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 A B S T R A C T

This work demonstrates the high potential of an innovative technique for raw milk classification based on 
the integration of speckle pattern imaging and artificial intelligence. By exciting speckle patterns with a 
semiconductor laser and collecting experimental images with a CMOS camera, a total of 20 samples of raw cow 
milk with similar nutritional contents were tested during 4 Campaigns. Data analysis was conducted leveraging 
one common feature-based machine learning model and one state-of-the-art image-based deep learning model 
for speckle patterns. This study aims to provide in-depth insights to the community on how this measurement 
technique can be applied to raw cow milk samples and how the prediction models tested perform due to the 
similarity of the nutritional components of the samples. The machine learning model was trained on a set of 
16 custom features, while the deep learning model used speckle pattern images as input. Both types of data 
were standardized dataset-wise beforehand using z-score. The best machine learning and deep learning models 
achieved 95% accuracy. The study highlights that the nutritional similarity of the samples highly impacts the 
models’ confusion in both cases, especially when Campaigns conducted at different sample temperatures were 
not included in the training. Overall, the analysis technique presented leveraging uncertainty metrics is a 
stepping stone toward relevant advances in the field of milk analysis.
. Introduction

Milk is often defined as the ‘‘perfect food’’: it is rich in fundamental 
utrients such as carbohydrates, proteins, lipids, minerals, and vita-
ins. For this reason, milk is consumed daily by billions of people of 
ll ages worldwide, including millions of infants and children. It also 
erves as the raw material for many dairy derivatives, such as cheese, 
ogurt, and butter. In 2024, roughly 555 million tons of cow milk and 
20 million tons of other animal milks were produced worldwide [1]. 
n particular, India is confirmed to be the largest milk producer with 
 total of 212 million tons of milk, followed by European Union 
150 million tons), USA (102 million tons), and China (44 million 
ons). In Europe, the major cow milk producers are Germany, France, 
he Netherlands, Italy, and Poland, accounting for 22%, 16%, 10%, 
%, and 9% of the total European production, respectively [2]. The 
verage world price of farmgate milk has been around 0.50 €/kg, with 
n increasing trend over the last twenty years, yielding to a market 
usiness of hundreds of billion euros [1].
Determining raw milk composition is crucial for many reasons. First 

f all, it allows to establish its quality in terms of nutritional content. 
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Moreover, it is fundamental for farmers to select the most suitable 
breeds, adjust the dietary plan of the mammals, and understand how it 
affects milk properties. Last, milk composition has also an impact on the 
final quality and characteristics of dairy derivatives. The composition 
of raw milk (i.e. milk just collected from the animals and not yet subject 
to any type of further processing) is affected by several factors, such as 
the genotype of the cows, the lactation stage, the dietary regime [3], 
and even environmental conditions (e.g. climate and season) [4].

Currently, milk composition and properties are measured in dedi-
cated laboratories with very complex techniques [5–8]. Milk samples 
need to be collected from production sites and then sent to external 
laboratories where fluids are typically manipulated and pre-treated. 
Chemical tests are the most commonly used to assess milk composition. 
For example, the acido-butyrometric method (well-known as Gerber 
method) is a reference technique for determining the fat content of 
milk, as the basis of the ISO 19662 and IDF 238:2018 standards [9]. 
Lipids are separated from proteins by centrifugation, by adding sulfuric 
acid amyl alcohol. The Röse–Gottlieb procedure is another standard 
method (ISO 23318:2022, IDF 249:2022) for lipid quantification in 
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milk [10], based on a complex chemical/gravimetric procedure: it 
involves a dual organic solvent system (diethyl ether and petroleum 
ether) and the addition of a strong mineral alkali in combination with 
heat to dissociate the lipid–protein complexes. The Kjeldahl method 
is the reference approach (ISO 1871:2009) for the quantification of 
protein [11]: it uses digestion, distillation, and titration to arrive at the 
nitrogen content of the sample. High-performance liquid chromatog-
raphy is the reference method to determine lactose content in raw 
milk (ISO 22662:2024) [12]. These methods are considered the gold 
standards but require specialized laboratories and personnel, involve 
very long preparation and pre-treatment of the sample with toxic and 
dangerous chemicals, and are expensive and time-consuming. Hence, 
they have several drawbacks and they are not suitable for frequent 
on-site testing of milk samples.

Another more recent method used to measure constituents of milk 
in laboratories is based on mid-infrared (MIR) spectroscopy. For ex-
ample, Soyeurt et al. proposed MIR spectroscopy to estimate fatty 
acid content in cow milk as an alternative to gas–liquid chromatog-
raphy [13]. In [14], Etzion et al. investigated MIR attenuated total 
reflectance spectroscopy to determine protein concentration in raw 
cow milk, exploiting two absorbance bands (1500–1700 cm−1 and 
1060–1100 cm−1). Since milk is a highly diffusive medium, and the 
light penetration depth is limited, MIR spectra are very sensitive to 
the generation of fat biofilms that may form on the walls of cuvettes 
or pipes, MIR spectroscopy is not suitable for online raw milk anal-
ysis [15]. Homogenization could improve measurement accuracy, but 
it is not practicable for on-line analysis. Moreover, MIR spectra need 
careful data polishing, fitting statistics, and calibration to extract reli-
able information [16]. An alternative technique is near-infrared (NIR) 
spectroscopy [17–20], which is cheaper than MIR spectroscopy, al-
though less accurate. For example, in [21], the authors developed a NIR 
spectroscopic sensing system for assessing milk quality during robotic 
milking by collecting and analyzing transmittance spectra through raw 
milk in the wavelength range 600–1050 nm. In another work [22], 
the milk absorption spectra from 1100 to 2400 nm were obtained 
with a spectrophotometer using a 1-mm-thick quartz cuvette and by 
processing spectral data with a Fourier transform. The content of fat, 
total protein, and lactose content of non-homogenized milk was deter-
mined. Many commercial devices for milk testing, such as MilkoScan 
(FOSS Analytical, Denmark), DairySpec FT (Bentley Instruments, MN, 
USA), and Milk Analyzers (Ekomilk Horizon, Bulgaria), are based on 
MIR/NIR technologies; however, they cost several thousand euros. 
Enzymatic reaction-based techniques, biosensors, and gas sensors are 
also widely exploited in milk analyses for detecting lactose [23,24], 
studying proteins [25,26], monitoring spoilage [27,28], and detecting 
cow mastitis and other diseases that compromise milk quality [29,30]. 
Like chemical tests, these methods often require sample preparation, 
for which chemicals and laboratory tools are necessary, and cannot be 
performed in real-time.

