properties of the investigated
sample.

2.3 CSLM Image Descriptor

The discriminative properties for a broad range of image descriptors have pre-
viously been covered for CSLM images similar to those presented in Fig. 1 [8].
From said study, we select the overall best performing CSLM image descriptor,
and compare the discriminative properties to those of the decay parameter. The
image descriptor employs the bag-of -words approach [15]. Here, small image
patches are sampled from the data, and a k-means clustering is performed to
obtain a finite visual vocabulary, in which the cluster centres comprises the
visual words. An image can hereafter be described by densely sampling image
patches, and mapping them to the most similar visual word in the vocabulary.

(a) Schematic of system set-up
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(b) Diffuse reflectance image

(c) Extraction of decay parameter

Fig. 2. (a) Illustrates the core components of the system set-up and (b) shows an
example of a double logarithmically transformed diffuse reflectance image. In (c) an
intensity profile of the diffuse reflectance image (corresponding to the black line in (b))
is shown, and the extracted decay parameter is visualised.
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Thus, the image is described as a frequency histogram of common image struc-
tures in the data set. Following previous work [8], we apply an image patch size
of 7×7 pixels and use 128 entries in the visual vocabulary. The distance between
two image descriptors can be expressed using the χ2-distance [16].

2.4 Multidimensional Scaling

The CSLM image descriptor described in the previous section is of high dimen-
sionality. Therefore, in order to compare it directly to the decay parameter, the
observations are mapped to a one-dimensional space. This can be done through
multidimensional scaling, where the observations are considered in a distance
space. Thus, rather than representing N image descriptors in their original
p-dimensional space, the descriptors are represented as the mutual distances
between all pairs of observations. Thus, the observations can be described in an
N × N dissimilarity matrix, D.

Multidimensional scaling can hereafter be used to determine a low-
dimensional representation of the data, where the mutual distances of D
are approximately retained. This can be done by seeking the values Z =
(z1, z2, . . . , zN )T ∈ R

N×k (where k < p) that minimise the stress function:

SSM(Z) =
N∑

i=1

N∑

j=1

(dij − ||zi − zj ||)2
dij

, (1)

where dij is an element of D and || · || is the Euclidean norm. The expres-
sion is a slightly modified version of the least squares formulation and denoted
Sammon mapping [17], which puts more emphasis on preserving the small
mutual distances. Sammon mapping was applied as some factors in the experi-
mental design were only expected to make subtle changes to the microstructure.

2.5 Method Evaluation

To evaluate the discriminative properties of the decay parameter and the CSLM
image descriptor, we apply the nearest-neighbour classification also used in [8].
This classification is performed on different partitions of the data set, in order
to get an overview of the discriminative properties in relation to both chemical
and microstructural composition of the yogurts. Additionally, we present the
correlations between the one-dimensional representation of the CSLM image
descriptor and the decay parameter extracted from the DRIs.

3 Results

3.1 Method Evaluation

Nearest Neighbour Classification Nearest neighbour classification was
performed on the signal output from the decay parameter and CSLM image
descriptor. For each class, a single observation was isolated (the test data), and



Discriminating Yogurt Microstructure Using Diffuse Reflectance Images 193

the nearest neighbour classification model was built on the remaining data (the
training data). The presented test classification rates are based on the average
over 1000 random splits of the data set, and further averaged across the three
replicates of the experimental design. Additionally, the classification results were
calculated for different partitions of the data set, in order to highlight the specific
capabilities of the two modalities. the following partitions were considered:

– Entire data set (sixteen classes). The overall performance on the entire
data set was evaluated.

– Superset (four classes). Here, each of the subsets, defined in Table 1, con-
stitutes a single class, and reflects how well different chemical compositions
can be discriminated.

– Subsets 1-4 (each subset has four classes). The subsets defined in
Table 1 were used to evaluate how well the subtle microstructural changes
are reflected in the measurements, as the chemical composition of the yogurt
changes.

Classification results for all partitions are summarised in Fig. 3 while Fig. 4
provides the corresponding confusion matrices for the CSLM image descriptor
and the decay parameter at two different wavelengths.

Looking at the classification rates for the entire data set and the superset
(Fig. 3), the CSLM image descriptor appears to perform significantly better than
the decay parameter. When considering the entire data set, the classification
rates for the decay parameter tend to decrease as the wavelength increases, and
for the shortest wavelengths there is even a slight overlap in performance with
the CSLM descriptor. This corresponds well to the presented confusion matrices
(Fig. 4).

The same tendency is not seen for the classification rates of the superset. Here
the performance generally appears to be lower, with larger standard deviations,
and virtually no wavelength dependency. We found this was due to the samples
with a high level of fat (samples 9 through 16), in which the effect of protein
content seemed to be obscured. This can also be seen in the confusion matrices.
This confounding, combined with only four classes, is likely to cause the lower
performance.

Moving on to subsets 1 and 2, it can be seen that the performance actually
appears similar for CSLM and the decay parameter, especially at the lower
wavelengths. Considering the subsets 3 and 4, which have a high fat content, the
performance is a bit lower for the decay parameter and a wavelength dependency
is only seen for subset 4, which has a high protein content. The results for the
subsets also seem to correspond well to the confusion matrices.

