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ARTICLE INFO ABSTRACT
Article type: Milk fat content serves as a crucial indicator of milk quality, holding
Research Article significance for both producers and consumers. Therefore, the

development of a swift and viable method for assessing this parameter
could greatly enhance monitoring efforts. This study aimed to establish

Article history: a correlation between milk fat content and milk color through image
. analysis techniques. Cow milk samples spanning a fat content range of
Recelved 06 July 2024 0.2% to 3.5% were analyzed under various lighting conditions,
Received in revised form 23 employing a fusion of image processing methods with artificial neural
October 2024 networks (ANNSs) and particle swarm optimization (PSO) algorithms.
Accepted 24 October 2024 Results demonstrated that the most optimal method, determined through
comparative analysis against a reference sample, produced accurate

Ava2|:)a2b 4|-e Online 31 December estimations of milk fat content. Statistical evaluation revealed a high

coefficient of determination (R?=0.99), accompanied by minimal mean
absolute error (MAE=0.22) and mean squared error (MSE=0.05).
Additionally, a comprehensive examination was conducted into the
influence of water content on milk color across different levels of fat
Non-destructive Analysis, concentration. Findings from this investigation provided robust
Avrtificial neural network, Color,  validation for the effectiveness of the proposed method, exhibiting
Milk, Quality Assessment, Fat  attributes of reliability, efficiency, and cost-effectiveness in the realm of
Content, Cow Milk. milk fat content assessment.
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INTRODUCTION

Milk is a crucial dairy product within the
human diet, owing to its abundant macronutrient
composition. Ensuring its quality and content
throughout the production journey, from farm to
consumer, is imperative (Eid et al., 2022).
Furthermore, fat constitutes a noteworthy
component of the daily human diet due to its high
energy density and appealing flavor profile (Mu
et al., 2022). Moreover, milk fat plays a vital role
in the average growth, brain development, visual
acuity, and immunity of newborn ruminants. Its
significance extends to disease prevention and
treatment (Ali, 2022; Moate et al., 2018).
Research by Pluschke et al. underscored
undesirable  metabolic  effects, including
diminished microbial protein synthesis, milk fat
content, and fiber digestion (Pluschke et al.,
2016).

Numerous endeavors have been made to
measure milk fat content, aiming to establish
tools for swift assessment of milk properties
(Gallier et al., 2010). Milk with varying fat levels
is characterized by its appearance, texture, and
taste (Li et al., 2021; McCarthy et al., 2017,
Soukoulis et al., 2010). Recent explorations into
milk fat assessment have encompassed
innovative technologies and methodologies,
including fluorescent sensors (Xu et al., 2014),
Spectral-sensitive Pulsed Photometry (Ragni et
al., 2016), confocal Raman microscopy (Yao et
al., 2016), Dielectric (Zhu et al., 2015), molecular

distillation (Berti et al., 2018), label-free
proteomics (Han et al., 2022), HPLC-UV
detection (Abdellatif et al., 2020),

electromagnetic techniques (Wu et al., 2021), and
Nuclear Magnetic Resonance (NMR) (Sacchi et
al., 2018). However, limitations such as extended
evaluation time, high instrumentation costs,
intricate sample pre-treatment, and the demand
for specialized expertise in measurements and
analysis have been associated with these
approaches. Imaging technologies in food science
not only enhance the quality and safety aspects
but also offer economic benefits through lower
costs and increased processing speed. Providing
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real-time, reliable analysis makes them a valuable
tool in modern food industry, contributing to
improved efficiency, safety and sustainability
(Azimi-Saghin et al., 2023; Hosainpour et al.,
2022; Kheiralipour et al., 2022; Kheiralipour &
Nargesi, 2024; Nargesi & Kheiralipour, 2024;
Salam et al., 2022). Phillips et al. explored the
influence of fat on sensory attributes, viscosity,
and color of low-fat milk, finding significant
effects on color components (L*, a*, b*).
Notably, variations in milk fat content led to
alterations in surface color, such as increased
whiteness and decreased green and blue tones
(Phillips et al., 1995).