Among optical sensing techniques, speckle pattern (SP) imaging 
is surely one of the most innovative and worthy to be investigated. 
SP analyses can be performed in a contactless and non-invasive man-
ner, even with low-cost instrumentation, and they do not require the 
treatment or manipulation of the sample. Known since the Sixties, 
when the first lasers appeared, SP is the granular interference obtained 
when coherent light illuminates a rough object, with roughness of the 
same order of magnitude of the wavelength (around 400–700 nm). 
Traditionally, static SP has been exploited to study the roughness of 
surfaces [31], to measure the thermal strain and the elastic modulus 
of mechanical specimens [32,33], to detect the absolute position of 
objects [34], measure blood flow [35], and characterize the granularity 
of a powder surface [36]. Recently, SP imaging has grasped the interest 
of researchers for studying fluids. Indeed, also emulsions, suspensions, 
and opaque fluids in general can generate SP since they are consti-
tuted by particles floating in a liquid matrix. The particles contained 
in liquid suspensions are subject to Brownian motion; the SP they 
2 
generate is dynamic and, thus, more challenging to be investigated. On 
this topic, for example, Héran et al. separately studied the p- and s-
polarized SPs to measure the absorption and scattering coefficients of 
turbid fluids [37]. In [38], the authors analyzed polarized SP images 
produced by suspensions of polystyrene microspheres by comparing 
the results obtained with two different experimental deployments: a 
light transmission setup and a backscattering configuration. More re-
cently, researchers have started exploiting artificial intelligence (AI) to 
extract information that images of dynamic SP are dense of [39,40]. 
For instance, Jakubczyk et al. applied convolutional neural networks 
(CNNs) to SP images generated from nanoparticle suspensions to clas-
sify SP images generated from 73 nanoparticle suspensions [41]. The 
classifier recognized nanoparticle material, size, and suspended phase 
concentration. In [42], Yan et al. used a transmission configuration 
to collect images of the SP produced by illuminating suspensions of 
plastic microspheres and milk powder with a He–Ne laser; then, they 
used a deep learning model for automatic recognition of samples with 
different particle concentrations, showing a good clustering capability. 
Endo et al. used a very similar configuration and applied CNNs to 
identify the size and concentration of microplastics [43]. However, 
these works only consider suspensions of plastic or silica particles with 
controlled geometry and dimension, prepared ad-hoc in the laboratory. 
In a previous work, we utilized SP imaging to test commercial milk 
and identify water-based milk adulteration [44]. The same group that 
authored paper [41], afterwards has also worked on the classification 
of off-the-shelf milk according to fat content [45] using the same 
CNN as in [41]. However, this work only focuses on commercial milk, 
pasteurized with ultra-high temperature (UHT) processes, which is far 
from exhibiting the same variability and complexity in composition as 
raw milk. Moreover, the authors did not provide additional information 
about the model uncertainty or about its explainability.

In contrast, our work is a thorough, yet preliminary, analysis of 
the applicability of SP imaging combined with AI to classify raw milk 
samples that are very similar in their nutritional contents, a scientific 
question that has never been addressed before. Our aim is to obtain 
a representation of the contents of the sample without quantifying 
the exact value of fats, proteins, and lactose. This is made possible 
by exploiting the SP imaging technique, since SPs contain information 
related to the sample composition. Even if the relationship between SP 
and milk composition is unknown, intelligent algorithms can help in 
recognizing different milk samples. By analyzing the SP images and 
extracting numerical parameters, we can describe the samples in a 
different feature space and find a way to link these features to the 
corresponding unique class (e.g., the sample label). A further and novel 
contribution is the metrological analysis of the method, allowing us 
to understand the reasons behind the classification outcomes. To this 
aim, we trained a feature-based model and an image-based model as 
examples to demonstrate the applicability of SP imaging and, at the 
same time, to explain why misclassification occurred in the models 
through uncertainty metrics. A simple and cost-effective optoelectronic 
configuration was adopted to generate and collect dynamic SPs of 20 
raw cow milk samples, which are enough for our purposes. Classifica-
tion of the samples was conducted on the basis of custom features used 
as predictors for an off-the-shelf Ensemble of Bagged Trees machine 
learning (ML) model, and compared with the performance of the CNN 
deep learning (DL) model described in [41].

2. Materials

2.1. Instrumental configuration

The configuration exploited to carry out experimental SP mea-
surements is shown in Fig.  1. The coherent light source chosen to 
irradiate the samples is a semiconductor laser diode (L658P040, Thor-
labs, NJ, USA) emitting red light (wavelength of 658 nm) at a max-
imum optical power of 40 mW. The diode is powered by a current 
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Fig. 1. Picture of the experimental setup with an example of an SP image 
obtained from a raw milk sample. Gray levels span from 0 (black) to 255 
(white).

driver (LDC500, Thorlabs, NJ, USA) and is connected to a temperature 
controller (PRO800, Thorlabs, NJ, USA) for thermal stabilization. An 
aspheric lens with an anti-reflection coating (C230260P-B, Thorlabs, 
NJ, USA) is used to focus the light onto the external front side of the 
surface of a transparent polystyrene cuvette of volume 4.5 mL, and size 
10×10×50 mm, containing the milk sample, at an angle of about 30◦. A 
linear polarizer (LPVISE100-A, Thorlabs, NJ, USA) is positioned before 
the lens to select only the main polarization component.

Images and videos of the SP generated by the scattering samples are 
acquired using a monochrome CMOS camera (Alvium 1800 U-158 m, 
Allied Vision, Germany) positioned in front of the cuvette. The camera 
orientation is selected to prevent the Snell reflection from the cuvette 
wall from reaching and saturating the CMOS sensor. The camera sensor 
has a size of 5.02 × 3.75 mm, a total number of pixels of 1456 × 1088, 
and a pixel size of 3.45 × 3.45 μm. A second linear polarizer is placed 
before the CMOS sensor. The camera is connected via USB to a laptop, 
allowing data acquisition through proprietary software (Vimba Viewer, 
Allied Vision, Germany). An example SP image obtained from a sample 
of raw milk is shown in the inset of Fig.  1.

2.2. Raw milk samples

In this work, we have analyzed raw milk, i.e. milk immediately after 
it is collected from the cows and not yet subject to any type of further 
processing. Raw milk is not pasteurized, homogenized, or sterilized, 
meaning that these types of samples deteriorate very quickly in an 
almost unpredictable way. As represented in Fig.  2, the scattering ele-
ments are constituted by the lipid globules (the dark yellow particles in 
the figure) and the caseins (the insoluble proteins of milk, represented 
by the brown elements in the figure), that float in the surrounding 
liquid phase constituted mainly by water, lactose, and soluble proteins. 
In raw milk, the dimension of fat globules is not uniform, since it 
is not homogenized, representing an additional factor of variability 
among the samples. It must be stressed that the dimension of the 
scattering elements also affects the resulting SP. Moreover, the higher 
the concentration of the lipid globules and caseins (hence, the higher 
the amount of scattering particles), the higher the amount of light back-
diffused by the sample, thus leading to SP images with higher intensity. 
The strength of the light scattering also depends on the refractive index 
difference 𝛥𝑛 between the particles and the surrounding liquid matrix. 
Indeed, while the refractive index 𝑛 of the fat globules is around 𝑛𝑓𝑎𝑡 ≃
1.46–1.47 RIU and that of casein globules is around 𝑛𝑐𝑎𝑠𝑒𝑖𝑛𝑠 ≃ 1.57 
RIU [46], that of the liquid matrix 𝑛  depends on the content of 
𝑚𝑎𝑡𝑟𝑖𝑥

3 
Fig. 2. Schematic representation of the scattering elements (lipid micelles and 
caseins) constituting raw milk samples.

water (𝑛𝑤𝑎𝑡𝑒𝑟 = 1.33 RIU) and on the concentration of lactose and 
soluble proteins. In more detail, the higher the content of the latter, 
the smaller the difference 𝛥𝑛, leading to a reduction of the back-
scattered light according to Fresnel formulas and so to a reduction of SP 
intensity. Hence, the concentration of suspended elements (fat micelles 
and casein globules) and of soluble elements (lactose and soluble pro-
teins) plays a counteracting effect on the generated SP: an increase of 
suspended element concentration determines more back-diffused light, 
while an increase of soluble element concentration tends to reduce the 
amount of back-scattered light. As a consequence, the average intensity, 
contrast, and spatial properties of SP images, described in detail in 
Section 3.1, are determined by the overall effect of this phenomena.

For our study, raw milk samples were collected from 20 different 
cows labeled with a numeric ID from 1 to 20 by the researchers of 
the CERZOO - Centro di Ricerche per la Zootecnia e l’Ambiente Research 
Center of Università Cattolica del Sacro Cuore (Piacenza, Italy). For 
each sample, fats, proteins, and lactose quantities were measured using 
a MilkoScan tester (Foss, Italy). The summary of these data can be 
found in Table  1. Proteins are divided into soluble and non-soluble.