Correlation Before the decay parameter and the CSLM image descriptor could
be compared directly, multidimensional scaling (see Section 2.4) was performed
on the CSLM image descriptors. The average approximation error for mapping
the CSLM image descriptor into a one-dimensional space was found to be around
11% when using the Sammon mapping and around 17% when using the least
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(a) Entire data set (b) Superset

(c) Subset 1 (d) Subset 2

(e) Subset 3 (f) Subset 4

Fig. 3. Classification rates for the CSLM image descriptor (red) as reported in [8], and
for the decay parameter (blue) for all considered wavelengths. The classification rates
are provided for different partitions of the data set. The margins denote one standard
deviation.

CSLM image descriptor
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Fig. 4. Confusion matrices for the classification on the entire data set. The sample
numbers corresponds to those of Table 1, and furthermore the grid highlights the four
subsets defined in Table 1.
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squares mapping. Hereby, the Sammon mapping was chosen for the multidimen-
sional scaling. Hereafter, a correlation coefficient was calculated based on the
average responses of the two modalities was, and further averages across the
three replicates. The correlation coefficients are presented in Fig. 5a and again a
wavelength dependency can be seen, and in this case it is even more prominent
than for the classification rates.

The average responses, for a single replicate, are plotted in Fig. 5b against
each other, at two different wavelengths. When comparing across wavelengths
it quite clear how the signal at 500 nm is affected more by changes to protein
content and the protein network microstructure compared to 900 nm. Especially
for the samples with low fat content (sample 1 through 8) the effects of heat
treatment and incubation temperature are pronounced. Contrary, at 900 nm
there is a clear separation between low fat and high fat samples, while there
is only a small effect from the protein content. Looking at the effects of heat
treatment and incubation temperature they are more or less collapsed into a
single point, making them hard to distinguish.

(a) Correlation coefficient across wavelength
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(b) The two modalities plotted against each other

Fig. 5. (a) shows the average correlation between the average CSLM descriptor and the
average decay parameter as a function of wavelength. The correlation is furthermore
averaged across the three replicates and the margins denote one standard deviation.
In (b) the average CSLM image descriptor and the average decay parameter plotted
against each other at different wavelengths. The sample numbers and colours corre-
spond to those of Table 1 and Fig. 1.
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4 Discussion and Conclusion

We have assessed the discriminative properties of a single feature extracted from
hyperspectral DRIs in regard to the protein microstructure of yogurts. Through-
out the paper several observations can be made. The applied evaluation tech-
niques generally showed a wavelength dependency, in which lower wavelengths
correlated better to CSLM images of the microstructure and were better at dis-
criminating between the different yogurt microstructures. However, when addi-
tional fat was added to the system, the microstructural effects from changing
the protein content, heat treatment and incubation temperature diminished.

These findings correspond well to Mie theory [18] as the scattering efficiency
of milk fat is known to be significantly larger than that of milk protein due to the
difference in structure size; fat lies within the range 100-10000 nm while protein
lies within 20-400 nm [12]. Additionally, the scattering contribution becomes
smaller as the wavelength increases, when small structures (relative to the wave-
length) are considered (Rayleigh scattering). For the applied wavelength interval
(500-900 nm) this means that the scattering contribution from the fat structure
remains fairly constant across the interval, whereas the contribution from the
protein structures decays significantly across the interval. Thus, the effect of
protein content and different protein microstructures should be more visible at
lower wavelengths. This corresponds well to the observations of the evaluation
techniques.

Comparing the classification performance between the two modalities, CSLM
appeared to be more discriminative, however the classification performance was
comparable in certain cases. This was especially clear for the samples 1 to 4 with
low fat and protein content. Here, it should be noted that the CSLM have been
captured at a single magnification level, and from Fig. 1 it can be seen that the
less dense microstructure also appears more irregular. This suggests that the
applied zoom level does not necessarily yield a representative view of the less
dense microstructures and other zoom levels should be considered [8]. A similar,
albeit inverted, problem was observed in relation to the decay parameter, where a
high fat content seemingly confounded the scattering contribution from the other
experimental factors. Here, a higher spatial resolution might be able to capture
the appropriate dynamics in the depicted light diffusion. These observations
highlight that the two applied modalities observe the samples at different scales.

Optical sensors have commonly been investigated in relation to the initial
structure formation during cheese making. Claesson and Nitschmann [19] ini-
tially recommended near-infrared (NIR) light, as higher wavelengths showed a
larger relative increase in the signal output, compared to lower wavelengths, dur-
ing the structure formation. In the study by O’Callaghan et al. [20] commercially
available sensors, for following the initial structure formation, are compared, and
all investigated optical sensors are based on NIR light. In this regard the obser-
vations of this paper are remarkable, as they suggest that lower wavelengths
should be favoured when the task is to discriminate between different yogurt
microstructures. Thus, for this particular task, the results of this paper suggests
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that new optical sensors should be developed, rather than relying on the com-
mercially available sensors used in cheese making.

In conclusion, we believe the results of this paper encourages further inves-
tigation of using short-wavelength DRIs as means of inline process control for
detecting microstructural artefacts in dairy production, especially when low-fat
dairy products are considered.
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