Recent studies have illuminated the viability of
image processing technology for milk quality
assessment and quantification (Djaowé et al.,
2013; Ramos et al., 2021), as well as the
application of artificial neural networks (ANNS)
for detecting adulterants in milk (Amsaraj et al.,
2021; Sharifi et al., 2023) and analyzing diverse
products (Ali et al., 2021; Espejo-Carpio et al.,
2018; Kumar et al., 2020; Kumar et al., 2019).
Additionally, ANN demonstrated superior
predictive accuracy for initial-day milk yield
compared to other methodologies (Dallago et al.,
2019). The particle swarm optimization (PSO),
known for numerical optimization tasks (Gui et
al., 2022), has gained prominence for solving a
range of problems across science and engineering
(Chaudhary et al., 2020; Rajeshkumar et al.,
2023).

Monitoring the milk fat content of cows not
only yields critical information about farm health
but also facilitates the expedient evaluation of
milk quality. However, the investigation remains
absent regarding using color features for milk
property monitoring, even though clustering and
optimization techniques such as PSO can be
integrated with image processing. Noteworthy
studies have incorporated image analysis to
quantify lactobacilli bacteria in milk (Borin et al.,
2007), predicted milk fat content using optical
techniques (Ragni et al., 2016), assessed milk
with optical spectrometry (Rozycki et al., 2010),
and evaluated milk color using colorimetric
vision machines (Milovanovic et al., 2021).



Ming et al. applied ANN combined with PSO
for modeling coconut milk spray drying,
highlighting the method's enhanced predictive
accuracy. Building on these insights, our study
aims to employ image processing, ANN, and
PSO to swiftly and reliably monitor milk fat
content. Our objectives encompass (i)
characterizing milk color through digital imagery
and MATLAB-based image processing, (ii)
tracking color shifts in milk with varying fat
content, (iii) utilizing PSO to optimize
coefficients for input parameters in ANN, and
(iv) leveraging the optimized image-derived
features to differentiate between distinct milk fat
levels using the developed ANN model (Ming et
al., 2021).

MATERIALS AND METHODS

Sample preparation

A total number of 150 samples of pure milk,
each containing 100ml, were meticulously
prepared at a research institute dedicated to dairy
cattle farming in Karaj, Iran. The initial step
involved obtaining ten reference samples, which
were skimmed to create a benchmark.
Subsequently, 14 distinct fat levels were
introduced to the remaining samples, with each
group comprising ten samples to achieve the
desired fat content (Table 1).

Table 1. Amount of classified milk fat content and replications to determine a relation among the color features and milk

fat (Amount of fat content was made by adding specified amount of cream with 50 % fat to the first 0.2 % fat content)

Group 1 (reference) 2 3 4 5 6 7 8 9 10 11 12 13 14 15
Milk fat (%) 0 02 05 08 10 13 15 17 18 22 24 29 30 32 35
Replication 10 10 10 10 10 10 10 10 10 10 10 10 10 10 10

The presence of fat in milk was observed as
minute globules characterized by a size range
specific to each individual sample, enveloped by
membrane proteins. All samples were subjected
to homogenization using an ELMA ultrasonic
homogenizer to ensure uniformity. While this
process sacrificed color texture information,
rendering the samples unsuitable for extended
longitudinal studies, it proved effective for
guality control when dealing with samples
featuring diverse and consistent surfaces. The
evaluation ~ of  ultrasonic ~ homogenizer
performance entailed considering factors such as
apparatus frequency, setting time for samples in
the equipment, and the probe diameter, in
accordance with the methodology outlined in
Correa et al. (Correa et al., 2022). Additionally,
Ertugay et al. reported that employing a vibration
amplitude of 40% for 10 minutes in milk
homogenization yielded results comparable to
those achieved through industrial
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homogenization. Hence, using the ultrasonic
homogenizer, a probe diameter of 10 mm, a
setting time of 10 minutes, and an optimized
vibration amplitude were chosen for the
homogenization process (Ertugay et al., 2004).

Following the homogenization step, the milk
samples were used to establish a correlation
between color attributes and milk fat content.

