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Abstract: Milk analysis is critical to determine its intrinsic quality, as well as its nutritional and economic value.
Currently, the advancements and utilization of spectroscopy-based techniques combined with machine
learning algorithms have made feasible the development of analytical tools and real-time monitoring and
prediction systems in the dairy ruminant sector. The objectives of the current review were i) to describe the
most widely applied spectroscopy-based and supervised machine learning methods utilized for the evaluation
of milk components, origin, technological properties, adulterants, and drugs residues, ii) to present and
compare the performance and adaptability of these methods and their most efficient combinations, providing
insights into the strengths, weaknesses, opportunities, and challenges of the most promising ones regarding
the capacity to be applied in milk quality monitoring systems both at the point-of-care and beyond, and iii) to
discuss their applicability and future perspectives for the integration of these methods in milk data analysis
and decision support systems across the milk value-chain.

Keywords: milk analysis; dairy ruminants; spectroscopy; supervised machine learning; precision
livestock farming; classification and regression; near-infrared; mid-infrared; laser induced
breakdown spectroscopy; neural networks

1. Introduction

It is projected that by 2050, the global population will exceed 9 billion people [1], a nearly 2-
billion increase over the current population [2,3]. Most of this expansion will take place in developing
countries, resulting in a sharp rise in the consumption of milk and products thereof. Indeed, in these
countries the annual milk and dairy products consumption per capita is expected to increase by 1.47
times (from 45 to 66 kg), while a respective increase by 1.04 times (from 212 to 221 kg) is expected in
developed countries [4]. Moreover, consumers are increasingly concerned about the environmental,
public health, and animal welfare implications associated with the intensification of livestock
production [3-5]. This situation has placed immense pressure on the dairy ruminant sector to find
sustainable solutions for the optimization of the milk production systems and the minimization of
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the environmental impact [e.g., rising water consumption, land and ecosystems degradation,
increased greenhouse gas emissions, waste of natural resources, loss of biodiversity, etc.]. Towards
this target, precision livestock farming (PLF) technologies have emerged as critical tools for the
mitigation of the environmental impacts and essential components of sustainable production and
evidence-based herd health management. Thus, sensors, animal-recording technologies, artificial
intelligence (Al), and robotic systems, as well as life cycle assessment (LCA) methods are utilized by
modern dairy farms, to significantly reduce their environmental footprint and improve their
profitability [6].

It is undeniable that milk and products thereof are listed among the most valuable agricultural
commodities, due to their high nutritional value in human diets [7]; therefore, milk production is an
essential asset to global societies and economies. Moreover, milk quality is significant for the milk
processing industry, directly affecting the technological properties, organoleptic traits, hygiene
status, and overall acceptance of the derived dairy products, and subsequently the market value of
milk. Therefore, milk quality and safety must be efficiently evaluated and managed to satisfy
consumer demands, meet legal requirements, and ensure transparency and fair pricing for the
farmers. Moreover, systematic assessment of milk chemical composition i) facilitates efficient
monitoring of its intrinsic quality, ii) supports early detection and prevention of milk fraud, as well
as intramammary infections and mastitis, and iii) decreases the time, effort, and expenses demanded
for routine laboratory milk analyses [8,9].

Despite the efficiency of the traditional laboratory-based methods utilized for the assessment
of milk quality, they require expensive equipment, specialized staff, well-organized logistics, time-
consuming (>48h), labor intensive and destructive/invasive sampling, transferring, and analytical
processes; thereby, crucial information sharing and farming decisions are delayed. The potential to
monitor milk quality on-site has lately been made possible by the development of portable and
handheld devices intended for use at the point-of-care (POC), following the recent advances in
chemometric and optical sensor technologies. The primary advantages of these technologies is their
capacity to collect enormous data volume, their accuracy and the real-time output [3]. This is
consistent with the idea of PLF, which is defined by Tullo et al. as “the application of process
engineering principles and techniques to livestock farming to automatically monitor, model, and
manage animal production” [10]. These sensors offer accurate and reliable measurements of milk
quality traits, its origin and adulteration, as well as the udder health status of animals, allowing the
systematic, non-invasive monitoring, even when needed to be applied in situ and at the individual
animal level [11,12]. Also, they collect data, which are then processed by algorithms and stored in
databases for later use in decision support systems (DSS).

Among optical technologies, spectroscopy-based methods have emerged as promising tools for
milk chemical analyses. Indeed, methods such as Raman spectroscopy, near-infrared spectroscopy
(NIRS), mid-infrared spectroscopy (MIRS), and laser-induced breakdown spectroscopy (LIBS)
provide rapid, non-invasive, and precise evaluation of milk components such as fat, protein, lactose,
and others, as well as indications of the milk origin, adulteration, and occurrence of drug residues.
Combining spectroscopic techniques with advanced machine learning (ML) algorithms like support
vector machines (SVM), random forests (RF), logistic regression (LR), elastic net (EN), k-Nearest
Neighbors (k-NN), neural networks (NN), and gradient boosting machines (GBM), can remarkably
improve the diagnostic performance of these technologies. Hence, utilizing spectroscopic milk
analysis and advanced ML methods, key-applications in the field of milk analysis have been released
and expected to be further developed for the assessment and prediction of milk traits and properties.

The objectives of the current review were: i) to present the use of spectroscopy-based techniques
for milk analyses, emphasizing on their specific applications and their potential integration into
contemporary dairy management systems, ii) to compare the performance and adaptability of the
available spectroscopic methods, providing insights into the strengths, weaknesses, opportunities,
and challenges of the most efficient relevant technologies for upgrading milk quality monitoring
systems in dairy farmes, iii) to discuss the applicability and performance of ML techniques for milk
data analysis systems and prediction models to facilitate quicker and better-informed DSS.
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2. Spectroscopy Principles
2.1. Spectroscopy

The study of how light interacts with matter is known as spectroscopy [13]. The energy of light
is proportional to its frequency and inversely proportional to its wavelength. The relationship is
described by the following equation:

E=hef ()
Where E is the energy of the light in J, h is the Planck's constant (6.62 * 1073*J *x Hz™') and
f is the frequency of the light in Hz.

Alternatively, since the frequency is related to the wavelength (1) by the speed of light (c) (where
¢ = A1+ f), the energy can also be expressed as:

E= @)

Where 1 is the wavelength of the light in m and ¢ is the speed of light (= 3 x 108 m/s).

In methodological terms, spectroscopy can be defined as the process of analyzing the spectrum
of light that a substance absorbs, emits, or scatters in order to determine its physical structure,
molecular composition, and other properties [14].

2.2. The Infrared Region of the Electromagnetic Spectrum

Located in the middle of the electromagnetic spectrum, the infrared (IR) region is divided into
three main subregions: Far-Infrared (FIR), with wavelengths ranging from 1 mm to 10 pm, Mid-
Infrared (MIR) from 10 um 2.5 um and Near-Infrared (NIR) which refers to the portion of the
electromagnetic spectrum closest to the visible region, with its wavelengths ranging from
approximately 750 nm to 2500 nm [15]. Figure 1 illustrates the electromagnetic spectrum including
the Visible (Vis) region from 380 nm to 750 nm and Ultraviolet (UV) region from 10 nm to 400 nm.
William Herschel is credited with discovering near-infrared radiation in 1800. Herschel observed that
light temperature rose from the blue (450 — 475 nm) to the red (620 — 750 nm) end of the spectrum
while using a thermometer in his experiments. The temperature increased even after the thermometer
was positioned beyond the visible red region, suggesting existence of energy beyond the visible
spectrum [15,16]. The development of NIR spectroscopy, a potent analytical tool for analyzing the
chemical and physical properties of materials, was made possible by this discovery.
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Figure 1. The electromagnetic spectrum and wavelength ranges of electromagnetic radiation.

2.3. Transmittance, Reflectance, Absorption and Emission of Light

Transmittance (T) indicates the amount of incident light that can pass through a material.
Reflectance (R), is defined as the amount of incident light reflected by the material's surface, while
absorbance is defined as the amount of incident light not reflected or transmitted but absorbed by the
material (Figure 2). The conservation of energy requires that:
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T+R+A=1 3)

Where (T) is the transmittance, (R) is the reflectance and (A4) the absorbance.
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Figure 2. Example of light’s interaction with matter [14] (modified).

Natural frequency of an atom is the frequency at which its electrons vibrate spontaneously.
When atoms of a material vibrate at the same frequency with a light wave, their electrons absorb the
wave's energy and start to vibrate as well. Objects vary in color because the electrons of different
materials' atoms vibrate at different frequencies and therefore absorb different light frequencies.
Electrons in atoms are confined to distinct energy levels or electron shells.

The lowest possible energy state is known as the ground state. According to the quantization of
energy levels, electrons can move from a lower energy state to a higher one only by absorbing a
discrete amount (quanta) of energy described by the laws of quantum mechanics. The difference
between the two energy levels must be represented by the absorbed energy. When an electron
absorbs energy, it is excited to a higher energy state and moves away from the nucleus of the atom.
Electrons, however, do not remain excited for very long. After briefly being in this higher energy
state, they return to their original ground state, releasing the absorbed energy in the form of photons.
As stated in Kirchoff ’s radiation law, the energy of the emitted photons corresponds precisely to the
amount of energy initially absorbed by the electrons. This process of light emission is called
fluorescence and is a subcategory of luminescence.

Fluorescence is a rapid form of luminescence that starts very shortly after light absorption and
ends almost immediately when the light source is removed. Luminescence is the general term for
light emission without heat.

2.4. Light Scattering

Photons or light particles interact with matter in a process known as light scattering. When a
light source illuminates a medium, its parties scatter light in different directions, causing it to deviate
from its original optical path. Fundamentally, light scattering is the result of the interaction between
matter and photons, or light particles. Light can disperse when photons encounter particles or
irregularities in a medium. These particles or irregularities can absorb photons and reemit them in
different directions. Decrease of the intensity of the light that passes through a medium can be caused
by absorption or scattering; this is a basic phenomenon in optics since it gives rise to a variety of
optical effects. Figure 3 demonstrates the scatter light effects in milk, caused by fat and protein
particles.
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Figure 3. Scatter light effects generated by fat and protein particles in milk. The incident wavelength
is smaller than the diameter of the particles, resulting in Mie scattering, which is demonstrated in the
zoomed view [17].

2.5. Other Optical Properties

Dispersion or refraction is defined as the process during which different colors bend at slightly
different angles, (e.g., the formation of a rainbow), and is linked to the refractive index which is
affected by the wavelength (color) of the light and indicates how much the light bends and slows
down (Figure 4).

\

Figure 4. Different colors refract at different angles in a dispersive prism due to material dispersion,
a wavelength-dependent refractive index divides white light into a spectrum [18].

Refractive-index-based sensors measure variations in a medium (such as gases, liquids, or
solids) by measuring the refraction of the light which passes through the medium. Variations in the
refractive index indicate changes in the material's composition, temperature or density. In some
spectroscopic techniques, the refractive index itself can be used as a tool to identify or characterize
samples. Different materials have different refractive indices at different wavelengths, so measuring
a material's refractive index spectrum can provide information about its composition and structure.

When light is absorbed by a material, causing a localized increase in temperature, it is referred
to as the optothermal effect. The substance increases in temperature when it absorbs light energy and
converts it to thermal energy or heat. This effect is widely used in optothermal spectroscopy and
other fields where the heat generated by light absorption is essential for material manipulation or
detection. The distinct heat conductivity properties of graphene have been discovered through the
application of the optothermal effect, and more precisely, the optothermal Raman technique, which
measures the local temperature of the sample using Raman spectroscopy and uses the excitation laser
as a heat source.
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2.6. Optical Chemosensors

The devices that are specially designed to detect, identify, and quantify chemical compounds
are defined as chemical sensors. Their operation is based on the exploitation of chemical reactions or
physicals changes to acquire measurable signals (e.g., optical signals) and achieve the quantification
of the desired compounds [19]. Optical chemosensors are considered a subclass of chemical sensors,
and they can be divided based on the optical properties used in the sensors to detect compounds [20]
as illustrated in Figure 5.

Luminescence

Reflectance

Optothermal
effect

Light scattering

Optical
sensors

Fluorescence

Refractive
Absorbance index

Figure 5. Optical sensors classification from International Union of Pure and Applied Chemistry
(IUPAC) [21].

The same optical properties that govern the operation of optical chemosensors are also
employed in a range of spectroscopic methods. Despite most of these methods being applied in the
laboratory, they all operate on the same principles. Therefore, these types of optical sensors can also
be utilized in portable spectroscopy sensors or analyzers. As technology advances, portable
spectroscopic sensors are expected to be increasingly exploited for milk analyses in the dairy
ruminant industry.

3. Milk Composition and Quantification Techniques

Milk is a complex biological fluid. In ruminants, its composition varies depending on the species
of origin and several other physiological, genetic, and environmental factors, consisting of
approximately 80 - 87% water, 3.6 - 7.9% fat, 3.2 - 6.2% proteins, and 4.1 - 4.9% lactose [17]. These
chemical compounds are key-determinants of the milk quality, influencing both its nutritional value
and technological properties [22]. Among milk components, milk fat is important as it affects the
cheese-making capacity and the nutritional value of milk. Moreover, the fat content and the fatty
acids (FAs) profile thereof contribute to important organoleptic traits such as taste, density,
appearance, and flavor [22], while polyunsaturated FAs, such as oleic acid, trans-11, C18:2, cis-9, and
a-linolenic acid, offer various health benefits including reinforcement of the immune system,
hormone production, and cognitive health [23]. Proteins are also vital components of milk in terms
of their nutritional and economic value. Between the main proteins in milk the casein fraction is
significantly related to the cheese-making capacity of milk and the functional and technological
properties of dairy products, while it is a significant source of amino acids [24]. Except for being a
source of essential amino acids, milk proteins exhibit a range of biological functions supporting
growth and maintenance, metabolic reactions, hormonal and immune system functions, energy
storage, antioxidant and antimicrobial activities. Lactose is another main component of milk and the
main carbohydrate in it, directly associated with the milk yield capacity of ruminants; it is a
disaccharide made up of glucose and galactose and is vital as an energy source [23], while it is widely
referred as “milk sugar” and it is the sole common sugar of animal origin. Urea is a metabolic product
of proteins and amino acids. It is the primary source of non-protein nitrogen in milk. Its concentration
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above the physiological threshold may be indicative of renal diseases or imbalanced nutrition, while
it plays a significant role in overall milk quality, as it can also be an indicator of milk adulteration
[22]. Somatic cells in milk refer to all the cells that can be found in milk and have nuclei (e.g., white
blood cells, epithelial cells etc.). Somatic cell count, or SCC, is a crucial indicator of the milk quality
and the animals” welfare. Determination of milk price, regulatory compliance monitoring, udder
health and genetic assessment are some of the uses of SCC estimation in milk [25].