2.3. Data collection procedure

A total of 4 acquisition Campaigns of experimental measurements 
were conducted on the day of the milking (D1), when all samples were 
collected, and the following day (D2). For all Campaigns, the laser 
current was set to 85 mA, resulting in an optical power of about 23 mW 
reaching the sample. The camera exposure time and frame rate were 
set to 800 μs and 50 fps, respectively. Such a value of the exposure 
time was chosen to reach a reasonable trade-off between sufficiently 
bright and clear SPs and not-saturated images. It must be noted that the 
chosen value of the exposure time is much longer than the typical SP 
decorrelation time for our specific experimental condition (of the order 
hundreds or even tenths of nanoseconds, due to multiple scattering 
and highly concentrated raw milk). Hence, with our low-cost industrial 
camera we can collect only uncorrelated partially developed [47] SP 
images, resulting from the sum of fully developed SPs, integrated over 
the exposure time [47]. However, this does not represent an issue since 
our entire analysis is based on the investigation of the statistical and 
spatial properties of the SP images rather than the temporal evolution 
of the SP.

The 20 raw milk samples were collected from the stable on day 
D1 and taken to the laboratory for testing right after milking. The 20
samples were always stored in a refrigerator at 𝑇 = 4 ◦C, as suggested 
in [48]. For each acquisition Campaign, a few milliliters of liquid were 
taken out to fill 3 rectangular cuvettes per milk sample, as shown in 
Fig.  3. Data acquisition Campaigns were designed and carried out as 
follows:
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Table 1
Nutrient composition of the samples. Fats, non soluble proteins (N-S.) and 
soluble proteins (S.), and lactose are expressed as (g/L) and were measured 
with a MilkoScan.
 Sample ID Fats N-S. Proteins S. Proteins Lactose 
 Sample_01 51.2 37.1 9.3 43.4  
 Sample_02 49.2 27.9 7.0 48.9  
 Sample_03 48.8 36.5 9.1 48.5  
 Sample_04 46.2 29.1 7.3 49.1  
 Sample_05 45.2 27.8 7.0 48.9  
 Sample_06 45.0 29.3 7.3 48.8  
 Sample_07 44.4 27.5 6.9 48.7  
 Sample_08 41.2 29.5 7.4 48.0  
 Sample_09 40.5 30.8 7.7 49.0  
 Sample_10 40.4 30.8 7.7 48.9  
 Sample_11 38.8 27.7 6.9 45.6  
 Sample_12 38.5 29.9 7.5 50.4  
 Sample_13 37.8 28.2 7.0 50.3  
 Sample_14 37.5 26.4 6.6 46.4  
 Sample_15 33.3 29.1 7.3 48.8  
 Sample_16 32.8 24.3 6.1 51.1  
 Sample_17 32.5 27.2 6.8 49.9  
 Sample_18 31.7 24.8 6.2 48.7  
 Sample_19 30.1 28.6 6.7 50.9  
 Sample_20 26.4 28.5 7.1 49.4  

1. Campaign 1: temperature of the cuvettes was set to 𝑇1 = 22 ◦C. 
The measurements were conducted on the morning of D1.

2. Campaign 2: temperature of the cuvettes was set to 𝑇2 = 22 ◦C. 
The measurements were conducted in the afternoon of D1.

3. Campaign 3: temperature of the cuvettes was set to 𝑇3 = 10 ◦C. 
The measurements were conducted in the afternoon of D1.

4. Campaign 4: temperature of the cuvettes was set to 𝑇4 = 22 ◦C. 
The measurements were conducted in the morning of D2.

It is worth noting that only the liquid inside the cuvettes was taken out-
side the refrigerator. For Campaigns 1, 2, and 4, the target temperature 
of 22 ◦C was reached by leaving the cuvettes at room temperature. For 
Campaign 3, the cuvettes were stored in a refrigerated environment 
until the liquid temperature reached 10 ◦C. The samples temperature 
was measured before each acquisition using a thermometer. These two 
working temperatures were chosen because cows are usually milked in 
stables where the average temperature, in different seasons, typically 
varies in the range 7–25 ◦C [49]. In addition, by testing samples at 
𝑇3 = 10 ◦C the effect of low temperature on the measurements was 
studied in comparison. Indeed, it is well known from the scientific 
literature that the temperature affects the Brownian motion of the 
scattering particles (lipidic micelles and caseins) in the suspension, and, 
hence, the resulting SP images [50].

A brand-new cuvette was used each time a new acquisition was 
conducted (so, for each sample, during each Campaign), for a total of 4
Campaigns × 20 raw milk samples cuvettes. The sample preparation 
was always conducted by gently shaking the raw milk sample to 
prevent particle precipitation, but without leading to foam formation. 
Acquisitions were repeated 3 times for each milk sample, collecting 100
frames each time (every group of 100 SP images will be called ‘‘set’’ 
from now on for simplicity), for a total of 6000 frames per Campaign 
(100 frames × 3 sets × 20 milk samples). This results in a dataset of 
24,000 frames (6000 frames per Campaign × 4 Campaigns).

3. Methods

Image analysis, feature extraction, and ML and DL model training 
and testing were conducted on a laptop equipped with an Intel i5 CPU 
of 1.60 GHz, 8 GB of RAM, 500 GB of HDD, and Windows 10 Pro. 
Moreover, a detailed analysis of the models’ performance is presented. 
The software used was MATLAB 2024b (Mathworks Inc., Natick, MA, 
USA).
4 
3.1. Features extraction

SP are monochromatic images that do not directly represent or visu-
alize the internal fluid structure or composition. However, the granular 
pattern distribution of the SP images and their statistical properties are 
strongly related to the sample content in terms of lipids, proteins, and 
carbohydrates, as previously described in Section 2.2. It is also known 
from the literature that concentration, dimension and structure of fat 
globules, proteins, lactose molecules and micelles formed by aggrega-
tion of caseins with calcium phosphate simultaneously contribute to the 
determination of the properties of scattered light [45,51–53]. Hence, 
SP images were pre-processed to extract relevant statistical and image-
based features that were then used as input for the ML models. A total 
of 16 features were extracted; 7 of them were selected according to 
the existing literature on statistical features for SP analysis [39,54], 4
extracted from the Gray-Level Co-Occurrence Matrix (GLCM) computed 
from each SP image, and 5 related to the distribution of the bright 
speckle grains and dark regions in the images, obtained after the 
application of image processing techniques. These features were chosen 
since they demonstrated promising results in a previous work [55].

The first 7 statistical features used are: (i) the image mean intensity 
(computed as the mean gray level value in the range [0 – 255]), (ii) the 
standard deviation of the image intensity, (iii) the image median, (iv) 
the image kurtosis, (v) the image skewness, and (vi–vii) the dimension 
of the SP grains along the x- and 𝑦-direction. These two parameters 
can be retrieved as the Full Width at Half Maximum (FWHM) of the 
autocovariance function of the SP image, which results in two values 
referring to the vertical and horizontal size of the SP grains (FWHMx 
and FWHMy, respectively). The autocovariance function, obtained from 
the calculation of the autocorrelation function, is commonly used in SP 
analysis [47,56].