Image acquisition and capture

The milk samples, enclosed within Petri plates,
were positioned within a lightbox measuring
45x45%40 cms3. The ensuing images were
captured, as depicted in Figure 1. The orientation
of the samples within the light box was
randomized. A digital color camera (Model G7,
Canon, Japan) was employed for image
recording, boasting a resolution of 480 x 640
pixels. The camera was situated vertically above
the lightbox, initially positioned at a distance of
30 cm—adjustable along a fixed rail.



Camera

Light source

Diffusing plase

Milk sample

Figure 1. Schematic representation of light box with adjustable light using different light sources and changeable camera

To ensure effective background subtraction via
standard segmentation routines, a black textile
was employed as the backdrop. This choice was
driven by the pronounced color contrast between
the samples and the background (Demir et al.,
2018). Several lighting options were evaluated

distance

against six crucial parameters, detailed in Table
2, to identify a dependable light source
(Hornberg, 2017). The performance rating is
based on a scale of 1 to 5, with 5 denoting the
highest performance and 1 indicating the lowest
for each parameter.

Table 2. Comparison of different lamps to select an available light source

Index Halogen Xenon Laser LED Fluorescent
Life time 1 4 3 5 5
Heat generation 1 3 3 5 5
Reaction time 1 5 1 5 5
Intensity 5 5 3 4 4
Aging and drift 1 2 3 5 5
Cost 3 3 4 4 2
Total 12 22 17 28 26

Subsequently, LED and fluorescent lamps
were selected as the illumination sources due to
their superior performance and larger dimensions
compared to xenon, halogen, and laser
alternatives. The lighting configuration employed
a combination of a circular fluorescent lamp (32
cm external diameter, 32 W, T9) centrally
positioned within the lightbox and four LED
lamps (3 W) arranged at the corners of a square
measuring 32 cm on each side. The collective
output of these sources focused at the center of
the box, generating an optimal illumination setup.
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Image segmentation and filtration

The image analysis process employed the
image segmentation technique, which involves
dividing an image into distinct sections or
objects. Central to this approach s
thresholding—an essential step in image
segmentation—where a constant value is applied
under consistent environmental conditions. For
this research, the threshold was computed using a
mask derived from the covariance matrix of a
designated segment within each sample.



Flickering is a challenge when utilizing
fluorescent lamps (Ghosh et al., 2018).
Addressing this issue is pivotal to ensure uniform
illumination across all images. To achieve this
objective, linear filtering was implemented,
including edge sharpening, noise reduction,
equalization of illumination, and even
deconvolution to counteract blur and motion
effects. These tasks involve convolving the
original image with a suitable filter kernel to
generate the filtered image. A significant hurdle
in image convolution lies in the substantial
computational demands, often leading to
impractical execution times. To mitigate this,
convolution by separation and FFT (Fast Fourier
Transform)  convolution were employed,
effectively reducing execution times (Gholami &
Farshad, 2019).

From the filtered and segmented images, a set
of parameters corresponding to color attributes
were extracted and determined.

Color analysis

The color images, initially represented in the
RGB system, wherein each pixel comprises three
color components—red (R), green (G), and blue
(B)—underwent a series of transformations. They
were first converted into the HSI color space and
subsequently into the CIE Lab color space using
a nonlinear transformation method akin to that
employed by Asmare et al. (Asmare et al., 2015).
This transition was necessary for developing
image processing algorithms founded upon color
descriptions that resonate naturally and
intuitively with human perception.

In the HSI color space, H (hue) characterizes
pure colors, such as pure yellow, orange, or red.
The parameter S (saturation) quantifies the
degree to which a pure color is diluted by white
light, while I (brightness) is a subjective attribute
that remains challenging to  measure
guantitatively. Parameter | encapsulate the
achromatic concept of intensity and play a pivotal
role in expressing color sensation (Cereceda et
al., 2022). The RGB-to-HSI conversion was
carried out using Equations (1-3) as follows:
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Normalized H values spanned a range of 0 to 1
after being divided by 360°. The remaining two
HSI components naturally resided in this interval,
provided that the given RGB values fall within
the [0, 1] range.