The concentration of certain compounds can provide insights into udder health status and other
nutritional and physiological parameters of ruminants. For example, elevated SCC is one of the most
reliable indicators of intramammary infections and mastitis [26], while the protein and urea contents
of milk can be used to assess the balance between protein intake and energy supply in ruminants’
diets [27]. The concentration of these milk compounds can be quantified through various analytical
techniques, with spectroscopic methods gaining increasing popularity. Figure 6 illustrates the
spectroscopy methods used for various milk applications.

Applications

Raman

Mid-Infrared
Spectroscopy *  Milk’s Composition Spectroscopy

= Milk traits
* Adulteration FT-Infrared

*  MilK’s origin Spectroscopy
* Drug residues

* Health monitoring
Near-Infrared Ultraviolet
Spectroscopy Spectroscopy

Visible
Spectroscopy

Figure 6. Milk application and spectroscopy methods [22].

Laser Induced
Breakdown
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4. Spectroscopy Applications

Conventional methods used for the estimation of milk compounds, as well as for the detection
of adulterants and drug residues and the microbiological assessment of milk usually involve labor-
intensive and time-consuming procedures performed by specialized staff. Considering the growing
demand for real-time, non-invasive analyses, spectroscopy-based techniques have emerged as
promising tools for ensuring the production of high-quality and safe milk. Various technologies,
including Raman spectroscopy, LIBS, NIRS, and MIRS, have shown to be effective in providing rapid
and reliable assessment of the milk composition and its microbiological status in dairy farms.
Although in this review the chemical analysis of milk is examined, it should be noted that
spectroscopy methods are also widely used for the identification of microbial and bacterial
contamination in milk [28-30]. The application of the forementioned spectroscopy methods can be
used to collect data and in combination with a variety of multivariate analysis techniques to extract
analytical information and predict milk quality (Figure 7); this is achieved by correlating multiple
analytical variables (as derived from the spectrum analysis) with the properties of the studied
analytes content, such as milk components, adulterants, and drug residues [31].
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Figure 7. Illustration of the spectroscopy procedure.

In this section, the definitions and principles of various spectroscopy methods are summarized
along with their application in milk chemical analyses. Also, studies that primarily utilized Raman,
LIBS, NIR, and MIR spectroscopy are presented and discussed, regarding their spectral ranges,
calibration models, and predictive capacity when applied for the measurement of milk components,
the detection of adulterants, and drug residues, as well as the discrimination of milk origin (different
ruminant species, organic from non-organic milk, etc.)

4.1. Reflectance, Absorption, and Emission Spectroscopy

Reflectance spectroscopy is defined as the study of the light reflected from a solid, liquid, or gas
material, as a function of its wavelength. It is a process that quantifies the light or electromagnetic
radiation that is reflected off the surface of the material of interest. By analyzing the spectrum of the
reflected light, information about the material’s composition, structure, and surface properties can be
obtained.

The process of measuring light absorption in materials is carried out through absorption
spectroscopy. A continuous band of color with black lines connecting them displays the material's
absorption spectrum (Figure 8). Colored portions depict the entire amount of light directed onto the
substance, while the areas of the spectrum where the electrons absorbed the light photons are
indicated by the black lines, which depict the absence of the directed light. Absorption spectroscopy
is further divided into molecular and atomic absorption spectroscopy. Atomic absorption
spectroscopy is the process of generating a spectrum when free atoms absorb various light
wavelengths; it is a method commonly used to analyze gases. Molecular absorption spectroscopy is
the process of generating a spectrum when entire molecules absorb various light wavelengths,
usually at the Vis or the UV region of the spectrum.
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a) Continuous spectrum

b) Absorption spectrum

¢) Emission spectrum

Figure 8. (a) Continuous spectrum: contains all wavelengths emitted by a light source, (b) Absorption
spectrum: black lines where the electrons have absorbed the light photons, (c) Emission spectrum:
color lines where photons have been released from the electrons when they fall to a lower energy level
[32].

Emission spectroscopy counts the photons released when excited electrons return to their
ground state. An emission spectrum is shown as a black background with distinct colored lines that
represent the wavelengths of photons emitted as electrons release energy. Emission spectra can be
categorized as either line emission spectra, which display discrete colored lines separated by black
spaces, or continuous emission spectra, which show a continuous range of colors across wavelengths
(Figure 8). Since different substances release energy in characteristic patterns, emission spectroscopy
is a powerful tool for analyzing complex materials to identify their components.

4.2. Raman Spectroscopy

Raman spectroscopy is an analytical method that uses scattered light to quantify a sample's
vibrational energy modes. It is named after C. V. Raman, an Indian physicist who, in 1928, together
with K. S. Krishnan, made the first observation of Raman scattering [33]. Raman spectroscopy is a
vibrational spectroscopic technique that uses a substance's distinctive "fingerprint”, through which it
can identify and provide structural and chemical information of any kind of material [34]. This
information is extracted by Raman spectroscopy by detecting Raman scattering in the sample.

Raman spectroscopy is used in milk analysis for a variety of purposes, including the assessment
of the content of the major milk compounds, as well as, for the detection of drug residues [23]. It does
not require any special sample pretreatment, enabling real-time, in situ monitoring of milk
components. Vaskova et al. [34], used Raman spectroscopy to measure lactose content in dried milk
droplets, demonstrating the broad applicability of this technique, while Mazurek et al. [35] used
Raman spectroscopy to analyze 64 bovine milk samples for the quantification of the fat, protein,
lactose, and dry matter contents. The same technique was used by El-Abassy et al. [36] to determine
milk fat content in different types of milk samples; in their study, measurements were made using
the 514.5 nm emission line of an argon ion laser, specifically the Coherent Innova 308 Series, with 30
s recording time; results regarding the liquid milk fat content prediction capacity of the method were
promising, showing low root mean square errors (0.16 and 0.06) and high correlation coefficients
(0.97 and 0.97) for milk samples with fat from 0.3-1.55% and 0.3-3.8%, respectively. Concerning dried
milk samples, the results were also very promising with R? = 0.97 and RMSE = 0.18. In a study by
Rodrigues Junior et al. [37], a combination of chemometric analysis and Raman spectroscopy were
utilized to detect adulterants and to assure the quality of milk powder with regard to fraud involving
the addition of maltodextrin and the classification of milk powder samples according to their lactose
content. The detection of adulteration via Raman spectroscopy was also investigated by Khan et al.
[38]; in that study, recording of the liquid samples’ spectra, with 27 different values of urea
concentrations, was performed using a 785 nm diode laser (CL-2000, CrystalLaser). It was found that
urea concentration could be accurately predicted (> 97% accurracy) for concentrations above 100
mg/dl. However, the accuracy of the method decreases with the urea concentration (90-95% for 50-
100 mg/dl and < 60% for 50 mg/dl).
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Raman spectroscopy's non-destructive nature and its capacity to quickly and accurately
analysing ruminants’ milk demonstrate its potential application in routine milk quality assessment
and dairy management systems [34]. Milk components can be efficiently identified and quantified
due to the method's sensitivity, which makes Raman spectroscopy a useful tool for the systematic
evaluation of milk quality status in a variety of applications, even in raw milk samples collected on-
site, in dairy ruminant farms [34]. Nevertheless, despite its advantages, most applications of Raman
spectroscopy in dairy systems are still under development, and there are still theoretical and
technological issues that need to be resolved, such as the enhancement of its accuracy for different
milk types and the minimization of sample preparation. Furthermore, the high cost of Raman systems
limits their accessibility, particularly for small and medium-sized dairy farms, for which the initial
investment cost may be prohibitive [23].
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Table 1. Raman spectroscopy applications and performance.
Wavelength Di i
8 Type of milk sample ~ No of samples  Origin of milk Application R? RMSE lagnostic Ref.
(cm™) performance
300 - 1700 powder ND retail lactose 0.91 - - [34]
. fat 0.21-0.31 % w/w p
250 — 3500 powder 136 retail . - - [39]
protein 0.14-0.35 % w/w »
liquid* 0.97 » 0.16% »
800 — 3050 liquid** 13 retail fat 0.97 » 0.06% » - [36]
powder® 0.97 0.18% o
fat 5.3-5.8% sp
L . protein i 5.6-6.1% s i
8,16, 32 liquid 75 retail carbohydrates 35-4.8% 4 [35]
dry matter 3.4-4.8% s
lactose high/low classification SSe':1908 660{;
400 - 3500 powder 45 retail maltodextrin - - pr SoUA [37]
adulteration Se: 88.6%
Sp: 100.0%
Acct
Lo . . 100mg/dl: > 97%
750 - 1800 liquid 10 batches retail urea adulteration >0.95 - 50-100meg/d1: 90-95% [38]
<50mg/dl: = 60%
cow
h Se: 93.0%
600 — 1800 liquid 602 han milk origin - - Sp: 97.0% [40]
buffalo Acc: 93.7%
goat

R?: Coefficient of determination, RMSE: root mean square error, ND: Not Defined, ,: RMSEP (root mean square error of prediction), sp: RSEP (relative standard errors of prediction), *: 0.3-3.8%, **:
0.3-1.55%, »: RMSEV (root mean square error of validation), * depending on urea concentration, Se: Sensitivity, Sp: Specificity, Acc: Accuracy.
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4.3. Laser Induced Breakdown Spectroscopy (LIBS)

The optical emission method known as LIBS is used to ascertain the elemental composition of
materials [41]. This process involves directing a focused, pulsed laser onto a sample, generating
plasma which results from the ionization of the material's atoms. As the plasma cools, the
recombination of atoms with free electrons produces light across the UV, Vis, and IR regions [42]. A
small amount of the target material (solid, liquid, or gas) is vaporized by the high-energy laser pulses,
and the light emitted from the excited atomic and ionic species in the plasma is gathered for
spectroscopic analysis to determine the elemental composition of the sample [43].

Laser-Induced Breakdown Spectroscopy is a relatively new optical method that holds great
promise for milk analysis. Indeed, it becomes increasingly popular due to its potential to provide
quick, multi-elemental analyses, with high sensitivity and accuracy, in a variety of complex matrices,
including liquid and solid milk samples, as well as due to its quick and easily adaptable methodology
[44—-46]. This method requires from minimal to zero sample preparation, offers real-time analysis,
and operates as a non-contact technique, making it suitable for POC applications [45]. Laser-Induced
Breakdown Spectroscopy has been utilized for the detection of minerals, trace elements, and
adulterants in milk, to support quality control and nutritional evaluation processes in the dairy value-
chain. To fully unravel its potential for widespread industrial application in dairy quality assurance
systems, further optimization is needed, especially with regard to the calibration models and the
improvement of the precision within complex milk matrices [45].

Liquid bovine, ovine, and caprine milk samples were analyzed using LIBS in the studies by
Nanou et al. [46,47], resulting in unique spectral lines of specific milk compounds and accurate
elemental profiles of milk. In particular, the spectral characteristics of major elements such as
magnesium (Mg), calcium (Ca), sodium (Na), and potassium (K), as well as minor minerals like
phosphorus (P), zinc (Zn), copper (Cu), and silicon (Si), were accurately detected and identified [46].
Notably, Nanou et al. [47] used milk ash for the analysis of minor minerals content in order to
improve the trace element detection accuracy, while key inorganic spectral lines and LIBS spectra
were utilized in the same study to differentiate milk samples based on the animal species of origin.
A variety of ML algorithms were exploited to classify the samples with remarkable precision;
classification accuracy of up to 95.5% using the full LIBS spectra were achieved. Even when focusing
on five specific spectral lines —magnesium Mg(II) at 279.8 and 280.3 nm, calcium Ca(l) at 422.6 nm,
ionic calcium Ca(Il) at 315.9, 317.9, 393.3, and 396.8 nm, sodium Na(I) at 589.0 nm, and potassium K(I)
at 766.5 and 769.8 nm—the classification accuracy remained at approximately 93%. These results
indicate that rapid and accurate milk origin assessment can be achieved by the combined
implementation of LIBS and the appropriate ML algorithms.

Table 2. Observed spectral lines of the major minerals in Laser-Induced Breakdown Spectroscopy
spectra and their corresponding wavelengths [46].

Element Wavelength (nm)
H 486.1(Hg), 656.3(H)
N (D) 742.4,744.2,746.8, 818.8, 821.6, 824.2, 862.9, 865.6
N 1I) 500.5, 568.6
o 715.6,777.2,777.4,777.5, 844.6, 926.4
c@ 247.8,795.2, 906.2, 940.6
Mg (II) 279.8,280.3
Ca (1) 422.6, 428.3%, 428.9%, 430.2%, 431.9%, 442.5%, 443.6%,
445.5%, 559.4%, 612.2%, 616.2%, 643.9%, 646.3%, 649.4*
Ca (I) 315.9, 317.9, 393.3, 396.8
Na (I) 589.0
K@ 766.5, 769.8

*Spectral lines observed only in lyophilized powder milk; I: Atomic; II: Ionic.
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In the study by Moncayo et al. [48], LIBS was combined with NN for both qualitative and

quantitative analysis of milk adulteration. The authors applied chemometric tools, NNs and Principal
Component Analysis (PCA), alongside LIBS data, which were collected using a Q-switched
Neodymium-doped (Nd): Yttrium Aluminium Garnet (YAG) laser (Quantel Brio model) operating
at 1064 nm. The application of NN on the LIBS data enabled the development of predictive models
with high accuracy in detecting adulterated milk samples and for the estimation of the melamine
content. Neural networks incorporation significantly enhances LIBS utility as a non-invasive, real-
time technique for milk quality assessment and fraud detection, offering a powerful tool for dairy
industry applications. Adulteration in whey milk powder was also investigated by Bilge et al. [49];
an 80.5% discrimination rate between powdered milk, whey, and demineralized whey was achieved,
while, the correlation coefficients (R?) for adulteration with sweet and acid whey were 0.981 and
0.985 respectively. In the study by Abdel-Salam et al. [50], the quality of maternal milk and
commercial infant formulas were evaluated, using samples of maternal milk and formula samples
from 6 popular commercial products. Using the acquired spectra and by comparing the intensities of
the spectral lines in the samples, the authors concluded that maternal milk had higher overall
nutritional value compared to the formulas, while it was found that younger mothers produced
higher quality milk.
In a more recent study by Abdel-Salam et al. [51], quality traits of 300 milk samples, derived from 99
dairy cows (with and without mastitis), were assessed using LIBS. From these samples, forty samples
were selected, based on the SCC measurements, to be further used for in-depth LIBS analysis. It was
found that subclinical and clinical mastitis was associated with a lower milk quality, particularly
regarding the protein and lactose content. Furthermore, a robust positive correlation between the
LIBS spectral scores and SCC was observed, underpinning the potential exploitation of LIBS as a
quick and efficient way to monitor milk quality on-site and as a diagnostic tool for the early detection
of mastitis-induced changes in milk.
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Wavelength No of Accuracy
Type of milk sample Origin of milk Application R? RMSE/SEP Ref.
(nm) samples (%)
534.9 Ca 0.92 2614 mg kg sep
766.5 powder 23 retail K 0.80 1549 mg kg1 sep [44]
285.2 Mg 0.91 91 mg kg sep
Laser excitation: liquid, ashed major mineralst
ND cowR, goatR, sheepR - - - [46]
1064 & 532 L/ph powder minor minerals*t
181 -904 powder 5 infant formula Ca 0.85 pr 0.68 mg/g » - [52]
. 60 maternal composition quality
200 - 700 dried . - - - (501
ND infant formula (Mg, Ca, Fe, Na)
fat, protein,
200 -900 liquid 300 cow lactose, SNF, - - - [51]
density, SCC
liquid 1296 . . 92.8
200 - 1000 cow, goat, sheep milk origin - - [47]
L/ph powder 683 95.5
Mg, Ca, Na, K spectral liquid 1296 . o 87.6
. cow, goat, sheep milk origin - - [47]
lines L/ph powder 683 92.9
~185-1048 powder 50 vetch root milk origin - - 73.1 [53]
melamine?, 0.99 98
190 - 450 blended powder 12 cowR, goatR, sheepR - [48]
p/b clss. (melamine) (clss. rate)
sweet wheyA 0.981
540 -900 powder 36 cow - - [49]
acid wheyA 0.985
13 cow . . .
caprine adult. with bovine 0.993 4.53 ug mL1)
186 —900 gel 13 goat . . . - [54]
ovine adult. with bovine 0.995 3.56 ug mL1)
14 sheep
93.9 (SVM)
196 - 874 powder 25 infant formula exogenous protein - - [55]
97.8 (CNN)