The GLCM of an image represents the distribution of co-occurring 
pixel values at a given offset. It computes how often pairs of pixels 
with a specific intensity value and offset occur in the image, capturing 
patterns within it [57]. The (𝑖, 𝑗)𝑡ℎ element of the GLCM represents 
the number of times a pixel with intensity 𝑖 is neighbor to a pixel with 
intensity 𝑗. The GLCM is often used to analyze the texture of images and 
is a powerful tool in SP analysis. A GLCM was computed from every SP 
frame collected and then, from the GLCM sparse matrices, the following 
parameters were extracted: (i) GLCM contrast, (ii) GLCM correlation, 
(iii) GLCM energy, and (iv) GLCM homogeneity. GLCMs and their 
properties were computed using the MATLAB functions gracomatrix and
graycoprops, based on the formulations in [58].

The last 5 features were retrieved by applying an image processing 
analysis aimed at extracting features related to the inherent shape, 
dimension, and distribution of the bright and dark areas of the SP 
by means of blob analysis, which is a fundamental computer vision 
technique used to analyze the contents of an image [59]. First, the 
original SP image was binarized to enhance black and white regions. 
Binarization was performed using MATLAB’s imbinarize function, which 
automatically determines the binarization threshold to a value that 
minimizes the intraclass variance between thresholded black and white 
pixels [60]. Second, a blob analysis technique was applied to the 
binarized image to detect regions called ‘‘blobs’’ (i.e. regions of con-
nected pixels with the highest gray level value), which share common 
properties. It was observed that SP images contain wide regions with 
curved non-regular shapes and small regions almost resembling circles. 
The features extracted thanks to the blob analysis are: (i) number of 
blobs, (ii) mean area of the blobs in pixels, (iii) mean circularity of the 
blobs, (iv) mean eccentricity of the blobs, and (v) mean orientation of 
the blobs.

To reduce potential discrepancies among Campaigns and features 
with very different ranges and absolute values, all features were stan-
dardized using the z-score method [61].
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Fig. 3. Schematic representation of the cuvettes prepared for each sample 
during each Campaign. Data belonging to two out of three were included in 
the training datasets, while the third one was included in the test datasets. 
The cuvettes were randomly selected.

3.2. Datasets creation and training–testing strategy

The features explained in Section 3.1 and the original SP images 
were organized in training and testing datasets as summarized in Table 
2. To divide the datasets into training and testing, for each sample of 
each Campaign, the algorithm randomly selected one set among the 
available three (each set contains 100 SP, as described in Section 2.3). 
The selected set was included in the testing dataset, while the remain-
ing two were included in the training dataset (see Fig.  3). This ensured 
a balanced composition of the two datasets (about 66% of data used 
for training and 33% used for testing).

It is worth noting that the datasets used for ML analyses contain 
the 16 statistical features only, while the datasets used for DL analysis 
contain the original SP images center-cropped to size 640 × 480. Due to 
the properties of SP, the information contained is preserved even after 
cropping, thus reducing the training time of the DL models without 
losing information. Images were obtained by illuminating the sample 
with a red laser, but they are grayscale images (since they were ac-
quired with a black-and-white CMOS camera), suitable for DL training. 
Keeping this in mind, for the sake of simplicity, we will refer to the 
dataset names in the remainder of this paper without specifying what 
data are contained in them.

All the different datasets that we have considered and investi-
gated in our work are summarized in Table  2. Datasets containing 
the standardized features are represented by subscripts ‘‘𝛼’’, ‘‘𝛽’’, and 
‘‘𝛽2’’, while those containing standardized SP images are indicated by 
subscripts ‘‘𝛾 ’’, ‘‘𝛿’’, and ‘‘𝛿2’’, respectively, as specified in Table  2. 
Data from Campaign 3 (collected at sample temperature 𝑇3 = 10 ◦C) 
were excluded from datasets ‘‘𝛽’’ and ‘‘𝛿’’ but included in datasets ‘‘𝛼’’ 
and ‘‘𝛾 ’’, allowing us to test the impact of the sample temperature on 
prediction accuracy. Data standardization of all datasets was conducted 
using z-score: data contained in the training datasets were standardized 
(every feature on its own) using the mean and standard deviation 
obtained from the training datasets themselves. On the other hand, 
data in the test datasets were standardized using the same mean and 
standard deviation, computed on the corresponding training datasets 
as indicated in Table  2. It is worth noting that test datasets ‘‘𝛽2’’ 
and ‘‘𝛿2’’ include data from all Campaigns (as test datasets ‘‘𝛼’’ and 
‘‘𝛾 ’’, respectively), but were standardized using the mean and standard 
deviation of training datasets ‘‘𝛽’’ and ‘‘𝛿’’, respectively. This approach 
allowed us to study what happens if a ML/DL model is used to test data 
collected at a different temperature, data that the models have never 
5 
Table 2
Summary of the composition of the datasets. Instances refer to the number of 
data elements in the corresponding datasets. Both features and speckle pattern 
images were standardized using z-score.
 Dataset Campaigns Data type Instances Z-score on? 
 𝑇 𝑟𝑎𝑖𝑛𝑖𝑛𝑔𝛼 1, 2, 3, 4 16 Features 16,000 𝑇 𝑟𝑎𝑖𝑛𝑖𝑛𝑔𝛼  
 𝑇 𝑟𝑎𝑖𝑛𝑖𝑛𝑔𝛽 1, 2, 4 16 Features 12,000 𝑇 𝑟𝑎𝑖𝑛𝑖𝑛𝑔𝛽  
 𝑇 𝑟𝑎𝑖𝑛𝑖𝑛𝑔𝛾 1, 2, 3, 4 SP images 16,000 𝑇 𝑟𝑎𝑖𝑛𝑖𝑛𝑔𝛾  
 𝑇 𝑟𝑎𝑖𝑛𝑖𝑛𝑔𝛿 1, 2, 4 SP images 12,000 𝑇 𝑟𝑎𝑖𝑛𝑖𝑛𝑔𝛿  
 𝑇 𝑒𝑠𝑡𝑖𝑛𝑔𝛼 1, 2, 3, 4 16 Features 8000 𝑇 𝑟𝑎𝑖𝑛𝑖𝑛𝑔𝛼  
 𝑇 𝑒𝑠𝑡𝑖𝑛𝑔𝛽 1, 2, 4 16 Features 6000 𝑇 𝑟𝑎𝑖𝑛𝑖𝑛𝑔𝛽  
 𝑇 𝑒𝑠𝑡𝑖𝑛𝑔𝛽2 1, 2, 3, 4 16 Features 8000 𝑇 𝑟𝑎𝑖𝑛𝑖𝑛𝑔𝛽  
 𝑇 𝑒𝑠𝑡𝑖𝑛𝑔𝛾 1, 2, 3, 4 SP images 8000 𝑇 𝑟𝑎𝑖𝑛𝑖𝑛𝑔𝛾  
 𝑇 𝑒𝑠𝑡𝑖𝑛𝑔𝛿 1, 2, 4 SP images 6000 𝑇 𝑟𝑎𝑖𝑛𝑖𝑛𝑔𝛿  
 𝑇 𝑒𝑠𝑡𝑖𝑛𝑔𝛿2 1, 2, 3, 4 SP images 8000 𝑇 𝑟𝑎𝑖𝑛𝑖𝑛𝑔𝛿  

had the opportunity to learn during the training step. training–testing 
strategies are summarized in Table  3, where ‘‘ML’’ stands for Machine 
Learning models (structure detailed in Section 3.3.1), and ‘‘DL’’ stands 
for Deep Learning models (structure detailed in Section 3.3.2). More 
precisely, ML1 was obtained by training the model on dataset Training𝛼
and testing it on Testing𝛼 , ML2 by training on Training𝛽 and testing it 
on Testing𝛽 , and ML3 by training on Training𝛽 and testing on Testing𝛽2. 
Similarly, DL1 was obtained by training on dataset Training𝛾 and 
testing it on Testing𝛾 , DL2 by training on Training𝛿 and testing it on 
Testing𝛿 , and DL3 by training on Training𝛿 and testing it on Testing𝛿2.