The CIE Lab (Lab*) color space was valued for
its colorimetric, perceptually uniform, and
device-independent  attributes.  The  L*
component signifies luminance or lightness,
ranging from 0 (black) to 100 (white).
Meanwhile, the chromatic components a* and b*
span from green to red and blue to yellow,
respectively, with values encompassing the range
of -120 to 120.

The milk surface images underwent analysis
via MATLAB 7.12 implementation. Mean values
of R, G, B, H, S, I, L*, a*, and b* across different
color spaces were extracted and reported.

Furthermore, several color features were
computed for each color component using
Equations (4-7):

Mean: Representing the average intensity of

each component as:

K=y @

Standard deviation: Indicating the average
contrast as:

o=,/%§(xi ) 5)

Kurtosis: Measuring the peaked Ness of a

local histogram as:
k=EC =4 (6)

(o2



Skewness: Quantifying the deviation of the
local histogram from symmetry as:
X—Hys

y= E(?) @)

Variance: Expressing the degree of variation
around the averages.

Entropy: Reflecting the level of randomness.

Energy: Signifying energy in 2-D wavelet
decomposition.

These calculations and transformations were
fundamental to extracting meaningful features
from the color spaces and contributing to
subsequent analysis (Attallah et al., 2019).

Particle swarm optimization method (PSO)

To deduce the optimization coefficients and
subsequently adjust them to the color features,
effectively preparing them for utilization as input
parameters for ANN, the particle swarm
optimization (PSO) algorithm was implemented.

The updating of the velocity (vi) and position
(xi) for the i particle adheres to the following
equations:

V; (t+1) = wxv, (t) +clxrandl
x (pbest; — x; (t)) + c2x randlx (gbest — x; (t)) (8)

X+ =xt)+v,(t+1) 9)

In these equations, pbest signifies the best
previous position resulting in the optimal fitness
value for the i" particle, while gbest denotes the

Color features

Input layer Hidden layers

best position identified across the entire
population. Constants ¢1 and c2 are acceleration
factors set to 2 in this study. Meanwhile, w
denotes the inertia weight, representing the
weighing of stochastic acceleration terms that
influence each particle's movement towards both
the pbest and gbest positions. The value of w was
computed for each iteration (Shi & Eberhart,
2001). Random numbers randl and rand2,
spanning the range (0,1), contribute to the
stochastic nature of the PSO algorithm.

Upon concluding iterations, a significant
portion of particles is anticipated to converge
within a narrow vicinity around the global optima
within the search space. The canonical PSO has
been subject to empirical and theoretical
examinations by numerous researchers (Shi &
Eberhart, 2001). However, it is worth noting that
premature convergence can occur if the swarm
employs a diminutive inertia weight (w) or
constriction coefficient in various scenarios.

Artificial neural network (ANN)

In this study, the estimation of milk fat content
was executed through the utilization of an
Anrtificial Neural Network (ANN), employing the
Multi-layer Perceptron (MLP) architecture along
with the backpropagation (BP) algorithm. The
network structure comprised an input layer, three
hidden layers, and an output layer, as depicted in
Figure 2.

Output layer

Fig ure2. Neural network architecture
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The input layer featured 63 nodes,
corresponding to the 21 features in each color
space. The number of nodes in the output layer
matched the quantity of distinct milk fat classes.
The selection of nodes for the hidden layers was
guided by empirical assessment to optimize
system performance. To ascertain an optimal
configuration, the training commenced with a
subset of datasets, given the limitations of
available milk samples. This training process was
iteratively performed until the final number of
hidden nodes was achieved, often following a
pattern such as 5-10-5.

The employed ANN incorporated a nonlinear
hyperbolic tangent activation function. The
training was guided by a set of training goal, a
learning rate, and a momentum term set at 0.003,
0.9, and 0.9, respectively. To expedite and
enhance training accuracy, the network inputs

were scaled by the optimization coefficients
derived from the PSO method.

A distinctive aspect of this study, up until the
present date, lies in the application of image
processing technology combined with PSO and
ANN methodologies to monitor milk fat content.
This innovative approach offers rapidity, cost-
efficiency, and reliability, presenting a novel
solution that has not been previously explored in
milk fat assessment.