RZ: Coefficient of determination, RMSE: Root Mean Square Error, SEP: Standard error of prediction, ND: Not Defined, L/ph: Lyophilized, SNF: Solids-Not-Fat, SCC: Somatic Cell Counts, SVM: Support Vector Machines, CNN:

Convolutional Neural Network, p/b: pure/blended, clss : classification, * Major minerals: (Ca, Na, Mg, K), ** Minor minerals: (P, Zn, Cu, Si), R: retail, p: RMSEP (root mean square error of prediction), pr: prediction, #: adulteration.
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4.4. Infrared (IR) Spectroscopy

Since the physicochemical properties of milk determine its spectrum, affect its intrinsic quality
and nutritional value, and are related to the health and welfare of ruminants, IR spectroscopy
provides a rapid and cost-effective method for measuring/predicting/diagnosing the above [56]. Over
the past few decades, simple visible and NIR spectroscopy have been widely utilized to measure milk
composition, as well as to monitor milk quality in dairy farms and milk-processing plants [57,58]; in
particular, they have proven valuable technologies in laboratory settings for the evaluation of the fat,
protein, and lactose content in raw milk [59]. Moreover, infrared thermography has been used as a
diagnostic tool for udder health assessment and mastitis detection in dairy ruminants [60].

Milk exhibits absorption when it is illuminated; this phenomenon is governed by the Beer-
Lambert's law (4) and is explained by Swinehart [61] as below:

A=l0g10(170)=d*£*c 4)

The absorbance (4) depends on the optical path length (d) in (¢m), molar absorptivity (€) in
(L/(mol * cm)), and analyte concentration (c) in (mol/L). The output of these elements can also be
estimated by the logarithm response (logio) of the ratio between the intensity of incident light (/o) and
the intensity-transmitted light (I). Then, the concentration of different milk components (fat, protein,
lactose, etc.) can be estimated by computing the absorbance. Absorption properties of milk in the IR
region of the spectrum are determined by the presence of certain chemical groups, such as methylene
group (-CH), hydroxyl group (-OH), and amino group (-NH), which are responsible for the vibration
spectra in the NIR part of the spectrum; primary components of milk, such as fat (2340, 2310, 2270,
1780, 1730, 1720 nm), casein (2790, 2340, 2310, 2100, 1980, 1820, 1780, 1730, 1720, 1680, 1450 nm), and
lactose (2340, 2100, 1820, 1450 nm) demonstrate distinct bands [57].

4.4.1. Near-Infrared Spectroscopy (NIRS)

Near-Infrared spectroscopy is the study of the light's emission, absorption, and reflection at the
NIR region of the spectrum. This non-destructive technique uses the IRportion of the electromagnetic
spectrum (which is approximately between 750 and 2500 nm), to analyze the physical, chemical, and
other properties of various materials. Through a multi-analytical approach, NIRS allows the
simultaneous and accurate prediction of multiple elements [8,62]. Thus, NIRS applications have
increased significantly in the last few years compared to other traditional laboratory analytical
methods due to its higher speed and accuracy, as well as its non-destructive nature and affordability
[63].

4.4.1.1. Applications of Near-Infrared Spectroscopy in the Dairy Industry

Guidelines for utilizing NIRS as an offline analytical tool for the evaluation of milk quality were
published in 2006 by the International Dairy Federation (IDF) and the International Organization for
Standardization (ISO) [64]. These guidelines were updated in 2020 to cover a broader range of milk
and dairy products, including liquid, semi-solid, and solid forms thereof [65]. Near-Infrared
spectroscopy applications across the milk chain are divided into four categories, namely off-line
(laboratories), at-line, on-line and in-line installations (Figure 9) [14].
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NIR Analysis Methods and Their Integration into Production Processes

Off-line In-line

) = EmaE e Y

Directly integrated
a { into the production
5 line allowing real-

I :g ~ 1| time measurements.

Samples are manually g = ‘ - |
removed from the production : s L
line to QA/QC labs for testing. &
(> z o . d
S ?: o
% S At-line
On-line < i R
/
=
A by-pass is used to divert materials from the ] Samples ffO_m th.e process
main process stream for analysis. line are examined in a station
in the facility.

Figure 9. Near-Infrared Spectroscopy analytical methods and their integration into production
processes.

o  Off-line: NIRS systems are located in quality assurance/quality control (QA/QC) labs; samples
are manually collected from the production line for testing.

e  At-line: Samples are collected from the milk-processing line and tested using NIRS systems
which are positioned near the line.

e  On-line: NIRS systems are located at the sampling point; a sample bypass is used to divert
materials from the main process stream to be analyzed by the NIRS systems.

e In-line: NIRS system is directly incorporated into the production line, utilizing various sampling
techniques that allow real-time measurements.

In contrast to off-line and at-line methods, which involve manual sampling and subsequently
delays between sampling and measurement [14], on-line and in-line installations of NIRS provide
real-time automatic data collection, reducing manual handling and enabling continuous monitoring
and data recording. Real-time NIRS systems can also be integrated into industrial control platforms
like Supervisory Control and Data Acquisition (SCADA) systems, enabling the continuous
optimization of the processes; however, this integration may encounter technical and cost-related
challenges [14].

This review focuses mainly on off-line (benchtop) techniques and in-line (portable/handheld
instruments).

4.4.1.2. Near-Infrared Spectroscopy Systems for Milk Analysis

Near-Infrared spectroscopy systems have been studied and extensively used in laboratories for
analyzing key milk components. For instance, Albanell et al. [66] employed NIRreflectance
spectroscopy to predict quality parameters in goat milk, analyzing 166 samples to determine fat,
protein, casein, total solids (TS), and SCC. Similarly, Revilla et al. [67], evaluated the content of
different FAs and vitamins A and E using NIR reflectance spectroscopy on 219 ovine milk samples
while, Holroyd et al. [68] summarized the NIR bands linked to distinct chemical components in a
range of dairy products. Table 2 shows the corresponding wavelengths for the measurement of
specific compounds in liquid milk.
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Table 4. Liquid milk NIR band assignments [68].

Compound Assignment Wavelength (nm)
N-H, protein 904, 1014, 1031, 1720, 1758, 2196, 2296, 2334 [69,70]
O-H, C-H lipids 2076, 2376 [69]
Carotenoids 400 - 700 [69]
O-H, water 1454, 1984, 1953 [71]
O-H, N-H 1953, 2048 [71]
Attributed to high somatic cell count 782, 788, 908, 980, 1068 [72]

Aernouts et al. [59] evaluated two distinct spectroscopy measurement modes, reflectance and
transmittance, as well as a range of Vis and NIR wavelengths to analyze raw cow’s milk composition
in fat, protein, lactose, and urea. Based on their findings it was concluded that reflectance
outperforms for measuring crude protein and fat, with R%reaching 0.997 and 0.959, respectively. The
prediction capacity of lactose was weaker in the case of reflectance, R? =0.706, while in transmittance
mode the prediction reached R?=0.883. However, neither mode provided acceptable predictions for
the urea content. In another study, Coppa et al. [73] employed NIRS in reflectance mode to predict
milk FAs profile in both liquid and dried milk samples, originating from 419 individual cows. The
spectra were obtained by a Foss NIRSystems 6500 NIR scanning spectrometer (Foss NIRSystems,
Silver Spring, MD, USA) and the scans were conducted in 2 nm intervals from 400 to 2498 nm. The
total saturated fatty acids (SFA), total mono-unsatturated fatty acids (MUFA), and total unsaturated
fatty acids (UNSAT) were predicted with success for liquid and dried milk samples. In that study,
values of coefficient of determination in cross-validation (R2CV), coefficient of determination in
external validation (R?V), and ratio of standard deviation of reference data in the calibration set to
residual predictive deviation (RPD) ranged from 0.89 to 0.97, 0.86 to 0.95, and 2.93 to 6.25,
respectively. Nufez-Sanchez et.al. [74] used both reflectance and tranflectance mode of NIRS to
determine the milk fatty acid profile in goats. In reflectance mode, 805 oven-dried samples were used,
with the fatty acids’ coefficients of determination of cross validation ranging from 0.80 to 0.47. On the
other hand, for transflectance mode 220 liquid and equal number of oven-dried milk samples were
used. In that case, the coefficients of determination of cross validation ranged from 0.11 to 0.79 for
liquid samples and from 0.23 to 0.78 for oven-dried samples, with the spectra for reflectance and
tranflectance in spectral regions ranging from 400 to 2500 nm.
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Table 5. Near-Infrared Spectroscopy (NIRS) applications and performance.

Wavelength .Type of No of Orig.in Application R? RMSE/SEP Accuracy Ref.
(nm) milk sample  samples of milk (%)
refl tranms refl tranms
1000 — 1700 1 o fat . 0.997 0.997 0.047%» 0.043%p
1000 — 2500 s liquid 300 cow crude protein 0.959 0.927 0.099% » 0.133%» - [59]
lactose 0.300 0.768 0.282%p 0.162%p
urea - - - -
fat 0.98 Hm, r 0.98 um, r
. protein 0.96 Hm, r 0.95 um, r
1445 — 2348 Eg‘:lij Elx 166 goat casein 091mir  0.92umr ] - [66]
total solid 0.94 1m, r 0.95 um, r
SCC 0.79 am, R 0.74 um, r
fat 0.998 0.09%ser
protein 0.98 0.05% sep
851 — 1649 liquid 785 cow lactose 0.92 0.06%str - [27]
urea 0.82 19.3 mg/L sep
SCClog 0.85 0.18 sep
1500 — 2500 powder 409 retail protein 0.966 p 0.547% » - [75]
700 — 1100 liquid 384 cow scC 0.76 - - [72]
carotenoids 0.09 - 0.63 0.01 - 0.15 ug/mL sep
400 - 2500 liquid 242 cow vitamins 0.01 -0.69 0.15 ug/mL - 611.82 pg/mL ser - [76]
FAs 0.07-0.96 0.12 - 4.13 g/100g stp
400 — 2498 oven dried 805 goat FAs 0.80 - 0.47 0.06 —2.99 g/100g ser - [74]
liquid 220 0.11-0.79 0.05 - 2.81 g/100g stp
400 - 2498 o oven dried 220 goat FAs 0.23-0.78 0.05-3.35 §/1oo§ - j [74]
liquid 0.00-0.91 % 0.11 -3.93 g/100g ser
400 - 2498 overcll—dried 468 cow, bulk FAs 0.20-0.95, 0.03-3.25 §/1oo§ sep ) 73]
liquid 0.29-0.92 0.08 — 2.34 g/100g ser
400 - 2498 over?—dried 215 cow FAs 0.46 — 0.97 » 0.05-1.00 z/loog sep ) [77]
600 — 1100 liquid ND retail pH - 0.031 pH unit 88.0-93.0 [70]
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~1100 - 2500 powder 50 vetch root milk origin - - 91.5 [53]
liquid 690
1100 - 2500 powder 660 retail melamineA - - - [78]
infant formula 660
1000 - 2500 powder 110 infant formula melamine# - 0.28-0.31 % p - [79]
ttering i IR
1000 — 2500 liquid 150 cow scattering in N ; - - [71]
absorption
liquid: 79.0
liquid summer milk dried: 89.0
11002498 dried 219 sheep winter milk ) ] liquid: 78.0 [67]
dried: 93.0
400 — 2498 oven-dried 486 cow cow feeding-type - ; 91.5-955 [69]

classification
R?: Coefficient of determination, RMSE: Root Mean Square Error, ND: Not Defined, , SCC: Somatic Cell Count, FAs: Fatty Acids, Acc: Accuracy im: Homogenized milk, uv: Unhomogenized milk,
r: correlation coefficient, ser: Standard Error of Prediction, »: RMSEP (root mean square error of prediction), ".: NIRS reflectance, ##.: NIRS transflectance, ##"s.: NIRS transmittance, v: validation,

A; adulteration.
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4.4.1.3. Handheld and Portable Near-Infrared Spectroscopy Systems