3.3. Classification models

3.3.1. Machine learning models
MATLAB Classification Learner was used to conduct this analysis. 

The model of choice was an Ensemble of 30 Bagged Decision Trees. 
Bagged decision trees are a popular type of ML model because the 
problem of high variance affecting traditional decision trees is tackled 
by bootstrap aggregation (or bagging), a general-purpose procedure for 
reducing the variance of a statistical learning method. Ensembling is a 
methodology to improve the overall performance of a statistical model 
by training multiple learners (in our case, 30) and then combining 
them in a single model [62]. Decision trees are quick and easy ML 
models that are easily interpretable, avoiding the ‘‘black box’’ structure 
typical of neural networks. This is the main reason why the research 
community working on milk adulteration often adopts them [63,64]. 
Furthermore, for the goal of understanding classification uncertainty, 
decision trees are the best choice as highlighted in [65].

The model was automatically validated using cross-fold validation 
with 5 folds. This architecture was used for the ML training–testing 
combinations presented in Section 3.2 resulting in models ML1–ML3.

3.3.2. Deep learning model
Among the available DL models trained to classify image con-

tents (which are based on the convolution operation and are known 
as Convolutional Neural Networks or CNNs), the network described 
in [41] was specifically designed to work on SP images. These authors 
used it to distinguish colloidal suspensions of nanoparticles diluted in 
distilled water with remarkable results. For the purpose of this work, 
the original network described in [41] was modified and re-trained 
from scratch using the training datasets ‘‘𝛾 ’’ and ‘‘𝛿’’. The input images 
were of size 640 × 480 pixels, center-cropped from the original full-
resolution SP images, as described in Section 3.2. Pixel intensities 
contained in the SPs were standardized using z-score according to the 
model (e.g. standardization mean and standard deviation obtained from 
the training dataset were applied on the corresponding test dataset, as 
reported in Table  2). Pre-processed images were saved in .tif format 
to keep the negative values resulting from the standardization process. 
The network has 35 layers with 8 convolutional layers (containing 64
3 × 3 filters each), 4 max-pooling layers with 3 × 3 filter size, 7 batch 
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normalization layers, and 2 fully connected layers composed of 512 and 
256 neurons, respectively (output size equal to the number of classes, 
corresponding to the 20 samples ID). Training hyperparameters were: 
mini-batch size of 16, maximum epochs 30 with 1000 iterations each, 
learn rate schedule piecewise, initial learning rate 0.01, shuffle every 
epoch, learning rate drop period 10, optimization algorithm Stochastic 
Gradient Descent with Momentum set at 0.9. This model architec-
ture was used for the DL training–testing combinations presented in 
Section 3.2, resulting in models DL1–DL3.

3.4. Uncertainty analysis

The analysis and the quantification of the prediction process are 
fundamental to assessing the level of trustworthiness of the models. 
Several factors contribute to uncertainty in classification tasks, such 
as measurement noise, observation conditions, and the choice of the 
classification model. However, in classification, the main issue is the 
determination of class separability. Generally, an object is considered 
part of a certain class 𝐶 if described by features common to that class. 
Hence, the more separable the classes according to these features, the 
easier it is for a model to distinguish between them with relatively 
low uncertainty. When two classes have similar features, data points 
belonging to them become ambiguous because they can belong to both 
classes from the model point of view, thus increasing its prediction 
uncertainty. This is especially true in the case of data points belonging 
to datasets unseen by the model during training. Considering a certain 
SP image obtained from a milk sample, the sample can be represented 
in a high-dimensional space either by the custom 16 features described 
in Section 3.1 or by the pixel intensities of the SP images. If another 
sample has a similar composition, we expect that the resulting SP 
image will be similar as well, and thus its representation in the high-
dimensional space. Through uncertainty analysis, we can understand 
if the model can recognize the two samples as different or not, and, 
eventually, we can provide a measure of doubt related to the prediction. 
In this context, the work of Chlaily et al. [66] was a pivotal step in 
defining metrics that can answer two fundamental questions related to 
classification models: (i) how far is the model from a random guess, 
answered by geometry-based uncertainty metrics, and (ii) the type of 
confusion, answered by homophily-based uncertainty metrics.

A general classification model is trained to classify the input data 𝑥
into one of the 𝐶 classes defined in the model structure. After analyzing 
the input 𝑥, the model outputs a probability vector 𝑃𝑥 of size 1 × 𝐶, in 
which its 𝑖th elements 𝑃𝑖 contain the probability of the input 𝑥 of being 
classified as belonging to class 𝐶𝑖. The sum of all the 𝑖 elements in 𝑃𝑥
is equal to 1. When the classifier makes a prediction, it assigns to 𝑥 its 
predicted class by selecting the maximum of 𝑃𝑥. Ideally, 𝑃𝑥 contains 
only one class with probability equal to 1 while the others will be 0. 
This is the case when the classifier is perfectly certain of its decision 
outcome. The most uncertain case is when the probability values in 
𝑃𝑥 are all the same, equal to 1∕𝐶. In this case, the classifier cannot 
make a prediction, so it makes a random guess. It is important to stress 
that the uncertainty of the classifier is unrelated to its classification 
accuracy, meaning that the classifier can be certain of the prediction, 
but the predicted class can be completely wrong, or the prediction can 
be correct even if the classifier is uncertain about it. Please note that 
classification accuracy is generally computed as the number of correct 
classifications over the total number of predictions, and it is not the 
same as measurement accuracy.

Geometry-based metrics, as defined in [66], consider the prediction 
vector 𝑃𝑥 as an item in the space of all the possible probability combi-
nations, where the extremes correspond to certain cases where only one 
among the 𝐶 classes has a probability equal to 1, and the uncertain case 
corresponds to the case when all probabilities are equal to 1∕𝐶. Hence, 
geometry-based metrics aim to compute the distance of 𝑃𝑥 from the 
uncertain case (random guess).
6 
Homophily-based metrics, on the other hand, try to explain why 
the model makes wrong predictions. By considering the original dis-
tribution of features that describe the inputs, mistaking two classes 
with similar distributions is acceptable, while mistaking classes with 
no common characteristics suggests a wrong model choice or training 
strategy.

In this work, the geometry-based uncertainty metrics (𝐺𝑈) adopted 
are (i) the Normalized Gini–Simpson index [67] 𝐺𝑈𝐺𝑆 , and (ii) the 
normalized Shannon entropy [68] 𝐺𝑈𝑆𝐸 . Both are particular cases 
of Euclidean and Kullback–Leibler uncertainty metrics, respectively, 
as defined in [66]. The homophily-based uncertainty metric 𝐻𝑈 is 
computed according to the definition of the Energy distance [69] as 
in [66]. For the general mathematical definitions of metrics and their 
proof, the reader is encouraged to refer to the original article [66]. The 
software used to conduct uncertainty analysis was a modified version 
of the original code published on GitHub by authors of [66], and it was 
developed in Python 3.8 on the same machine described in Section 3.

3.4.1. Geometry-based metrics
After obtaining the trained models ML1–ML3 and DL1–DL3, each 

instance 𝑥 of the corresponding test dataset is elaborated to produce 
𝑃𝑥 of size 1 × 𝐶, where 𝐶 = 20. 𝑃𝑥 contains the per-class probability 
𝑃𝑖 of the input 𝑥 of being classified as belonging to class 𝐶𝑖. According 
to [66], the geometry-based uncertainty metrics used in this work are 
computed as follows, for a given input 𝑥:

𝐺𝑈𝐺𝑆 = 1 −

∑𝐶
𝑖=1 (𝑃𝑖 −

1
𝐶 )

2

(1 − 1
𝐶 )

(1)

𝐺𝑈𝑆𝐸 = 1 −
∑𝐶

𝑖=1 𝑃𝑖 ⋅ log(𝐶 ⋅ 𝑃𝑖)
log(𝐶)

(2)

These formulas are applied considering the predictions obtained by 
each trained model ML1–ML3 and DL1–DL3 on their specific test 
dataset individually. The results are grouped per ground-truth class, 
thus obtaining the average values of 𝐺𝑈𝐺𝑆 and 𝐺𝑈𝑆𝐸 with the cor-
responding standard deviation.