RESULTS AND DISCUSSIONS
Color features

The normalized mean color components of
milk fat groups, based on their color components
using LED, fluorescent, and a combination of
LED and fluorescent sources, are illustrated in
Figure 3.
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When evaluating the RGB factors for three
types of light sources—LED, fluorescent, and the
combined LED-florescent—it is evident that the
distribution of G (green) has a narrower spread in
comparisonto R (red) and B (blue). This suggests
that variations in milk color are predominantly
influenced by red and blue colors, as opposed to
green. A similar phenomenon has been observed
in studies exploring the progressive lighting of a
tungsten lamp and its effect on milk color (Ragni
et al., 2016). Notably, the distribution of RGB
factors under fluorescent lighting is the most
constrained, rendering it unsuitable for assessing
milk fat content based on RGB factors. However,
the RGB distribution under the combined LED-
florescent lighting exhibits a broader range (0.86
— 1) than the LED light range (0.91 — 1).

In terms of H (hue), S (saturation), and |
(brightness) factors, | component displays the
narrowest range, while S exhibits the broadest
range across all light sources. The range of the S
factor varies from (-0.6 — 1) to (-0.2 — 1) and (0.2
— 1) for LED, fluorescent, and LED-florescent
lighting, respectively.

Regarding L*, a*, and b* components, the
combined LED fluorescent lighting demonstrates
a more dispersed allocation than other light
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sources. This suggests that the RGB and L*a*b*
factors are more promising as segregation
criteria. Moreover, the combination of LED and
fluorescent illumination yields the most favorable
results among the tested lighting conditions.

Considering other color features, such as
standard deviation, kurtosis, skewness, variance,
entropy, and energy, there were no discernible
differences in the milk fat content assessment
using different illumination methods.
Consequently, the combined LED-florescent
light emerges as the superior performer in RGB
and L*a*b* factors, while fluorescent light
performs better with H, I, and S components.

Further  studies determined that for
homogenization purposes of milk surfaces,
images were recorded and subsequently cropped
into four different sizes: 50x50, 100x100,
200%x200, and 400x400 pixels. As indicated in
Figure 4, color components determined from
these cropped images exhibited minimal
variations across the different sizes. Notably, B
(blue) and L* (luminance/lightness) components
displayed the most minor variability among all
the color components when considering different
image sizes.
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Figure 4. Color components determined from picture with different cropped sizes
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PSO Optimization

The primary objective of employing the PSO
method was to enhance the monotonous

behavior of color features. The optimized color
features attained through LED, fluorescent, and
their combined illumination are visualized in
Figure 5.

Mk fat (%)

(@)

(b)

(©)

Figure 5. Optimized color features using different illumination; (2) LED illumination; (b) Florescent illumination; (c)

Combination of LED and florescent

Observations reveal that under LED
illumination (a), the optimization features exhibit
an error in fat content ranging between 2.9-3.1%,
with a disorderly descending pattern. On the other
hand, fluorescent illumination (b) yields an error
in fat content ranging from 1.7-2.2%, displaying
a disorderly ascending pattern. Notably, the
combination of LED and fluorescent illumination
(c) showecases shorter disorderly monotonicity in
the optimization features. This combination
illumination approach aligns well with the
determined color features, making it the superior
input dataset for the developed Artificial Neural
Network (ANN).

This comparison underscores the combined
LED-florescent illumination's effectiveness in
enhancing the monotonous nature of color

features, ultimately contributing to more accurate
milk fat content estimation.

Artificial neural network (ANN)

In this study, the ANN was considered for
different illuminations. Because of the lack of
milk fat samples for training data, the first 13
datasets were explicitly used as training, and the
rest of the dataset were used as testing for both
LED and florescent illuminations. The accuracy
of the network is presented in Table 3 using
statistical parameters. Furthermore, the final
estimated milk fat using ANN, along with their
errors, is given in Table 4.