Handheld and portable NIRS systems, have enabled real-time milk analysis in dairy farms,
facilitating the rapid, non-destructive, monitoring of milk composition at the POC. They are small-
sized, portable devices with a remarkable analytical capacity of critical milk compounds such as fat,
protein, and lactose, without requiring sample pretreatment or extensive laboratory testing. For
example, the Polychromix PHAZIR™ (PhIR, Phazir 1624, Polychromix Inc., Wilmington, MA, USA)
is a MEMS (micro-electro-mechanical system) incorporating a digital transform spectrometer that
operates in reflectance mode within the wavelength range of 1600 to 2400 nm. Llano Sudrez et al. [80]
used this spectrometer to monitor the FAs content in 108 raw, untreated, cow milk samples at room
temperature. The standard normal variate and Savitzky-Golay derivatives (first and second) were
used as mathematical pretreatment, while spectral pretreatment was applied, and PCA was
employed to eliminate outliers. Partial least squares (PLS) were used to build the regression model,
and the highest R? values for external validation were obtained by linoleic and capric acids (0.92 and
0.87, respectively). Another application of the portable NIRS devices refers to their capacity to
discriminate between organic and non-organic milk; for this purpose, Liu et al. [81] used an ultra-
compact spectrometer (Micro-NIR 1700, JDSU, Milpitas, CA, USA) operating between 908 and
1676 nm, with a sampling step of 6 nm. Although the results were useful for an initial on-site analysis,
they were outperformed by the Fourier transform (FT)-NIR spectral data produced by benchtop NIRS
instruments like the NIRFlex N-500 (Buchi AG, Flawil, Switzerland). Nevertheless, portable NIRS
instruments exhibited promising performance for rapid evaluation of the composition and quality of
milk at the POC. In another study, de la Roza-Delgado et al. [82] utilized a similar handheld
spectrometer (MicroPHAZIR™ from Thermo Scientific) to measure protein, fat, and solids-non-fat
(SNF) in cow milk. The calibration models, based on 552 milk samples, showed excellent predictive
accuracy for fat, protein, and SNF content. A significant output of this research was the capability to
successfully share calibration data between various operation units, demonstrating the suitability of
portable NIRS instruments for applications related to the dairy industry. During an 8-week study, on
a cattle farm, Diaz-Olivarez et al. [83] collected over 1000 NIR transmittance spectra demonstrating
the technology's feasibility for extensive, real-time milk analyses; for that study, an online analyzer,
operating between 960 and 1690 nm was used. Each milk sample was measured 100 times with 100-
ms integration time, while an average spectrum was used for predictions. Two predictive models
were developed: a post-hoc model trained on a representative set of samples (n = 319), and a real-
time model using the first week’s samples for training and the remaining seven weeks for testing the
model’s performance. For the post-hoc and the real-time models, the root-mean-squared error of
prediction (RMSEP) was less than 0.080% and 0.092%, respectively. The post-hoc R? values for fat,
protein, and lactose were 0.989, 0.689, and 0.947, respectively, while the real-time R? values were
0.989, 0.644, and 0.894, respectively. The integration of this system into automated milking systems
appears promising, as it allows for the monitoring of each individual cow's milk quality during
milking.
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Wavelength .Type of No of Origin of milk Application R? RMSE/SEP Diagnostic Ref.
(nm) milk sample samples performance
1600 — 2400 liquid 108 cow FAs 0.01-0.92 0.01 - 1.57 g/100g sep - [80]
Se: 59.0%
908 - 1676 liquid 87 retail claii/fgaion - - Sp: 81.0% [81]
Acc: 73.0%
fat 0.971 0.126 % sep
1600 - 2400 liquid 542 cow protein 0.758 0.124 % sep - [82]
SNF 0.612 0.221% sep
= 1600 — 2400 powder 110 infant formula melamine? - 0.33-0.35%p - [79]
= 1100 — 2200 powder 110 infant formula melamine? - 0.27-0.30 % p - [79]
fat 0.989 p n 0.989 p_ph 0.083p.r*  0.078p_ph*
960 — 1690 liquid 1270 cow protein 0.894 p 0.947 p_ph 0.110ps+  0.080p_ph* - [83]
lactose 0.644 p 1 0.689 p ph 0.092px+  0.077p_ph*
fat 0.88 0.08 % wt p
800 — 1060 liquid 81 cow casein 0.89 0.13 % wtp - [84]
whey 0.91 0.07 % wt p

R?: Coefficient of determination, RMSE: Root Mean Square Error, ND: Not Defined, O: Organic, NO: Non-Organic, Se: Sensitivity, Sp: Specificity, Acc: Accuracy, SNF: Solids-Not-Fat, FAs: Fatty

Acids, p: RMSEP (root mean square error of prediction), ser: Standard Error of Prediction, p_s: prediction real-time, p_ph: prediction post-hoc, 4: adulteration- % wt/wt.
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4.4.2. Mid-Infrared Spectroscopy (MIRS)

Mid-infrared spectroscopy was one of the first methods employed for the analysis of milk to
detect trace amounts of adulterants like urea and synthetic milk [85], due to its high predictive
accuracy. Mid-Infrared Spectroscopy principles are similar to the ones described for NIRS with
regard to absorption, emission, and reflection; however, they refer to the Mid-Infrared region of
electromagnetic spectrum, from 10 um to 2.5 pm. Mid-Infrared spectroscopy estimates the vibrational
modes of molecules for the identification and measurement of a broad range of chemical compounds.
It is based on the absorption of light energy by the molecular bonds, which makes them vibrate, bend,
or stretch in the MIR spectrum in a process which reveals precise details about the chemical
composition and structure of the tested substance.

Since MIRS was introduced as a useful tool for the chemical analysis of milk, several studies
have exploited it for analytical purposes. For example, Etzion et al. [86] investigated the protein
content in raw cow milk using MIR total reflectance spectroscopy; for their experiments they used
235 spectra of raw milk, the Foss Milkoscan 605/255 as “gold standard” and a Vector 22
spectrophotometer (Bruker, Inc. Ettlingen, Germany) to obtain their measurements. Finally, they
used two statistical methods for protein content estimation i.e. i) PLS and ii) PCA followed by a NN.
Their tests resulted in 0.22% prediction error using PLS and 0.20% using the NN based exclusively
on the PCA, while they managed to reduce this error to 0.08% when they included the fat and lactose
concentrations in the model. Moreover, Dabrowska et al. [87] utilized MIRS and an experimental set
up to estimate the intensity reduction of the light transmitted through a milk sample at different
frequencies; the goal was to identify and quantify proteins in the sample. A tunable quantum cascade
laser was used (Hedgehog, Daylight Solutions Inc.,, San Diego, CA) to record the broadband
absorption spectra in the region between 1470 and 1730 ¢m™. Finally, PLS was performed for the
multivariate quantification of protein. The R? values obtained were > 0.98, indicating a satisfying
overall performance of the laser. Another study that used MIRS and specifically transmittance data
points obtained by Milkoscan FT6000 (Foss Electronics) was performed by Frizzarin et al. [88]. The
main objective of this research was to examine various technological properties of milk, such as
detailed protein fraction, casein micelle size (CMS), and pH, with a particular emphasis on the
utilization and assessment of ML techniques (NNs, SVM, Random Forest, etc.). The prediction
accuracy was 0.62 with R?=0.08, and 0.80 with R?=0.65 for CMS and pH, respectively. For protein
traits the accuracy and R? measurements ranged from 0.42 and 0.19 for B-lactoglobulin A (B-LG A)
to 0.48 and 0.47 for a,;-CN, respectively. Mid-infrared spectroscopy was also employed by De
Marchi et al. [89] to predict coagulation properties, titratable acidity, and pH of bovine milk. Spectral
data were acquired from 1064 liquid samples in the spectral range of 900 to 4000 cm™! using a Milko-
Scan FT120 FTIR interferometer. The predictive models developed through this work were able to
discriminate between high and low values of pH (R?= 0.59) and rennet coagulation time (RCT) (R?=
0.62). Finally, an approximate prediction was also given by the titratable acidity models (R?= 0.66).

In their review, De Marchi et al. [90] focused on the ability of MIRS to predict a variety of
phenotypes by milk analysis such as i) milk FAs profile, ii) coagulation properties and acidity of milk,
iii) milk protein fraction and mineral composition, and iv) health and energy status through ketosis
prediction. Furthermore, the importance of chemometric analysis (e.g. PLS) is underlined for the
successful prediction of the above-mentioned traits. Finally, the potential use of MIRS in the future
for the prediction of additional traits is discussed, as well as the likelihood of being utilized for milk
recording protocols integrated into selective breeding programs. In another review by Ceniti et al.
[91] the use of MIRS for the determination of adulterants in milk as well as the plethora of other
applications such as, identification of milk origin, detection of toxins, and detection of drug residuals
and other chemical are thoroughly presented and discussed.

d0i:10.20944/preprints202411.0204.v1
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Table 7. Mid-Infrared Spectroscopy (MIRS) applications and performance.
Wavelength .Type of No of Origin of milk Application R? RMSE/SEP Accuracy Ref.
(em™1) milk sample  samples (%)
PLS: 0.22%
1000 - 4000 liquid 235 cow protein - - [86]
NN: 0.08%
1470 - 1730 L/ph powder ND cow protein 0.974 . 0.765 mg mL" - [87]
400 — 4000 powder 409 retail protein 0.990 pr 0.294% » - [75]
All MIR excluding: CMS 0.08 25.286 mm 0.62
1600 — 1710 L H 0.65 0.061 pH unit e 0.80
2990 — 3690 liquid 730 cow proteIi)n traits 0.19 - 0.47 0.255 —?.759 g/L o 041048 1]
> 3822 RCT 0.50 6.397 min « 0.75
carotenoids 0.01-0.50 0.01 - 0.19 ug/mL sep
525 - 4000 liquid 242 cow vitamins 0.02-0.40 0.15 pg/mL - 907.3 pg/mL sep - [76]
FAs 0.01-0.34 0.13 —12.63 g/100g sep
1000 - 5000 liquid 215 cow FAs 0.33-0.94» 0.06 —1.14 g/100g ser - [77]
RCT 0.62 2.36 min c
900 — 4000 liquid 1064 cow titratable acidity 0.66 0.26 SH/50 mL e - [89]
pH 0.59 0.08 Ph unit
liquid 690
500 - 4000 powder 660 retail melamine? - - - [78]
infant formula 660
1450 — 1600 liquid 310 retail (w,sm, su, u,hp)  0.96,0.94, 0.98, 0.98, 0.90 (2.33,0.06, 0.41, 0.30, 0.01) g/L ser - [85]

R?: Coefficient of determination, RMSE: Root Mean Square Error, ND: Not Defined, PLS: Partial Least Squares, NN: Neural Networks, L/ph: Lyophilized, RCT = rennet coagulation time, FAs:
Fatty Acids, Acc: Accuracy, CMS: Casein Micelle Size, RCT: Rennet Coagulation Time p: RMSEP (root mean square error of prediction, «: RMSE of cross validation, ser: Standard Error of Prediction,
c: cross-validation, v: validation, p: prediction, w: whey, sm: synthetic milk, su: synthetic urea, u: urea, hp: hydrogen peroxide, A: adulteration.
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4.5. Other Spectroscopy Methods

Beyond the above-mentioned methods, there are more spectroscopic methods that have been
utilized for milk analyses such as Fourier transform infrared (FTIR), fluorescence, and UV absorption.
As noted by Fox et al. [92], milk absorbs light between 200 and 380 nm due to its protein content.
Furthermore, there is a correlation between the percentage of fat in the milk and the light absorption
measured between 400 and 520 nm. These wavelengths are in the UV/Vis region of the
electromagnetic spectrum and consist of a primary example of how different techniques can be
applied to milk analyses.

Similar to other IRspectroscopy methods, FTIR spectroscopy is used to measure the IR spectrum
of materials' absorption or emission. It is a type of MIRS that enables the quick scanning of the MIR
region of the spectrum [91]. The technique is called FTIR spectroscopy due to the Fourier
transformation used to convert the raw data into the actual spectrum. This method has been used by
several researchers for the study of milk compounds. Among them, Nicolaou et al. [93] used FTIR to
detect and quantify milk originating from different ruminant species. In that study, a Bruker Equinox
55 infrared spectrometer was used to acquire approximately 400 spectra of milk mixtures; after
developing a set of multivariate analyses FTIR demonstrated promising results with regard to the
measurement of milk compounds such as casein and urea [94].

In the study by Fragkoulis et al. [95], FTIR reflectance, fluorescence, and UV absorption, were
applied to determine the milk fat content and the ruminant species of milk origin in 23 commercial
milk samples, including 11, 9, and 3 bovine, caprine, and ovine samples, respectively. The study
achieved 96% accuracy in determining milk fat content using UV absorption, and 91% accuracy when
combining UV absorption and fluorescence for identifying the ruminant species the milk originated
from.

Fluorescence has a variety of applications in the dairy industry mainly on dairy products rather
than in the raw milk analyses [96,97]; for example, an application on the determination of melamine
used to reveal adulteration in milk has been studied by Barreto et al. [98]. Melamine’s use as milk
adulterant for testing, specifically targets to evaluate the performance of milk protein adulteration,
due to the melamine’s high nitrogen content and water solubility.

Visible spectroscopy has also been exploited by Aernouts et al. to evaluate milk’s composition
[59], while in a relevant study by Bogomolov et al. [99] visible light scatter was applied to quantify
milk fat and protein content; RMSE values equal to 0.05% and 0.03% were observed for milk fat and
protein contents, respectively, concluding that visible spectroscopy could be successfully applied in
both laboratory and in-line/POC measurements to replace traditional NIR methods.

Moreover, Yang et al. [100] designed and evaluated a portable milk analyzer using a miniature
UV/Vis spectrometer. The UV/Vis absorption spectra were collected, and PLS algorithms were
developed for the prediction of fat, protein, lactose, and TS contents in high-pressure homogenized
and in raw milk samples. Concerning raw milk, the results were promising but obviously less
accurate compared to the ones achieved by homogenized samples.
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Wavelength
Spectroscopy & .Type of No of Origin of milk Application R? RMSE Accuracy Ref.
Method (nm) milk sample  samples (%)
6.40%
600 — 4000 o cowr, 3 092 ’
FT-IR (em™) liquid 63 goatR, composition 0.93 5.61%, - [93]
cm
sheep® 0.96 3.98*,
_ R R 78.0
FT-IR 400 4_1?00 liquid 23 cowR, goatR, fat Conten't . ) i [95]
(em™) sheepR animal of origin 74.0
R R fat tent 96.0
Ultraviolent 220 - 400 liquid 23 cow?, goatty Jatcontent ; ; [95]
sheepR animal of origin 91.0
240 - 500 exc R goatk, fat content 70.0
Fluorescence 0-500 liquid 23 cow goa Jatcontent - - [95]
290 — 750 em sheepR animal of origin 91.0
250 — 380 exc o ) o 76.9
Fluorescence liquid 40 cow milk origin clss. - - [101]
280 — 640 em 70.4t
carotenoid 0.01-0.54 0.01-0.17 p.g/mL SEP
Fluorescence 250 — 550 exc liquid 242 cow vitamins 0.03-0.17 0.17 ug/mL - 918.32 pg/mL sep - [76]
FAs 0.01 = 050 0.15-13.76 g/100g stp
240 — 260 exc o ) ) 0.97t PARAFAC: 68.6 ppm p
Fluorescence 320 — 440 oo liquid 12 retail melamineA 0.95H U-PLS/RBL: 81.9 ppm , - [98]
330 exc o heat treatment
Fluorescence 420 liquid 23 ND discrimination >0.95 - - [102]
250 — 350 exc izati
Fluorescence liquid 30 cow characte%'lzatlor} of - - - [103]
260 — 500 em pasteurized milk
refl trans refl trans
400 — 1000 e o 0.978 0.395 0.11%p 0.629%p
Visible liquid 300 COW fat - [59]
400 — 1000 trans . 0.861 0.687 0.18%p 0.274%p
crude protein
lactose 0.557 0.111 0.22%p 0.317%p
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urea - - - -

Visible light o . fat 0.973 0.047%
400 - 1000 liquid 21 retail . - [99]

scatter protein 0.964 0.032%

. liquid FR 240 fat, protein, lactose, Liquid FR 0.13%p — 0.46% »
UV/iVis 185667 widHPH 240 cow TSC ] HPH FR 0.09%  — 0.27% ) [100]
Fusion ~ 185 - 2500 d 50 tch root ilk origi - 958  [53

NIRS-LIBS = powder vetch roo milk origin - . [53]

R?: Coefficient of determination, RMSE: Root Mean Square Error, ND: Not Defined, Acc: Accuracy, FR: Fresh Raw, HPH: High-pressure Homogenized, TSC: Total Solids Concentration FAs: Fatty
Acids, clss: classification R: retail, * percentage volume, ,: RMSEP (root mean square error of prediction), ©.: excitation, ¢.: emission, "*.: Visible reflectance, .: Visible transmittance, »: validation,
A:r adulteration *: based on aromatic amino acids and nuclei acids fluorescence spectra, **: based on rivoflavin fluorescence spectra, ***: predicted x reference concentration correlation coefficient, -
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4.6. Benchmarking of Spectroscopy Methods

To accurately assess the efficiency of each spectroscopy method benchmarking on the same
implementation is critical. For instance, Domingo et al. reviewed in their paper [104] the capacity to
detect melamine in milk using MIR, NIR and Raman spectroscopy; they concluded that Raman must
be further studied, as it is likely to effectively detect and quantify melamine content, but there is still
a demand for further work to elucidate its diagnostic value. Concerning MIRS and NIRS, they both
produced similar results with the PLS being the most used method for analyzing the data and
comparing the methods. Similarly, melamine detection using MIRS and NIRS has been examined by
Balabin et al. [78], who also concluded that both techniques are suitable for this application resulting
to a limit of detection lower (LOD) than 1 ppm (0.76 + 0.11 ppm), while Wu et al. [75] found NIRS
and MIRS to have very similar performance when utilized for milk protein measurement, with R?
being 0.966 and 0.990 and the RMSEP being 0.5473 and 0.2944, respectively.