3.4.2. Homophily-based metrics
The type of confusion depends on the similarity of the class distri-

butions (e.g. their probability density function, or PDF) in the feature 
space and reflects how likely it is to confuse them. In our specific case, 
for ML models the data’s PDF corresponds to the standardized features 
described in Section 3.1, while for DL models the data’s PDF corre-
sponds to the pixel intensities stored in the images and standardized 
according to the procedure described in Section 3.3.2.

There can be two types of misclassification: (1) the model confuses 
two classes that are similar (e.g., close in the feature space), and (2) the 
model confuses two classes that are different (e.g., distant in the feature 
space). To these two cases, a different weight (or penalty) should be 
assigned. For case (1), the PDF of confused classes is similar, reflecting 
that the phenomenon represented by them is hard to distinguish, so 
the assigned weight should be low. On the other hand, for case (2), 
the model confuses classes with different PDFs, highlighting that the 
model chosen is not the best for the phenomenon object of the study, or 
that it was not trained correctly. Hence, the assigned weight should be 
high. These weights are represented by the pairwise distance between 
𝐶 classes (with 𝐶 ranging from 1 to the maximum number of classes the 
model is trained to recognize), quantified by the Energy distance [69], 
which is a similarity measure between the classes’ PDF. Energy distance 
between classes is calculated on the corresponding test dataset and 
represented in the form of an Energy matrix 𝐇, in which values close 
to 0 represent classes that have similar PDFs, while values close to 
1 represent the opposite case. By definition, 𝐇 is a symmetric matrix 
with non-negative elements and zero values on the main diagonal. The 
computation of 𝐇 is conducted considering the classes’ PDF; hence, in 
our case, the 16 features for ML models, and the pixel intensities of 
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the original SP images for DL models. To effectively use the original 
SP images as PDFs for DL models, they are treated as one-dimensional 
vectors thanks to a rolling operation (e.g., all the rows of the image 
matrix are procedurally moved one next to the other, forming a vector 
of 1 row and 𝑁𝑝𝑥 columns, where 𝑁𝑝𝑥 represents the total number of 
pixels in the image). Considering that the frames used for the training 
of DL models were center-cropped to a resolution of 640 × 480 pixels, 
𝑁𝑝𝑥 is equal to 307,200 pixels.

The procedure to calculate the energy matrix 𝐇 was as follows:

1. Input data creation: A matrix 𝐗 containing the features of all the 
instances in the test dataset of choice is created. The matrix 
has size 𝑁𝑖𝑛𝑠𝑡𝑎𝑛𝑐𝑒𝑠 × 𝑁𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠, where 𝑁𝑖𝑛𝑠𝑡𝑎𝑛𝑐𝑒𝑠 corresponds to 
the number of instances in the test dataset (see Table  2) and 
𝑁𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠 is either equal to 16 in the case of ML models or to 
the total number of pixels in the SP, 𝑁𝑝𝑥, for DL models. Then, 
the ground-truth vector 𝐘 is created, containing the true class 
number from 1 to 20 of the milk samples. This vector has size 
𝑁𝑖𝑛𝑠𝑡𝑎𝑛𝑐𝑒𝑠 × 1. Please note that matrix 𝐗 and vector 𝐘 have the 
same order of rows; thus, the features in 𝐗 at row 𝑖 correspond 
to the ground-truth in 𝐘 at row 𝑖.

2. Selection of pairs: The algorithm creates two sub-matrices, 𝑆𝑖 and 
𝑆𝑗 , by selecting the rows of 𝐗 that correspond to class 𝑖 and 𝑗, 
respectively. To check if a specific row of 𝐗 belongs to a certain 
class, the data in 𝐘 is used. As explained in Section 3.2, the test 
datasets contain 100 instances for every specific class and for 
each Campaign, corresponding to 400 instances for datasets ‘‘𝛼’’, 
‘‘𝛽2’’, ‘‘𝛾 ’’, and ‘‘𝛿2’’; and 300 instances for datasets ‘‘𝛽’’ and ‘‘𝛿’’. 
By calling this value 𝑁𝑡𝑒𝑠𝑡, it is straightforward to obtain the size 
of 𝑆𝑖 and 𝑆𝑗 as 𝑁𝑡𝑒𝑠𝑡 ×𝑁𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠.

3. Pairwise Energy computation: The Energy distance is computed 
using the SciPy function ‘‘energy_distance’’ belonging to the 
statistical package [70], considering iteratively all the elements 
of 𝑆𝑖 and 𝑆𝑗 corresponding to a certain feature in column 𝑓
(from 1 to 𝑁𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠). This operation produces a vector 𝐃𝐇 of 
size 1 × 𝑁𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠. The value of 𝐇 corresponding to the current 
pairwise computation (𝑖, 𝑗) is obtained as 𝜇(𝐃𝐇) + 𝜎(𝐃𝐇), where 
𝜇(𝐃𝐇) correspond to the mean of vector 𝐃𝐇, and 𝜎(𝐃𝐇) to its 
standard deviation.

Then, according to the definition in [66], 𝐻𝑈 is computed as: 

𝐻𝑈 =
𝐏𝑇 ⋅ (𝐇⊙𝐇) ⋅ 𝐏

𝐏𝑇
𝑚𝑎𝑥 ⋅ (𝐇⊙𝐇) ⋅ 𝐏𝑚𝑎𝑥

(3)

where 𝐏 corresponds to the matrix of all the predictions 𝑃𝑥 and it is of 
size 𝑁𝑖𝑛𝑠𝑡𝑎𝑛𝑐𝑒𝑠 × 20, where 𝑁𝑖𝑛𝑠𝑡𝑎𝑛𝑐𝑒𝑠 is the size of the test dataset con-
sidered. The symbol ⊙ denotes the Hadamard product and superscript 
𝑇  the transpose operation. 𝐏𝑇

𝑚𝑎𝑥 is obtained as 𝑎𝑟𝑔𝑚𝑎𝑥(𝐏𝑇 ⋅ (𝐇⊙𝐇) ⋅ 𝐏). 
Please note that the abovementioned formula is applied considering the 
predictions obtained by each trained model ML1–ML3 and DL1–DL3 
on their specific test dataset individually. The results are grouped per 
ground-truth class, thus obtaining the average values of 𝐻𝑈 with the 
corresponding standard deviation.