Table 3. Accuracy of designed artificial neural network (ANN) for different illumination

Hlumination MSE MAE R?
LED 0.20 0.40 0.84
Florescent 0.19 0.34 0.78
Combination 0.05 0.22 0.99
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Table 4. Estimated amount of milk fat using artificial neural network (ANN)

Illumination Real amount Estimated amount Absolute error Relative error

LED 3.2 35 0.3 0.094

1.8 19 0.1 0.056

1.3 0.7 0.6 0.460

2.9 25 0.4 0.140

0.2 0.8 0.6 3.000

Florescent 2.2 1.7 0.5 0.230

24 2.2 0.2 0.083

1.0 12 0.2 0.200

1.7 1.7 0 0.000

0.5 1.3 0.7 1.400

Combination 29 2.7 0.2 0.069

0.2 05 0.3 1.500

2.2 2.0 0.2 0.091

1.3 15 0.2 0.150

3.5 3.3 0.2 0.057

The least mean square error (MSE=0.05), mean Effect of water on color components
absolute error (MAE=0.22), and the most root To explore the influence of water on the
square (R*=0.99) represent higher efficiency of constituent properties of milk, both low-fat
the combination of florescent and LED than their (15%) and high-fat (3%) milk were investigated
separated illuminations. Similar prediction in conjunction with varying percentages of water
results have been obtained with R? up to 0.997 by content (25%, 50%, and 75%). The RGB color
using ANN for the prediction of the fat content of components were assessed, as shown in Figure 6.

commercialized milk (Ragni et al., 2016).
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Figure 6. Effect of milk water on its RGB color components; (a) 1.5 % milk fat; (b) 3 % milk fat
application of these findings in real-life

The results reveal that when the water content scenarios.
in milk is increased by 50%, a notable increase is Through the analysis, it became evident that a
discerned. This increase is more pronounced in dataset of image color features utilizing a reduced
milk with a fat content of 3% compared to that set of R, B, S, H, and L* features exhibited the
with 1.5% fat. However, it is essential to most favorable results for estimating milk fat
acknowledge that the inherent variability in content in this study. Importantly, this selection
outdoor lighting conditions could constrain the eliminated intensity features that might be less
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beneficial in highly variable outdoor lighting
conditions. These findings correlate with earlier
research that indicated a strong and non-linear
relationship with fat content (R? up to 0.985)
using voltage waveform methodology [11]. In
another study, high correlations (0.934 <=r <=
0.990; alpha = 0.006 - 0.000) between raw milk
fat content and parallel equivalent capacitance
values were reported (Zywica et al., 2012).

Furthermore, the study confirmed that these
methodologies can effectively monitor milk fat
content under controlled laboratory lighting
conditions. The determination of color
components exhibited significant disparities
across different percentages of mixed milk-water
compositions. These results prove that color
feature-based estimation holds promise for
monitoring milk fat content. Consequently,
combining ANN-based image processing with
the PSO technique is a rapid, reliable, and cost-
effective means for monitoring milk fat content.
This approach holds particular value for dairy
cattle farming and the development of devices for
online monitoring of milk fat content.

CONCLUSION

This paper introduces a pioneering approach,
combining an optimized Artificial Neural
Network (ANN) with image processing using the
particle swarm optimization (PSO) technique to
cluster complex data effectively. A salient feature
of this method is its ability to assess
comprehensive variations in milk fat content
guantitatively. The outcomes showcased the
superior efficacy of employing a combined LED
and fluorescent light source over their
implementations, yielding minimal mean square
error (MSE=0.05), mean absolute error
(MAE=0.22), and a high coefficient of
determination (R2=0.99). The integration of
ANN with the optimized dataset obtained through
PSO exhibited an enhanced performance,
underscoring the potential of this proposed
method to bolster the precision of milk fat content
estimation.  Additionally, the  approach
establishes a solid technical foundation for real-

time quality milk monitoring. By employing
image processing, the technique adeptly captures
spatial changes and effectively measures and
analyzes color transformations that correspond to
milk fat variations, thus facilitating content
monitoring via ANN.

Notably, the proposed technique boasts
simplicity, versatility, and a cost-effective nature,
rendering it an accessible method with
applicability across a broad spectrum of
scenarios. In summary, this paper presents a
significant advancement in the realm of milk fat
content estimation and quality monitoring,
leveraging innovative methods to achieve
accurate and efficient results.
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