Comparisons between NIRS, MIRS, and molecular fluorescence was the primary focus of the
study by Soulat et.al. [76]; in their research they aimed to determine the best method to predict
carotenoid, vitamin and FAs content in bovine milk. Fatty acids and some carotenoids (cis9-f-
carotene, B-cryptoxanthin and zeaxanthin) were more efficiently predicted using NIRS, whereas
other carotenoids (13-p-carotene, the sum of -carotenes) were better predicted by fluorescence.
Nevertheless, the prediction capacity of vitamins was relatively poor, irrespective of the method
used. Moreover, in the same study, MIRS outperformed the other methods when used for the
prediction of lutein and a-tocopherol. A broader comparison between fluorescence, MIR, and NIR
spectroscopy was presented in the review by Loudiyi et al. [94] who concluded that fluorescence
spectroscopy is more sensitive compared to absorption measurements due to the zero background of
the measured signal. However, it is worth noting that only one device has been developed by
Spectralys Innovation (Amaltheys®) and has been proposed for the dairy industry, in contrast to IR
spectroscopy where more industrial applications are available as being faster and cheaper. Indeed,
as Loudiyi et al. [94] discussed, the objective of many of the available studies was to create a real-time
milk analysis system, rather than actually test its capacity to perform the measurements under real-
world conditions.

The idea of combining spectroscopy methods is an innovative approach that expands the
applicability of spectroscopy and marks new research pathways to explore, with the fusion of
spectroscopy techniques being already exploited in some cases. A successful example is described by
Eum et al. [53] who combined NIRS and LIBS to identify the origin of milk, with remarkably positive
results. When the two methods were individually considered, accuracy values were 91.5% and 73.1%
for NIRS and LIBS, respectively, whereas when the two methods were jointly considered, the
accuracy reached 95.8%.

5. Machine Learning Principles

Sophisticated analytical tools are necessary to extract meaningful insights from the massive
amount of data generated by spectroscopy techniques such as Raman, LIBS, NIRS, and MIRS. Among
them, ML algorithms have been efficiently utilized for the improvement of these spectroscopic
techniques' predictive capacity. Indeed, with the integration of ML models, including regression
analysis, NN, and SVM in spectroscopy systems, scientists have achieved more precise and effective
predictions for milk composition, quality, and adulteration. The following sections will explore how
ML algorithms are applied to the data acquired from spectroscopy techniques, offering new potential
for the precision management of dairy farms and real-time milk analysis.

Automated monitoring and recording tools and Al are basic components of the PLF systems and
can be used to efficiently address production, health, and welfare challenges by indicating early signs
of potential production challenges, management errors, and diseases in dairy farms [105]. Artificial
Intelligence, is defined by Kaplan and Haenlein as ‘the ability of a system to accurately interpret
external data, learn from it, and apply that knowledge to achieve specific goals and tasks through
flexible adaptation’ [106]. Therefore, Al employs knowledge-based rules (supplied by developers) or
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recognizes the rules and patterns that underpin the application of ML to drive systems to predefined
objectives. It also acts on external information from Internet of Things (IoT) platforms and other big
data sources [107].

The two types of data modeling currently utilized by PLF systems as Al components are the
predictive and the exploratory ones. Predictive models use data to forecast future events based on
predefined criteria, while exploratory models analyze past events to identify key determinants [3].

Modeling-based approaches that involve the collection and analysis of data, risk assessment,
and ML are frequently seen, and ML algorithms have been extensively integrated into modeling and
simulation modules for the analysis of data collected by livestock sensors. Therefore, the volume of
data being collected by livestock farms via PLF monitoring systems has significantly increased lately,
necessitating the training of ML algorithms to automatically generate efficient DSS [107].

Data processing and analysis techniques are divided into two primary categories: 1) modeling
and simulation-based techniques, and 2) ML and data analytics algorithm-based techniques.
Combining these techniques significantly improves the efficiency and reliability of DSS. In fact, the
integration of data analysis, ML, simulation, and modeling tools broadens the scope of this data-
driven strategy; once data are collected, they are appropriately analyzed to produce information
about the current state of the farm and support relevant management interventions (Figure 10). The
process begins with simulating a ruminant farm in a controlled environment. However, simulation
on its own is insufficient because of the complexity of actual ruminant farms [108]. In order to bridge
the gaps and provide holistic and targeted solutions, ML and other data analysis techniques are used

[107].
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Figure 10. Supervised ML process of data.

Digital livestock farming systems support evidence-based animal production, as well as the
health and welfare of farm animals, relying on data, collected from biometric and biological sensors,
which are then appropriately analyzed to create predictive models [3]. Farmers may increase the
health status of their animals and the sustainability of their farms by using real-time data analysis to
make informed decisions based on the processing of large-scale, sensor-derived data [109]. These
datasets function as the foundation for ML algorithms, which analyze them to improve the diagnostic
and predictive system performance and enable the development of automated DSS [3,110,111].

In PLEF, the main categories of ML refer to supervised learning, unsupervised learning, active
learning, generative adversarial networks (GANs), and few-shot learning. Among these ML
categories, supervised learning has been mostly utilized on dairy ruminant and milk analysis
applications. This is associated with the capacity of the supervised models to be trained on a dataset
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that includes both inputs and their corresponding outputs (labels), aiming in achieving the correct
interrelation mapping between them.

Supervised learning comprises various methods concerning model training with labelled data.
Regarding milk analysis, the most applied methods are linear regression, LR, DTs, Random Forest
(RF), SVM, k-NN, Naive Bayes (NB), GBM, AdaBoost, NN, Linear Discriminant Analysis (LDA), PLS,
and Partial Least Square Regression (PLSR). The main supervised ML algorithms used in dairy
ruminant research are illustrated in Figure 11, with those framed in red being the focus of the
following sections.

Supervised Machine
Learning
\

| |

Classification Regression

!—I \—\

Logistic Regression (LR) Random Forest (RF)

Support Vector Machines (SVM) ‘ Multiple Linear Regression ‘

| Linear Regression | I Polynomial Regression ‘

| k-Nearest Neighbors (kNN) | Elastic Net (EN)

| Naive Bayes (NB) |

Bayesian Network (BN) Ridge Regression (RR) Support Vector Regression (SVR) ‘
Decision Tree (DT) Learning set of rules \ Tree-Based Models ‘ Partial Least ?;Esa;s Regression
Linear Discriminant Analysis  Partial Least Squares Classification and Regression Bayesian Network (BN)
(LDA) Discriminant Analysis (PLSDA) Trees (CART)
Soft Independent Modeling of Class Analogy (SIMCA) } | LASSO Regression (Least Absolute Shrinkage and Selection Operator) |
[ ]
[ ]
Ensemble methods Neural Networks
I T
| RandT;F)Furest | ‘ Stacking ‘ | Convolutional Neural Network (CNN) |
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Figure 11. Supervised ML methods applied in dairy ruminants and milk analysis research [112-114].

5.1. Logistic Regression (LR)

Logistic regression is a statistical method used for building ML models that predict the
probability of a discrete outcome, typically a binary one, based on a set of independent (explanatory)
variables [115]. It estimates the relationship between a categorical dependent variable and the
explanatory factors, allowing for the prediction of the likelihood of an event’s occurrence. As a
supervised ML algorithm for solving classification problems, LR aims to find the minimum value of
the loss function to enhance the accuracy of the prediction function, thereby solving the classification
problem [116].

5.2. Decision trees (DTs)

Decision trees is a non-parametric supervised learning method that can be applied in both
classification and regression tasks. It has a tree-like and hierarchical structure, with internal, leaf,
branch nodes, and a root node [117]. Decision trees algorithms do not require much data
preprocessing and can work with both numerical and categorical features. Additionally, while DTs
are useful in many different applications, they are frequently insufficient for properly predicting
continuous values in regression analyses, while their training can be a challenging and expensive
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task. Moreover, although DTs can automatically handle feature selections and inference, they can be
sensitive to small data variations, which may lead to significant changes in the tree structure, affecting
its stability [115].

5.3. Random Forest (RF)

The RF method is an ensemble learning method used for both regression and classification tasks.
By choosing random subsets of covariates, it constructs multiple DTs, improving the predictive
accuracy and reducing overfitting. The final prediction arises from the weighted average or the
majority vote of these trees [115]. Random Forest accomplishes implicit feature selection to generate
uncorrelated DTs, making it this way an effective method especially in datasets with numerous
features [88,118]. In contrast to linear regression, RF offers insights into features” importance but does
not provide thorough coefficient analysis; however, it can be computationally demanding for big
datasets. Random forest demonstrates great performance when both numerical and categorical data
are analyzed, and usually does not require scaling or variable transformation. Despite its complexity,
RF is characterized by strong resistance to noise and overfitting [119].

5.4. Support Vector Machine (SVM)

Support Vector Machine is a discriminative ML method that may be equally applied to
regression and classification problems. It works by building a hyper-plane to reduce errors, and
performs effectively in high-dimensional feature spaces, particularly when there is a distinct
separating boundary between the data classes. This makes SVM suitable for problems where the
decision boundary is well-defined. Since it uses a subset of training points in the decision function,
known as support vectors, it is also memory-efficient. However, due to the longer required training
period, it performs poorly with large datasets and particularly when there is extra noise in them, such
as target class overlap [115,120].

5.5. k-Nearest Neighbor (k-NN)

K-nearest neighbors is a commonly used classification algorithm characterized by its simple
implementation and flexibility. It is based on the principle of proximity, where the most common
category among the nearest neighbors in the feature space defines the classification of a studied
sample [121]. K-nearest neighbors assumes that class conditional probabilities are locally constant,
which can introduce bias, particularly in high-dimensional spaces [9]. A key benefit of k-NN is that
it does not require any preprocessing of the training data, providing both space and speed advantages
when applied in very big datasets. Nonetheless, k-NN usually assumes an equal distribution of
training samples among different classes [122]. In numerous practical scenarios, datasets present an
imbalanced distribution, where the major class is represented by a large number of observations
while the minority class by a few [123]. The imbalanced distribution highlights the significance of
choosing the k parameter thoroughly, since it has a direct impact on the classification performance.
If the k parameter has a predefined value, it may lead to bias in favor of the major class, especially in
cases of uneven distribution of observations assigned to different classes [121,124].

5.6. Naive Bayes (NB)

Naive Bayes is an efficient, incremental ML classifier known for its strong performance in
everyday applications, since it can handle both discrete and continuous variables. Despite the
assumption of feature independence, an often unrealistic condition which may result in poor
performance in domains where attributes are highly interdependent, NB can still effectively compete
with more sophisticated classifiers, particularly in scenarios with minimal feature interdependencies
[125]. Since it explains its decisions through the total amount of information acquired, the algorithm
is especially useful for its transparency. When employed iteratively, NB can solve non-linear
problems while retaining its inherent advantages [126]. Due to its efficiency and simplicity, this
method is particularly used in behavioral models within livestock [117].
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5.7. Linear Regression

Linear regression is a statistical and ML method where the value of a dependent variable y is
predicted by one or more independent variables x; (where i = 1,2,3 etc.) and a.
A simple linear regression model is expressed as below:
y=ay+ax+e (5)
where (y) is the dependent variable and (x) is the independent variable. The constant term, a,
represents the vertical axis intercept of the regression line, a; is the regression coefficient that refers
to the slope of the regression line, and e is the random residual error [127].

5.8. Linear Discriminant Analysis (LDA)

Linear Discriminant Analysis is a frequently used method for reducing dimensionality problems
as a preprocessing step for ML and pattern classification applications. The objective of the LDA
technique is to project the original data matrix onto a lower dimensional space. When high
dimensional feature vectors from various classes are reduced to a lower dimensional feature space,
the LDA technique identifies an orientation W that allows the projected feature vectors of one class
to be clearly distinguished from those of other classes. For example, two-dimensional feature vectors
are reduced to one-dimensional feature vector [128]. Despite the fact that LDA is one of the most
commonly used data reduction techniques, small sample size (SSS) and linearity emerge as the two
main disadvantages. A linear transformation that discriminates between various classes is found
using the LDA technique. Nonetheless, if the classes are not separated linearly, LDA cannot find a
lower dimensional space. Thus, when the discriminatory information is not in the means of classes,
LDA fails to find its space. Also, SSS as one of the big problems of LDA technique, results from high-
dimensional pattern classification tasks or a low number of training samples available for each class
compared with the dimensionality of the sample space. Due to the high number of features or
dimensionality, LDA technique has been applied in biometric applications, agriculture applications,
medical applications etc. [129]. Linear Discriminant Analysis constitutes a specific type of
Discriminant Analysis (DA) [130].

5.9. Boosting

Boosting is an ML method based on the idea that a combination of simple classifiers (obtained
by a weak learner) can achieve a better performance than any other of the simple classifiers alone. A
weak learner is a learning algorithm able to produce classifiers with error probability strictly less than
that of random guessing, while, a strong learner is able (given enough training data) to produce
classifiers with arbitrarily small error probability [131]. Boosting is a general method for improving
the accuracy of any given learning algorithm, focusing primarily on the AdaBoost algorithm [132].