4. Results and discussion

As a preliminary step toward milk identification, a Principal Com-
ponent Analysis (PCA) [71] was conducted on the standardized features 
of each Campaign individually to visualize the distribution of the milk 
sample data according to the first two principal components (PC). The 
PCs are a new representation of the original reference system, allowing 
the data to be described in a lower-dimensional space (e.g. from space 
16 to space 2) without losing information. They are calculated by 
MATLAB and ordered according to the percentage of data variance they 
explained; hence, by choosing the first two, we selected the PC that 
explained more than 90% of data variance. The result of this analysis 
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Table 3
Summary of the validation and testing results for models ML1–ML3 and 
DL1–DL3. Model performance is assessed using prediction accuracy on the test 
dataset of each model [%]. Processing and training time of all models is shown 
for quick reference.
 Training Test Model Accuracy Proc./Training time 
 𝑇 𝑟𝑎𝑖𝑛𝑖𝑛𝑔𝛼 𝑇 𝑒𝑠𝑡𝑖𝑛𝑔𝛼 ML1 95% 4 h ∕ 20 min  
 𝑇 𝑟𝑎𝑖𝑛𝑖𝑛𝑔𝛽 𝑇 𝑒𝑠𝑡𝑖𝑛𝑔𝛽 ML2 94% 4 h ∕ 20 min  
 𝑇 𝑟𝑎𝑖𝑛𝑖𝑛𝑔𝛽 𝑇 𝑒𝑠𝑡𝑖𝑛𝑔𝛽2 ML3 71% 4 h ∕ 20 min  
 𝑇 𝑟𝑎𝑖𝑛𝑖𝑛𝑔𝛾 𝑇 𝑒𝑠𝑡𝑖𝑛𝑔𝛾 DL1 95% 2 h ∕ 30 h  
 𝑇 𝑟𝑎𝑖𝑛𝑖𝑛𝑔𝛿 𝑇 𝑒𝑠𝑡𝑖𝑛𝑔𝛿 DL2 94% 2 h ∕ 30 h  
 𝑇 𝑟𝑎𝑖𝑛𝑖𝑛𝑔𝛿 𝑇 𝑒𝑠𝑡𝑖𝑛𝑔𝛿2 DL3 72% 2 h ∕ 30 h  

is shown in Fig.  4 for Campaign 2 (𝑇2 = 22 ◦C) and Campaign 3 
(𝑇3 = 10 ◦C). The PCA results of the other two Campaigns were omitted 
for brevity since they are similar.

The PCA analysis of Campaigns 2 (Fig.  4(a)) shows distinguishable 
round clusters, but several outliers belonging to different classes appear 
overlapped. Clusters in Campaign 3 (Fig.  4(b)) are more separated, 
showing an elliptical shape, and appear less spread, thus with a lower 
inter-class variance. This behavior is likely due to the lower tempera-
ture of the samples during the measurement (𝑇3 = 10 ◦C), leading to a 
slightly less relevant impact of Brownian motion. Performing the same 
data analysis using the first three PCs resulted in similar outcomes, with 
previously overlapping clusters slightly more separable thanks to the 
third coordinate. These outcomes suggest that simple clustering algo-
rithms could separate some classes from the others, especially if applied 
to data of individual Campaigns, but they are not sufficiently powerful 
to robustly distinguish each class. This is even more evident considering 
the differences between the clustering obtained for each Campaign, 
mainly due to slightly different environmental conditions. This reflects 
the intrinsic variability of the measurement when conducted on raw 
milk, which in turn affects the formation of SP images. In addition, 
the similarity between clusters of milk samples depends mostly on 
their nutritional contents, but also on a combination of several factors, 
including lactation stage, days of lactation, cow’s weight, and the fact 
that they are fed the same way and live on the same farm, not to 
mention physical properties of raw milk affecting the formation of 
SP images (for example, the sample temperature). Since the desired 
inspection method should be able to differentiate samples regardless 
of the acquisition Campaign, ML and DL models are confirmed to be 
the most suitable analysis techniques for the task.

4.1. Classification results

All models were trained according to the training–testing strategy 
presented in Section 3.2 nad 3. Prediction accuracy was used to assess 
the model performance, which is defined as the number of correct pre-
dictions of a given class over the number of ground-truth occurrences 
of the class in the dataset. Results are summarized in Table  3 for both 
ML and DL models, including processing and training times required 
for each model for quick reference. ML1, ML2, DL1, and DL3 led to 
a very high overall accuracy of 95% (ML1–DL1) and 94% (ML2–DL2), 
respectively. On the other hand, for ML3 and DL3 (for which Campaign 
3 was excluded from the training but included in the test), prediction 
accuracy notably drops on the corresponding test dataset to 71% and 
72%, respectively. This result was expected and confirms that data 
collected at different sample temperatures cannot be correctly classified 
if they are not included in the training of the models.

Confusion matrices of the best-performing models (ML1 and DL1) 
are shown in Figs.  5(a) and 5(b), and of the worst-performing models 
(ML3 and DL3) are shown in Figs.  5(c) and 5(d). For all models and for 
all classes, four extra prediction metrics are summarized in Fig.  6 for 
ML and DL models, respectively. The prediction metrics considered are: 
the true positive rate (TPR), also known as sensitivity, the false negative 
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Fig. 4. Result of the PCA analysis applied to all the features of the cow milk samples for each Campaign individually. (a) Campaign 2 (𝑇2 = 22 ◦C), (b) Campaign 
3 (𝑇3 = 10 ◦C).
rate (FNR), the positive predicted value (PPV), and the false detection 
rate (FDR). TPR is the probability that an actual positive will test pos-
itive, while FNR represents the probability that a true positive will be 
missed by the test. PPV and FDR offer further insights into the results: 
PPV represents the probability of the prediction being correct among 
all true positive and true negative results, while FDR represents the 
number of false positive classifications to the total number of positive 
classifications. It is worth mentioning that 𝑇𝑃𝑅+𝐹𝑁𝑅 = 𝑃𝑃𝑉 +𝐹𝐷𝑅 =
100%. These metrics can be derived from the confusion matrix as the 
row (TPR and FNR) and column (PPV and FDR) summaries, normalized 
over the corresponding row or column.

Interestingly, for both ML3 and DL3 (Figs.  5(c) and 5(d)) the con-
fusion matrices show that several milk samples are classified as if 
they were Sample_12, but, on the other hand, correctly identifies 
the occurrences of Sample_12 in almost 100% of cases. Moreover, in 
ML3, Sample_09 and Sample_12 have quite high FDR (51% and 78%, 
respectively), indicating that the model often predicts those two classes 
when the ground truth was a different class. The same happens for DL3 
in the case of Sample_09 (34%), Sample_10 (34%), Sample_12 (70%), 
Sample_18 (60%), and Sample_19 (50%). By looking at the clusters in 
Fig.  4, Sample_12 does not appear to overlap much with other clusters, 
while the other four are overlapped in couples (Sample_09 overlaps 
with Sample_10, Sample_18 overlaps with Sample_19), especially in 
Campaign 2 (Fig.  4(a)). This suggests that the composition of these 
samples produces similar SP features; in fact, samples with better clas-
sification accuracy overlap only in some Campaigns (e.g., Sample_04 
and Sample_14 overlapping in Campaign 2 but not in Campaign 3, as 
shown in Fig.  4).

Overall, the performance of the two architectures is almost identi-
cal, so the choice of the right approach should be driven by other fac-
tors, such as the simplicity of training, the computational requirements 
needed, or the model’s uncertainty. DL models required a conceptually 
easier pre-processing procedure (e.g., cropping of the central region 
of the frames and SP z-score standardization), but stricter hardware 
requirements (e.g. disk space to store the standardized SP, suitable 
processing units to run the DL model). Overall, the pre-processing step 
needed by DL models took 10 h per dataset and 55 Gb of disk space, 
and the model training took approximately 30 h per model. On the 
other hand, ML models require the user to conduct a thorough feature 
engineering process, corresponding to a processing time of around 4 h 
per model to compute the standardized features, but the produced 
feature tables took only 20 Mb of disk space and the model training 
required only 20 min each. Moreover, the inference time (i.e., the time 
8 
required by a trained model to compute a single prediction on a new 
sample) of DL models is around 100 ms, in contrast with 40 ms for ML 
models.