5.9.1. Adaptive Boosting/Adaboost

Adaptive Boosting or AdaBoost is a ML algorithm introduced by Freund and Schapire in 1996,
and marked a significant enhancement in boosting techniques [133]. The algorithm repeatedly
combines weak learners, typically decision stumps, to create a strong classifier. Each time, the weights
of the data points are adjusted to provide misclassified cases, a higher weight and support direct
learning towards more demanding cases [134-136]. The algorithm's classification performance is
improved in a variety of applications by using this adaptive weighting mechanism. Regression tasks
are another area in which Adaboost outweighs, highlighting its ability to efficiently adjust [137]. The
mathematical formulation includes calculating a weight for each instance of equation x, as shown by
w; = % [138], of n pieces of x data. The algorithm splits input values into binary classes, which are

commonly represented by the numbers -1 and 1. AdaBoost's strong classification ability has made it
a popular ML method in many fields including livestock farming [139].
Xi) Xiy1 Xip2 and y, € {—1,1} (6)
Although AdaBoost is a well-established boosting technique, it has been used less frequently in
dairy applications compared to GBM.
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5.10. Gradient Boosting Machine (GBM)

Gradient boosting machine is an upgraded extension of the AdaBoost method, supporting any
differentiable loss function. Fitting the tree models to the negative gradient of the loss function yields
the difference between the expected and actual values of the outcome variable. According to
Friedman [140], this enables GBM to optimize any differential loss function. Utilizing an ensemble
model called gradient boosting, a set of poor prediction models is "boosted" to produce a more
trustworthy model, with its current base learner being trained primarily on the mistakes that prior
base learners have made [135,141].

5.11. Neural Networks (NN)

A NN is an ML method that enables computers to process data in a manner inspired by the
human brain's functioning. Five basic components are usually used to analyze NN: the activation
function, weight coefficients, bias (constant term), input values, and output values. A NN can be
represented mathematically in the form of equation (7).

y=w;-x;+b (7)
where (y) is the output value, (w;) is the weight coefficient, x; is the input value, , and (b ) is the
constant term (Figure 12) [139].
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Figure 12. Neural networks model representation.

5.12. Partial Least Square (PLS)

Partial least square analysis is a multivariate statistical method that allows comparison between
multiple response variables and multiple explanatory variables. It is considered especially useful for
constructing prediction equations when there are many explanatory variables, but comparatively
small sample data. Partial least squares analysis was designed to deal with multiple regression when
the data has a small sample, missing values, or multicollinearity. It has been widely used in fields
like chemistry and chemometrics, where there is a big problem with a high number of intercorrelated
variables and a limited number of observations [142].

The intention of PLS is to form components that capture most of the information in the X
variables that are useful for predicting Y, ..., Y1, while reducing the dimensionality of the regression
problem by using fewer components than the number of X variables [143].

Despite its benefits, it cannot provide significance testing unless bootstrapping is used, while
there is a lack of model test statistics [142].

5.13. Partial Least Square Regression (PLSR)

Partial least square regression is the PLS approach in its simplest and most commonly used form.
Partial least square regression is a method that advances beyond common regression by modeling
the structure of X and Y. For this purpose, it uses two-block predictive PLS models to describe the
relationship between two data matrices, X and Y, through a linear multivariate model. The ability of
PLSR to analyze data with numerous, noisy, collinear, and even incomplete variables in both X and
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Y makes it a useful method, with its precision improving with the increasing number of relevant
variables and observations [144]. The PLSR method is commonly used for the construction of rapid,
online spectroscopic and image analysis systems in food quality and safety evaluation and control
applications. Compared to other linear methods PLSR is simpler, easier to fit models, and allows for
determining statistical properties; compared to nonlinear methods, it is more suitable and efficient
for analyzing complex problems. However, PLSR is less powerful for predicting complex problems
compared to other linear methods, while it has higher computational complexity compared to
nonlinear methods [145].

6. Application of Machine Learning Methods in Milk Quality Assessment

Lately, ML methods have been increasingly exploited in the dairy ruminant sector with various
applications developed within the framework of the PLF. Among these applications, the ones
exploited to assess milk quality and properties are emerging as valuable tools for both farms and the
dairy industry. In the current review, we focus on examples of milk chemical analyses, but it is worth
mentioning that machine learning techniques have also shown promise in detecting microbiological
contaminants such as Brucella spp., E. coli O157, Bacillus cereus, and Listeria spp. in milk samples,
illustrating their potential in microbiological safety assessments, although we will not address this
aspect further [30,146]. Research studies using milk chemical analyses applications are summarized
and discussed in the following sub-sections.

6.1. Milk Quality and Composition Assessment

The predictive ability of different regression and classification techniques documented by
Frizzarin et al. [88] involved testing 730 milk samples from 622 individual crossbred cows to estimate
the protein content, technological properties, and the produced MIR spectra. Samples were collected
from animals at different lactation stages and of various parities. Milk technological properties
assessed in this study were CMS, heat stability, RCT, curd-firming time (k20), curd firmness at 30 and
60 minutes (a30, a60), and pH, while milk protein fraction was also analyzed to estimate the aS1-
casein (aS1CN), aS2-casein (aS2-CN), B-casein (3-CN), k-casein (k-CN), a-lactalbumin (a-LA), 3-LG
A, and B-lactoglobulin B (3-LG B) contents. For the statistical analyses, both regression-based and
classification methods were used. Utilizing regression-based approaches, a total of 11 different ML
methods were employed, with RF, Boosting, and NN being the most pertinent to this study. Besides
regression methods, several classification approaches were also applied, with RF, Boosting Decision
Trees, and SVM being the most significant ones. Key results of the regression-based methods showed
that NN had the best performance concerning RCT, k20, and heat stability. LASSO (Least Absolute
Shrinkage and Selection Operator) and Ridge Regression (RR) showed exceptional performance in
forecasting distinct proteins. RF, along with PLSR and RR, assigned the highest coefficients to key
wavelength space regions, which were crucial for several traits, including RCT, pH, and a-LA. Based
on the classification output by Frizzarin et al. [88], it was evidenced that SVM was the most accurate
model to assess binary technological attributes, whereas RF and Partial Least Squares Discriminant
Analysis (PLSDA) performed in a similar way in predicting protein fractions. In terms of sensitivity,
Boosting performed well but exhibited lower specificity. In particular, SVM achieved the highest
accuracy in 6 out of the 7 binary technological traits, including RCT, k20, a30, CMS, pH, and heat
stability. For RCT, pH, and heat stability, SVM's accuracy was similar to that of PLSDA's. Moreover,
SVM showed the highest accuracy for the prediction of a-LA and 3-CN contents. On the other hand,
RF was the most accurate method to predict aSICN and k-CN contents. For the recognition of
coagulating properties, Boosting Decision Trees demonstrated a good sensitivity of 0.98 but poor
specificity (0.50), indicating that Boosting could identify coagulating samples with satisfying
accuracy, but struggled with false positives [88].

By applying various ML techniques and PLSR, Mota et al. [147] examined the use of FTIR
spectroscopy to predict different milk k-CN phenotypes in Holstein cattle. The research aimed to
evaluate the predictive power of RF, GBM, and EN, in comparison to PLSR. The study used
phenotypic data from 471 cows, and two cross-validation techniques were applied to evaluate the
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models' performance. The k-CN phenotype was evaluated in terms of predictive performance across
the four different models. In the training set, the average predictive ability across 10 replicates was
0.96 for EN, 0.97 for GBM, 0.96 for RF, and 0.90 for PLS. Similarly, for the validation set, the average
predictive ability across 10 replicates was 0.79 for EN, 0.81 for GBM, 0.80 for RF, and 0.77 for PLS; the
respective RMSE values in the validation set were 1.25, 1.08, 1.18, and 1.41. The study's main findings
demonstrated that the GBM continuously produced the best predictions across all phenotypes, with
predictive capacities ranging from 0.58 to 0.77 in the herd/date-out cross-validation and from 0.63 to
0.81 in the samples-out random cross-validation. Random forest followed closely, with similar
accuracy levels but slightly higher bias. In terms of accuracy, GBM performed better than PLS, RF,
and EN (by 7%, 1%, and 4%, respectively). In comparison to PLS, GBM reduced predictive errors by
33%, RF by 26%, and EN by 25%, according to the RMSE analysis. Gradient boosting machine and
RF significantly outperformed PLS in predictive accuracy (P < 0.05), especially in the samples-out
random cross-validation, according to the Hotelling-Williams test. While both ML models
outperformed PLS in the herd/date-out scenario, the difference was not statistically significant due
to increased variability [147].

The study of Frizzarin et al. [148], provides a comprehensive evaluation of MIR spectra and the
effectiveness of various ML methods to evaluate and discriminate milk samples derived from grazing
and non-grazing cows. Various performance metrics, including F1 score, accuracy, sensitivity,
specificity, and Cohen's kappa coefficient, were estimated. Over a three-year period, the authors
collected and analyzed 4320 milk samples, which served as the basis for the comparisons between
ML methods. The study tested 11 ML and statistical methods, namely, RR, LASSO, EN, LDA, model-
based discriminant analysis (MB-DA), PLSDA, variable-selection discriminant analysis (VarSel-DA),
RF, boosting, principal components linear regression (PC-LR), and SVM. Linear discriminant analysis
and PLSDA emerged as the top-performing models accomplishing the highest accuracy (0.968) and
F1 score (0.975); LDA had the highest specificity (0.980), while PLSDA had the highest sensitivity
(0.962). Additionally, MB-DA had also a good performance, with high accuracy (0.968), sensitivity
(0.959), and specificity (0.972), indicating its strong discriminatory power, with VarSel-DA closely
following, with an accuracy of 0.961 and a strong F1 score (0.971). Principal Components Linear
Regression yielded the lowest accuracy (0.667) and specificity (0.117), making it the least effective
method. It also had the second-lowest F1 score (0.790), after RF which had the lowest one (0.781), and
the lowest sensitivity (0.827), indicating a poor performance on identifying milk from grazing cows.
While they did not match the top-performing models in terms of overall accuracy and sensitivity,
other techniques like SVM and EN performed quite well [148].

Strong evidence in favor of combining NIR spectroscopy with Artificial Neural Networks
(ANN) and Stacking Ensemble to predict blood metabolites from milk samples has been provided by
Giannuzzi et al. [149]. Several ML methods were tested to build prediction models for blood
metabolites including RF, GBM, ANN, PLS, and Stacking Ensemble model. A total of 385 Holstein
dairy cows made up the studied animal population. The AfiLab device was used to analyze NIR
spectra of milk samples collected by the cows. Among the studied ML methods, Stacking Ensemble
and Multi-Layer Feedforward ANN, outperformed other methods in predicting blood metabolites
from milk samples. In that study, moderate correlations between observed and predicted values for
key metabolites, like y-glutamyl transferase (r = 0.58), haptoglobin (r = 0.66), and total reactive oxygen
metabolites (r = 0.60) were observed. [149].

Another research by Giannuzzi et al. [150], aimed to predict 29 blood metabolites by using FTIR
spectra and ML algorithms applied to milk samples of dairy cows. Primarily, 1204 Holstein cows
made up the data set, but the sample size increased to 2701 cows for p-hydroxybutyrate (BHB). The
authors used an automatic ML algorithm that tested various prediction methods, including EN,
distributed random forest (DRF), GBM, ANN, and Stacking Ensemble. Additionally, the ML
algorithms were comparatively assessed with PLSR. Two types of cross-validation (CV) scenarios
were used; in the first, data was randomly split into 5 parts (CVr), while in the second data was split
by herds (CVh). The Stacking Ensemble method outperformed most of the blood metabolites studied
across both CVr and CVh scenarios. In particular, EN and Stacking Ensemble showed up to 75% and
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150% improvement in prediction accuracy for CVr and CVh respectively, compared to PLS. The
Stacking Ensemble model had the best R? values for glucose, urea, total reacting oxygen metabolites,
globulins, Na, and ceruloplasmin. However, EN achieved the best R? values for albumin and total
proteins. The CVh scenario had lower prediction abilities than the CVr, suggesting that herd-specific
factors might have influenced the model's performance [150].

In their study, Mota et al. [56], evaluated the potential use of the AfiLab, real-time NIR milk
analyzer measurements for the prediction of key cheese-making traits in Holstein cows, namely, k20,
CFp (curd firmness peak), CYCurd (cheese yield from curd), CYWater (percentage cheese yield based
on water content), and a45 (curd firmness in millimeters at 45 minutes) [56]. The study involved 499
cows from two farms. Several ML methods were applied and compared, including ANN, EN, GBM,
XGBoost (eXtreme Gradient Boosting), and Stacking Ensemble. Artificial Neural Networks achieved
the highest predictive capacity, with R? values ranging from 0.45 (CFp) to 0.71 (CYCurd). Gradient
boosting machine followed by R? values ranged from 0.45 (%CYWater) to 0.70 (CYCurd), while EN
was the last one with satisfying results, with R? values ranging from 0.46 (CFp) to 0.70 (CYCurd).
XGBoost exhibited the lowest R? values, ranging from 0.43 (a45) to 0.63 (k20) [56].

In their study, Samad et al. [9], evaluated milk quality using the k-NN algorithm. Milk samples
were classified into three categories based on their quality status (low, medium, and high). The
dataset included a total of 1,059 entries, but the method of the milk analysis was not defined. To
detect milk quality, traits such as pH, temperature, taste (acceptable or poor), odor (foul or no foul),
colour, fat and turbidity (high or low) were recorded and forced into the algorithm. As shown by the
confusion matrices, the standard k-NN classifier achieved a high overall accuracy of 98.58%, with
particularly strong performance in detecting high-quality milk [9].

Soyeurt et al. [151], utilized four ML algorithms on data collected by MIR spectroscopy for the
prediction of lactoferrin (LF) in bovine milk. They collected 6619 milk samples from various herds,
breeds, and regions, creating a large dataset consisting of 5541 and 836 records for the training and
the validation sets, respectively. Each ML model was evaluated using RMSE and R? metrics for both
calibration and validation sets. Partial least squares regression, PLS with linear support vector
regression (PLS + SVR), PLS with polynomial support vector regression (PLS + Polynomial SVR), and
PLS + ANN were the ML methods applied. Among them, PLS + ANN was the most appropriate and
reliable model to predict LF content, demonstrating the highest R? value (0.60), the lowest RMSE
(162.17 mg/L), and the best residual distribution. Moreover, the PLS + ANN model predicted
expected LF trends related to milk yield, somatic cell score, and lactation stage, however it tended to
underestimate LF values above 600 mg/L. It was concluded that the PLS + ANN model provided the
best balance between prediction accuracy and robustness, particularly when predicting extreme
values of LF, showcasing its realistic potential to be applied for the LF monitoring as an udder health
indicator [151].

Also, Bai et al. [136], in their research, proposed an algorithm which was based on multi-feature
extraction and gradient boosting decision trees (GBDT)-Adaboost fusion model to identify different
types of bovine milk somatic cells. For the identification and classification of bovine milk somatic
cells, 392 cell images from four types of cells were initially identified; 65 were being identified as
epithelial cells, 112 as lymphoid cells, 81 as macrophages, and 134 as neutrophils. After that, the
images were preprocessed using the K-means clustering method. Afterwards, the extracted cell
features were entered into the GBDT model for optimization and the optimized features were forced
into the AdaBoost classifier for cell recognition. The model with the best recall rate across all cell
types and F1-Score was the GBDT-AdaBoost. The model achieved 98.0, 96.8, 97.5 and 97.0% in
classification accuracy, accuracy, recall rate, and F-value of comprehensive evaluation index,
respectively. In the same study, the classification accuracy values for RF, ET, DTs and LightGBM
models were 79.9, 71.1, 67.3 and 77.2%, respectively [136].

d0i:10.20944/preprints202411.0204.v1
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Table 9. Milk quality and composition prediction according to the utilized ML method.
No and type of milk o
ML Tools Application R2 RMSE Acc Se Sp Ref.
samples

RCT 0.50 16.397 min
k20 0.36 12.770 min

NN MIRS 730 b - - - [88]
heat stability 0.45 15.464 min
1k-CN 0.42 11.095 g/L

MFFANN NIRS 385b blood metabolites - - - - - [149]

milk technological properties (CFp,
NIRS 499 b 0.45t00.71 @0.02 % to 0.84 mm - - - [56]
CYcurd, Recprotein etc)

ANN
blood metabolites (hematocrit,
FTIR 2701 b . . 0.09 to 0.81 0.03 L/L to 80.59 U/L - - - [150]
myeloperoxidase, globulins etc)
k-NN Sensors 1059 ND milk quality - - 98.58% - - [9]
blood metabolites (hematocrit,
FTIR 2701 b . . 0.08 to 0.83 0.03 L/L to 106.37 U/L - - - [150]
myeloperoxidase, globulins etc)
PLS K-casein ®0.90x0.77 v 11.41 g/L
FTIR 471b BCS ®0.9540.57 v 10.35 - - - [147]
BHB ®0.8840.76 v 10.10
technological & protein properties of
MIRS 730 b - - 0.40-0.80 0.44 - [88]
milk
PLS-DA
grass-fed/ non-grass-fed milk
MIRS 4320 b e - - 0.968 0.977 0.962 [148]
classification
grass-fed/ non-grass-fed milk
LDA MIRS 4320 b - - 0.968 0.980 0.961 [148]
classification
MIRS 730 b
technological & protein properties of 1.00
. - - 0.43-0.80 0.44 (overall) [86]
milk (overall)
SVM )
grass-fed/ non-grass-fed milk
MIRS 4320 b o - - 0.947 0.962 0.938 [148]
classification
. grass-fed/ non-grass-fed milk
Boosting MIRS 4320 b - - 0.754 0.587 0.842 [148]

classification

Boosting DT~ MIRS 730 b coagulation - - - 0.50 0.98 [88]
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MBDA  MIRS 4320b grass-fed/ non-grass-fed milk - - 0.964 0.972 0959 [148]
classification
milk technological properties (CFp,
NIRS 499b 0.45 to 0.70 @0.02% to 0.87 mm - - - [56]
CYcurd, Recprotein etc)
K-casein ®0.97x0.81v 11.08
GBM FTIR 471b BCS 091 0.63 v 10.25 - - - [147]
BHB ®0.900.77 v 10.09
blood metabolites (hematocrit,
FTIR 2701 b . . 0.10 to 0.83 0.03 L/L to 75.69 U/L - - - [150]
myeloperoxidase, globulins etc
milk technological properties (CFp,
NIRS 499 b 0.43 to 0.63 @0.02 % to 0.90 mm - - - [56]
CYcurd, ReCprotein etC)
XGB
blood metabolites (hematocrit,
FTIR 2701 b . . 0.08 to 0.78 0.03 L/L to 80.23 U/L - - - [150]
myeloperoxidase, globulins etc)
aS1-CN, 0.48
MIRS 730 b - - 0.44 - [88]
k-CN 0.45
K-casein ®0.96 +: 0.80 v 01.18
RF FTIR 471b BCS ®0.950.61 v 10.26 - - - [147]
BHB ®0.900.79 v 10.10
grass-fed/ non-grass-fed milk
MIRS 4320 b o - - 0.696 0.447 0.827 [148]
classification
blood metabolites (hematocrit,
DRF FTIR 2701 b . . 0.09 to 0.79 0.03 L/L to 82.49 U/L - - - [150]
myeloperoxidase, globulins etc)
milk technological properties (CFp,
NIRS 499 b 0.46 t0 0.71 @0.02 % to 0.78 mm - - - [56]
CYcurd, ReCprotcin etc)
K-casein ®0.96 :0.79 v 01.25
FTIR 471b BCS ®0.92+0.59 v 10.27 - - - [147]
EN BHB ®0.89:0.78 v 10.10
grass-fed/ non-grass-fed milk
MIRS 4320 b e - - 0.951 0.960 0.946 [148]
classification
blood metabolites (hematocrit,
FTIR 2701 b ) ] 0.12 to 0.87 0.03 L/L to 82.99 U/L - - - [150]
myeloperoxidase, globulins etc)
CMS, 0.08 ®25.286 mm
LASSO MIRS 730 n - - - [88]
x-CN 0.42 ®1.095 g/L
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MIRS 4320b grass-fed/ non-grass-fed milk - - 0.959 0.970 0953  [148]
classification
grass-fed/ non-grass-fed milk
PC-LR MIRS 4320 b e - - 0.667 0.117 0.956 [148]
classification
a30, 0.37 12.495 mm
MIRS 730 b B-CN, 0.35 1.759 g/L - - - [88]
RR B-LG A 0.19 1.050 g/L.
grass-fed/ non-grass-fed milk
MIRS 4320 Db s - - 0.880 0.779 0.933 [148]
classification
NIRS 385b blood metabolites - - - - [149]
Stacking
Ensemble  pTIR 2701 blood metabolites (hematocrit, 0.13 to 0.87 0.03 L/L to 76.33 U/L - - - [150]
myeloperoxidase, globulins etc)
grass-fed/ non-grass-fed milk
VarSel-DA  MIRS 4320 b - - 0.890 0.845 0.913 [148]
classification
0.60« 130.59 mg/L
PLS+ANN MIRS 6619 b LF in milk 0.55¢v 139.01ev mg/L - - - [151]
0.60v 162.17 mg/L
0.53c 140.94. mg/L
PLSR MIRS 6619 b LF in milk 0.51ev 144.31cv mg/L - - - [151]
0.61v 163.76v mg/L
0.53¢ 144.32. mg/L
PLS+SVM MIRS 6619 b LF in milk 0.53cv 144.60cv mg/L - - - [151]
0.63v 174.92v mg/L
PLS+ 0.64c 125.89. mg/L
Polynomial ~ MIRS 6619 b LF in milk 0.56¢v 138.40cv mg/L - - - [151]
SVM 0.62v 166.75v mg/L

ORMSEV: root mean square error from the cross-validation data, ® RMSLE: root mean squared logarithmic error, ®r : average of predictive ability « calibration, «: cross-validation, v: validation, «: training. b: bovine, MFFANN: multi-layer feedforward

artificial neural network, NIR: Near-Infrared, Acc: accuracy, Sp: specificity, Se: sensitivity, ND: not defined, ML: Machine Learning, NN: Neural Networks, MIRS: mid-infrared spectroscopy, CMS: casein micelle size, RCT: rennet coagulation time, k20:

curd-firming time, CN: casein, RMSE: root mean square error, ANN: artificial neural network, FTIR: Fourier transform infrared, CYCurd: weight of fresh curd, a45: curd firmness in millimeters at 45 min from rennet addition, PLS: Partial least squares,

k-NN: k-Nearest Neighbors, PLS-DA: Partial least squares discriminant analysis, LDA: Linear Discriminant Analysis, SVM: Support Vector Machines, DT: Decision Tree, MB-DA: model-based discriminant analysis, GBM: gradient boosting machines,

XGB: extreme gradient boosting, BCS: body condition score, BHB: blood -hydroxybutyrate, RF: random forest, DRF: distributed random forest, EN: Elastic Net, CFp: curd firmness peak, LASSO: least absolute shrinkage and selection operator, PC-LR:

principal components linear regression, RR: ridge regression, VarSel-DA: variable-selection discriminant analysis, a30: curd firmness at 30 min, tr: training, PLSR: Partial least squares regression, GBDT: gradient boosting decision trees, LF = lactoferin.
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6.2. Fraud Detection and Adulteration Identification

To detect fraud in caprine milk, Teixeira et al. [152], developed multivariate classification models
using milk analyses performed by a NIRS system. The study focused on building models to classify
authentic and adulterated goat milk samples and to recognize some fraud ingredients like water,
urea, bovine milk and whey (classes). A total of 300 authentic caprine milk samples, and 300
adulterated ones were created by adding the studied adulterants to the authentic samples, in 5
concentrations, namely, 1%, 5%, 10%, 15%, and 20%. It was found that multivariate classification
models could successfully identify fraud in caprine milk. Indeed, k-NN for a 2-class model (authentic
goat milk and adulterated goat milk) achieved 95% to 99% sensitivity and 94% to 96.5% specificity,
successfully distinguishing adulterated samples from authentic ones. For a 5-class model (authentic
goat milk and four for the types of adulterants added (water, urea, bovine whey, and milk), k-NN
achieved sensitivity and specificity, ranging from 76% to 100% depending on the adulterant type.
Additionally, softs independent modeling of class analogies (SIMCA) sensitivity and specificity
values ranged from 93.0% to 98.9%, for the 2-class model, and for the 5-class model SIMCA achieved
slightly less consistent classification performance than PLSDA, with sensitivity and specificity
ranging between 90.4% to 100.0%. In general, PLSDA outperformed the other methods, producing
the most consistent results, with 100% sensitivity and specificity in distinguishing between authentic
and adulterated samples for both the 2-class and the 5-class models [152].

In another study, a prediction model for the detection of cow and buffalo milk adulteration using
synchronous front-face fluorescence spectroscopy and PLSR was developed by Ullah et al. [153]. In
that study, ten raw cow and buffalo milk samples were collected and 30 distinct mixtures (0-100%)
of cow with buffalo milk were prepared. The model using PLSR, achieved a high R? value (0.99), with
a satisfactory performance for adulteration levels above 20%. The RMSE for CV was 1.16, showing
low error for the validation phase, while RMSE for the prediction phase was 6.24 underpinning the
poor performance of the model for adulteration levels below 20%. For further quantification of the
model’s sensitivity, Ullah et al., evaluated three detection limits, with Limit of Blank (LOB), Limit of
Detection (LOD), and Limit of Quantification (LOQ) being equal to 9.22%, 18.45%, and 55.9%,
respectively [153].

In a recent study, Sowmya and Ponnusamy [154], developed a spectroscopy-based sensor
system for loT applications to detect adulterants in milk. Ultraviolet, visible, and IR spectra were
used as spectroscopic methods to enhance the adulterants detection accuracy. By using DTs, NB,
LDA, SVM, and NN, the adulteration detection problem was formulated as a classification task. The
dataset consisted of 16200 spectral data samples, with 70% being selected for the training, 15% for the
validation and 15% for the testing of the models. The accuracy values of the utilized ML models were
92.7%, 91.7%, 90%, 90%, and 88.1%, for NN, DTs, SVM, NB, and LDA, respectively. Since NN
outperformed the rest of the ML methods, a genetic algorithm was used to adjust the
hyperparameters, increasing the accuracy from 92.7% to 100%. Additionally, two NN models were
developed in the same study; a binary model to determine the presence of adulterants, and a
multiclass model to categorize samples as pure milk or as milk containing one of the four studied
adulterants (ammonium sulfate, sodium salicylate, dextrose, and hydrogen peroxide). After the
hyperparameter tuning, the binary classification model produced 100% accurate results, which was
verified with a confusion matrix. Furthermore, regarding the multiclass classification problem, which
involved five classes (pure milk and four adulterants), the NN model also achieved 100% accuracy.
Similar to the binary classification, the confusion matrix and ROC (Receiver Operating
Characteristics) curve demonstrated the model’s excellent performance in classifying adulterants in
milk. In comparison to other methods, the proposed system was found to be superior due to its ability
to i) work across multiple spectral wavelengths, ii) achieve an absolute accuracy, iii) detect multiple
adulterants, and iv) offer a portable, cost-effective, and rapid solution for real-time milk adulterant
detection [154].

Machine learning methods, such as classification and regression trees (CART) and multilayer
perceptron (MLP) NN combined with FTIR spectroscopy, were used to detect addition of cheese
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whey to milk by Lima et al. [155]. In total, 520 milk samples, adulterated with cheese whey in
concentrations ranging from 1% to 30%, were tested and comparatively assessed with 65 control
samples. The CART model identified lactose as being the most significant predictor with 100%
relative importance. Moreover, the CART model demonstrated a remarkable predictive performance
of the addition of cheese whey using compositional features like lactose and protein, achieving 96.2%
and 0.994 and 97.2% and 0.980, accuracy and area under the curve (AUC) values for the training and
the test sample, respectively. The MLP model, which employed inputs like protein, casein, lactose,
SNF, TS, and freezing point, achieved an overall accuracy of 97.8% (97.4% and 97.8% for the training
and the testing sample, respectively). Despite the satisfying accuracy in detecting adulterated
samples from both approaches, MLP was the model with the best performance, in terms of prediction
accuracy and misclassification rate [155].

Wang et al. [156], used FTIR absorption profiles along with ML techniques to determine the
amount of heat treatment applied to milk. This study evaluated four ML classifiers, namely, RF, SVM,
k-NN, and LDA. Random forest outperformed the other methods, achieving a mean accuracy of 0.92
+ 0.03, followed by SVM with a mean accuracy of 0.90 + 0.04, k-NN with 0.86 + 0.10, and LDA with
0.84 + 0.10. Similarly, RF demonstrated the highest precision (0.90 + 0.03), indicating fewer false
positives and F1-score (0.90 + 0.03), indicating an overall better classification performance. Further
evidence that RF was the better model derived from the statistically significant (p < 0.001) differences
on the performance between the models. [156].

Moncayo et al. [48] utilized NN for both qualitative analysis of milk blends and the detection
and quantification of melamine in adulterated toddler milk powder, using LIBS. An aggregate of 10
pure milk samples were used (4 bovine, 4 caprine, and 2 ovine), alongside 12 mixtures of these pure
samples (9 binary mixtures and 3 ternary mixtures). Neural networks method demonstrated
increased accuracy in distinguishing between different types of milk and identifying adulteration in
the mixtures; it also exhibited a strong generalization capacity, while avoiding overfitting and
successfully classifying 100% of the pure and adulterated milk samples. Samples with melamine
concentrations ranging from 1% to 6% were used for the melamine adulteration study, and a
calibration curve was created using these samples. The NN model provided exceptional results, with
a regression coefficient of 0.999, indicating almost perfect accuracy in predicting the melamine
adulterated samples [48].


https://doi.org/10.20944/preprints202411.0204.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 4 November 2024 d0i:10.20944/preprints202411.0204.v1

41
Table 10. Fraud detection and adulteration identification according to the utilized ML method.
ML Tools No and type of milk Application R2 RMSE Ee ?)p Accuracy Ref.
samples (%) (%)
LIBS 2b,¢ 0 melamine in toddlermilk ;) 59, . - - Acc: 100% [48]
NN powder
UV, Vis, IR ND adulterants in milk - - - - Acc: 100% [154]
CNN LIBS 251 protein adulteration in . i - ; Acc: 97.8% [55]
milk powder
fraud in goat milk:
water
PLS-DA NIRS 600D, c .urea ) i 100 in all 100 in all ) [152]
bovine whey cases cases
milk
authentic
PLSR Fluorescence 40b adulteration in milk 0.99 11.16 @6.24 - - - [153]
NB UV, Vis, IR ND adulterants in milk - - - - 90% [154]
DT UV, Vis, IR ND adulterants in milk - - - - 91.7% [154]
LDA UV, Vis, IR ND adulterants in milk - - - - 88.1% [154]
FTIR ND heat treatment to milk - - - - 0.84 [156]
FTIR ND heat treatment to milk - - - - 0.92 [156]
RE LIBS 25 protein adulteration in - i 0.886 (train) 0.871 (test) [55]
milk powder
fraud in goat milk:
water 76.0 96.6
urea 80.0 95.4
NIRS 600b, ¢ bovine whey i i 96.0 100 i [152]
k-NN milk 80.0 100
authentic 99.0 88.0
FTIR ND heat treatment to milk - - - - 0.86 [156]
LIBS 251 protein adulteration in - - - - 0.884 (train) 0.867 (test) [55]

milk powder
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UV, Vis, IR ND adulterants in milk - - - - 90% [154]
SVM LIBS 251 protein adulteration in - ; - ; 0.961 (train) 0.938 (test) [55]
milk powder
FTIR ND heat treatment to milk - - - - 0.90 [156]
CART FTIR 520 b fraud of dl:iiie whey to - - - - 96.2% (train), 97.2% (test) [155]
MLP FTIR 520 b fraud of drfi‘;ie whey to - - - - 97.8% [155]

M RMSECV: root mean square error in cross validation, @ RMSECP: root mean square error in prediction r: retail, c: caprine, o: ovine, b: bovine, ND: not defined, NN: Neural Networks, LIBS:
laser-induced breakdown spectroscopy, UV: Ultraviolet, Vis: visible, IR: Infrared, CNN: convolutional neural network, PLS-DA: Partial least squares discriminant analysis, NIRS: Near-Infrared
spectroscopy, PLSR: Partial Least Square Regression, RMSE: root mean square error, NB: Naive Bayes, DT: Decision Tree, FTIR: Fourier transform infrared, LDA: Linear Discriminant Analysis,
RF: random forest, k-NN: k-Nearest Neighbors, SVM: Support Vector Machines, CART: classification and regression trees, MLP: multilayer perceptron, acc: accuracy, sp: specificity, se: sensitivity.
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6.3. Milk source and Origin Classification

In their study, Nanou et al. [47], utilized ML on the spectra obtained by LIBS to identify the
species the milk originated from (cow, goat, or sheep). For this reason, 683 lyophilized milk powder
samples and 1296 raw liquid milk samples were examined by LIBS. The accompanying spectra were
then examined using various ML algorithms to classify milk samples according to the species of
origin. The trained models' parameters were adjusted to achieve reliable results when applying the
NN algorithm. The key parameters selected for evaluation in a single layer MLP NN included the
activation function of the hidden layer and the number of neurons it contains. For the LIBS spectra
of liquid milk, the best results were obtained with 500 neurons in the hidden layer and the logistic
sigmoid activation function, achieving a training (classification) accuracy of 97.2% (+ 0.6%) and a
testing (predictive) accuracy of 86.3%. For the LIBS spectra of powder milk, the optimal parameters
were 300 neurons in the hidden layer with the hyperbolic tangent (tanh) activation function, resulting
in a training accuracy of 97.5% (+ 0.4%) and a testing accuracy of 94.5%. Using only the spectral lines
of Mg(Il), Ca(Il), Ca(l), Na(I), and K(I) for liquid milk, the NN achieved a training accuracy of 98.0%
(£ 0.1%) and a testing accuracy of 87.4%. Similarly, for milk powder, the training accuracy was 98.6%
(£0.1%) and the testing accuracy was 92.7% when the same spectral lines were considered. For liquid
milk, the best performance for mineral spectra was achieved with 60 neurons and the sigmoid logistic
activation function, while for milk powder, the optimum parameters were 90 neurons and the ReLU
activation function. In addition, the key results for SVM, LR, and Gradient Boosting (GB) are
summarized as follows; the SVM method with a linear kernel, accomplished a training accuracy of
approximately 96.6% (+ 0.2%) concerning liquid milk and 96.2% (+ 0.2%) for milk powder, with
relevant test accuracy of 91.3% and 93.1%, respectively. Support Vector Machine carried out
satisfying results when using specific spectral lines (Mg, Ca, Na, K) instead of the entire LIBS spectra,
showing its efficiency in classifying milk samples. Similarly, LR showed excellent accuracy in
samples of both liquid and powdered milk; it exhibited a training accuracy of 95.2% (+ 0.3%) and a
testing accuracy of 92.8% for liquid milk, while the respective values for milk powder were 95.4% (+
0.2%) and 93.5%, respectively. Furthermore, GB demonstrated satisfying performance, achieving a
training accuracy of 96.7% (+ 0.2%) and a testing accuracy of 83.0% for liquid milk samples, and a
training accuracy of 97.4% (+ 0.3%) with a testing accuracy of 91.4% for milk powder samples,
surpassing the performance of other models. Finally, comparable classification outcomes were
achieved by utilizing the Mg, Ca, Na, and K spectral lines rather than the complete LIBS spectra in
the SVM, LR, and GB algorithms [47].

In their study, Amjad et al. [40], focused on the development of a ML- based classification system
using Raman spectroscopy to distinguish human, cow, buffalo, and goat milk samples by
investigating the spectral differences. A total of 602 milk samples were used in the study, 210 from
humans, 152 from cows, 120 from buffaloes and 120 from goats. Principal Component Analysis was
applied for the reduction of data dimensionality. Based on the transformed data from PCA, RF was
employed to classify the milk samples into one of the four species. Moreover, several performance
measures were estimated, including true positive, true negative, false positive, false negative,
accuracy, sensitivity, and specificity. The average classification accuracy during the training phase
was 94.3%, compared to 94.0% in the testing phase. The overall accuracy on the testing data was
approximately 93.6%. The classification performance was the highest for human milk, achieving
sensitivity and specificity values of 1.00 and 0.99, respectively. Compared to human milk, cow,
buffalo, and goat milk showed some overlapping features, resulting in a higher misclassification rate.
Indeed, sensitivity values were 0.95, 0.88 and 0.90 for cow, buffalo, and goat milk, respectively,
whereas, the relevant values regarding specificity ranged from 0.96 to 0.99 [40].

The determination of milk origin was also studied by Behkami et al. [157], who utilized ANN to
classify the geographical origin of raw cow milk based on spectral data obtained from two
instruments: UV-Vis/NIR, with three detectors, and FT-NIR, with a single detector. Principal
component analysis and ANN were applied to reduce the dimensionality of spectral data, making it
suitable for the ANN classification process. A total of 63 raw cow milk samples, were separated into
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training (60%), testing (25%), and validation (15%) sets. The ANNs architecture involved input,
hidden, and output layers. Boosting was used to integrate models’ performance by combining
smaller models into a larger additive model, where 10 boosting models, 2 base models, and learning
rates of 0.1 and 1 were the boosting parameters. One hidden layer with ten neurons, one output node,
and seven input nodes made up the best model architecture, managing to achieve a learning rate of
1. This model reached 100% classification accuracy and using only two principal components (PCs),
with a learning rate of 1, resulted in a 100% classification rate, explaining 95% of the training data
and 92% of the validation data variance. Also, the best model with 10 input nodes, one hidden layer
of 10 neurons, and one output node achieved a 100% prediction rate. Reducing the input variables
(PCs) to four, still gave 100% classification accuracy, especially with a higher learning rate of 1.
Additionally, model performance was not adversely affected by the reduction in the number of PCs,
indicating that the approach is strong even in the presence of fewer inputs [157].
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ML Tools No and type of milk Application Accllracy Ref.
samples (%)
animal origin:
683 lyophilized liquid milk 97.2 (train), 86.3 (test)
NN LIBS 1296 liquid powdered milk 97.5 (train), 94.5 (test), [47]
b,c 0 Mg, Ca, Na, K 98.6 (train), 92.7 (test)
UV- 100 classification
ANN Vis/NIR, FT- 63b geographic origin of cow milk 95 train [157]
NIR 92 validation
. animal origin:
lyophilized
SVM LIBS 68;3’3’1 Lfle liquid milk 96.6 (train), 91.3 (test) [47]
b, c qo powdered milk 96.2 (train), 93.1 (test)
- animal origin:
GBM LIBS 68?;3’2{’:‘3?‘1 liquid milk 96.7 (train), 83.0 (test) [47]
b, c qo powdered milk 97.4 (train), 91.4 (test)
RF Raman 602b,c,0,h classify milk (cow, human, buffalo, goat) 93.63 [40]

h: human, c: caprine, o: ovine, b: bovine, NN: Neural Networks, ANN: artificial neural network, LIBS: laser-induced breakdown spectroscopy, UV: Ultraviolet, Vis: visible, NIR: Near-Infrared,

SVM: Support Vector Machines, FT-NIR: Fourie Transform Near-Infrared, GBM: gradient boosting machines, RF: random forest.
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7. Future Research

Future studies could aim to prove that the systems developed for milk analysis are operational
in real-time applications in the dairy industry. One of the biggest challenges for long -term
monitoring systems is how to develop flexible systems that can adapt to different sets of conditions
(i.e., different conditions, animals, terrain, dirt) which might have a significant effect on the
performance of the monitoring systems [105]. Even though a great deal of computational and analytic
techniques have been developed for dairy farms, relatively few of them have been field tested.

Even though spectroscopy has long been a research focus, recent developments in hardware and
software offer a plethora of opportunities for future research. These advancements, including the
wide use of Al and ML techniques, have opened a wide range of applications in milk analysis, while
they simultaneously improve the precision and efficiency of spectroscopic methods. With knowledge
of the successful results of techniques fusion (ex. NIRS with LIBS [53]), another interesting suggestion
is to combine different spectroscopy methods in order to fully exploit their strengths, for instance, to
combine NIR, MIR or UV spectroscopy with fluorescence spectroscopy. This initiates a wide range
of research opportunities where extraordinary results can be achieved by combining complementary
spectroscopy methods with the right ML techniques. Furthermore, since some of the methods (like
Raman spectroscopy [104]) haven't been extensively tested in conjunction with ML techniques, there
is also room for more research.

Future research should combine data obtained directly from the source (farm, animals etc.) with
data analyzed from related datasets to optimize the use of all available information. Additionally, the
integration of blockchain technology can ensure data integrity and transparency across the milk
supply chain, providing sealed records for milk quality, efficient safety management systems and
safety parameters [158,159]. Another emerging tool is the digital twin, which can simulate real-world
dairy production environments, allowing for real-time virtual testing of system adaptations and
sensor behaviors before physical implementation, addressing the challenges of different conditions,
animals, and terrains [159]. Also, there are certain difficulties with dairy productions data
management, such as, the volume and complexity of these massive datasets, real-time data
processing especially for farms with limitation on internet access, data quality and accuracy based on
the conditions of the sensors and data integration which involves data from different systems [117].
Currently, farmers can only invest in multiple systems for maximum benefit, despite manufacturers
claims to provide complete solutions. No single sensor system can accomplish everything that could
be accomplished by utilizing all of the systems working together [160].

8. Conclusions

It is essential to comprehend the complex composition of milk and measure its key components
accurately to optimize dairy production and ensure high product quality. As dairy producers and
researchers continue to explore novel technologies and refine existing methods, the integration of
sophisticated analytical tools and a deep understanding of milk’s biochemical and optical properties
will drive improvements in both dairy farming practices and product development. Precision
livestock farming tools assist farmers in their decision-making by optimizing the management of
daily tasks and herd supervision. This review underlines the importance of the application of
innovative technologies in dairy ruminants. The use of spectroscopy-based methods for milk analysis
combined with a variety of ML methods for real-time data analysis has proven the optimal approach
in numerous cases.

This review was a comparative study of multiple spectroscopy and ML techniques. Different
methods might be the best option depending on the application. In general, IR methods are more
popular, with wide use in milk analysis. Particularly NIRS gaining popularity due to its speed,
reliability, environmental friendliness and applicability in real-time applications. As seen though, in
the comparison of the various methods, in most cases NIRS and MIRS have approximately the same
predictive accuracy. On the other hand, LIBS has been proven suitable for applications like animal
origin identification. Another interesting observation was that the fusion of spectroscopy techniques
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that are complementary to each other such as NIRS and LIBS, in some cases results in very successful
results. It was established that no specific classifier has the best fit for all problems and no classifier
is always better than another one. However, ML techniques have proven to be powerful methods for
advancing and understanding of dairy production, giving us, among other benefits, efficient
solutions for milk traits, metabolic status, and dairy cow durability, to identify milk origins and detect
rigging. Among studies, NN had most of the time, in both regression and classification, the best
performance, as much in predicting milk composition, technological properties, and blood
metabolites, as in fraud detection and in species identification. Additionally, SVM also excelled in
specific applications such as milk quality classification. Concerning the regression-based methods,
NN and RR were the ones that demonstrated high accuracy for predicting milk characteristics.
Regarding classification tools, SVM excelled, particularly in predicting binary traits. Also, PLSDA
showed excellent performance in milk classification, and adulterants classification. Artificial neural
networks, especially when combined with dimensionality reduction techniques, proved robust for
regional origin classification and for other health metrics of dairy ruminants related to milk analysis.
In fact, algorithms like RF, GB, and k-NN also appeared to have competitive results in certain
contexts, but in most cases outperformed by SVM, and NN. Taking everything into account, major
factors in higher yield or production are better identification and management of animal health
problems as well as adherence to medical guidelines. Finally, this review's underlying conclusion is
that combining ML techniques with spectroscopy-based methods plays an increasingly important
role in real-time milk analysis.
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