4.2. Results of uncertainty analysis on trained models

As extensively explained, some milk samples have very similar 
composition (see Table  1). This translates in SP similar characteristics 
(either features for ML or pixel intensities for DL) and, in turn, affects 
the model performance. This is precisely why studying the uncertainty 
of the model is important. First, Energy matrices were computed for 
all test datasets: ‘‘𝛼’’, ‘‘𝛽, and ‘‘𝛽2’’ for ML models ML1, ML’’, ML3, 
‘‘𝛾 ’’, ‘‘𝛿’’, and ‘‘𝛿2’’ for DL models DL1, DL2, DL3. For sake of brevity, 
only Energy matrices related to the test datasets ‘‘𝛼’’ (𝐇𝜶) and ‘‘𝛾 ’’ (𝐇𝜸) 
related to datasets ‘‘𝛽’’, ‘‘𝛽2’’, ‘‘𝛿’’, and ‘‘𝛿2’’ show similar values. The 
two matrices containing normalized values in range [0, 1] are shown 
as heat maps in Figs.  7(a) and 7(b), respectively. In the case of 𝐇𝜶 , 
it is highlighted that Sample_18, Sample_19, and Sample_20 are similar 
because they have a low Energy distance, just as Sample_09, Sample_10, 
and Sample_12. Other classes present quite low Energy values as well, 
for example, Sample_14, Sample_16, and Sample_17. However, for 𝐇𝜸
the same considerations are not true since it appears mostly green 
(values greater than 0.5). It is also interesting to note that those pairs 
that exhibited high Energy (pairs with no similarities) in 𝐇𝜶 do the 
same in 𝐇𝜸 (e.g., Sample_01, Sample_04, Sample_07, and Sample_11 are 
not similar to Sample_18, Sample_19, and Sample_20). In addition, by 
checking the rows of 𝐇𝜶 and 𝐇𝜸 it is possible to visualize which class 
is generally similar to the others. For example, by looking at 𝐇𝜶 , even 
if Sample_18, Sample_19, and Sample_20 are similar, they appear to 
be distant from the other classes. On the other hand, Sample_05 and 
Sample_03 often present values around 0.5 or lower, suggesting that 
they share similarities with a lot of classes. However, this is not the 
case for 𝐇𝜸 , for which it is evident that similar classes are just a few and 
most of them have an Energy value around 0.5. This results in higher 
penalties in the computation of uncertainty, as described in Section 3.4.

Results of the three uncertainty metrics (𝐺𝑈𝐺𝑆 , 𝐺𝑈𝑆𝐸 and 𝐻𝑈) are 
shown in Fig.  8 for ML models and in Fig.  9 for DL models, where 
different colors indicate different models. The average value per class is 
shown as a colored bar, and the standard deviation is the error bar (only 
the positive is shown since negative probability is meaningless). A value 
of 100% indicates maximum uncertainty. We recall that the uncertainty 
metrics described in Section 3.4 are obtained by considering, for each 
trained model ML1–ML3 and DL1–DL3, the predictions computed on 



C. Nuzzi et al. Measurement 258 (2026) 119246 
Fig. 5. Confusion matrices of the model performance achieved on the test set for the best-performing models, (a) ML1 and (b) DL1, and the worst-performing 
models, (c) ML3 and (d) DL3.
the corresponding test dataset according to Table  2. Values close to 
100% correspond to higher uncertainty.

Since geometry-based uncertainty metrics 𝐺𝑈𝐺𝑆 and 𝐺𝑈𝑆𝐸 repre-
sent the distance of the model from a random guess (case of maximum 
uncertainty with all elements of the prediction vector 𝑃𝑥 equal to 1∕𝐶), 
low uncertainty means that the model is often sure of its predictions, 
regardless of their correctness. 𝐺𝑈𝐺𝑆 is on average below 20% for ML1 
and ML2 with almost double standard deviation. For ML3 results are 
worse, in a few cases reaching almost 30% (doubled if considering the 
standard deviation). This was expected since ML3 is tested on dataset 
‘‘𝛽2’’ which includes data from Campaign 3 that was excluded from the 
training. For 𝐺𝑈𝑆𝐸 , the values are generally halved compared to 𝐺𝑈𝐺𝑆 , 
typically under 20% if considering the standard deviation. Notably, 
for DL models 𝐺𝑈𝐺𝑆 and 𝐺𝑈𝑆𝐸 are generally comparable with the 
ML counterparts, reaching lower values overall (except for Sample_14 
for which the values are worse in both cases). This suggests that the 
DL models are more confident of their predictions compared to ML 
models. Interestingly, the performance of the Sample_12 class is always 
the best for all models, reflecting the behavior already observed in the 
confusion matrices and prediction metrics. It is interesting to note that 
geometry-based metrics are related to FNR values reported in Fig.  6. 
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Generally, classes for which FNR is lower than 6% also show notably 
lower uncertainty values, as in the case of Sample_12 and Sample_20 
for all ML models, and for Sample_05 and Sample_12 for all DL models.

As for the homophily-based uncertainty 𝐻𝑈 , it is interesting to note 
that it follows the general trend of geometric-based uncertainty for 
both ML and DL models: classes that showed high 𝐺𝑈𝐺𝑆 and 𝐺𝑈𝑆𝐸
values also show high 𝐻𝑈 values and vice versa. According to [66] 
and to Eq. (3), high 𝐻𝑈 values indicate that the model confuses distant 
classes. This is also explained by how the Energy matrix is used in the 
formula, which assigns a higher penalty the more distant the classes are 
(corresponding to an Energy value close 1). Considering the matrices 
in Fig.  5, and the Energy matrices in Fig.  7, 𝐻𝑈 values in Fig.  8(c) 
and Fig.  9(c) are mostly due to confusions between close classes (red 
color in 𝐇𝜶 and 𝐇𝜸) than distant ones, which are often classified 
correctly. This reflects the fact that the many samples have similar 
nutritional contents (as highlighted by the Energy matrices in Fig.  7.) 
However, when misclassifications between distant classes happen, their 
contribution toward the total uncertainty 𝐻𝑈 is high. It is worth noting 
that 𝐻𝑈 values obtained from DL models are generally higher than 
the counterparts for ML models, reaching a maximum higher than 
20% (40% if considering the standard deviation) for Sample_14. In 
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Fig. 6. Summary of performance metrics computed on the test datasets of the corresponding ML and DL models. Results are summarized per sample ID.

Fig. 7. Energy matrices related to (a) test dataset ‘‘𝛼’’ used for ML1 (𝐇𝜶), and (b) test dataset ‘‘𝛾 ’’ used for DL1 (𝐇𝜸). Values range from 0 (red) to 1 (green), 
indicating pairs of classes with very similar or very distant PDFs, respectively.
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comparison, for ML models, the average uncertainty is of 10% (20% 
if considering the standard deviation). This result can be explained by 
the Energy matrix 𝐇𝜸 in Fig.  7(b) in which most classes have a value 
of 0.5, thus the formula applies a higher penalty. In fact, the Energy 
matrix 𝐇𝜸 contains more values closer to 1 (distant case, resulting in 
heavier penalties in the formulation of 𝐻𝑈) compared to 𝐇𝜶 , partially 
explaining why for DL models 𝐻𝑈 values are higher and with higher 
variability than the ones obtained for ML models. This behavior reflects 
the tendency of DL architectures to confuse classes regardless of their 
similarity (e.g., Energy) more often than ML models.

Finally, for ML3 and DL3, the confusion matrices highlight how the 
models typically predict almost all classes as Sample_12. However, the 
corresponding uncertainty metrics are low, suggesting that the models 
are always confident of their predictions despite being wrong 25% of 
the time (100 out of 400 occurrences per class) for almost all the classes. 
This behavior is extremely dangerous and highlights that ML3 and DL3 
are not robust toward unseen data. This reflects the difficulty of the 
problem of raw milk sample classification, already demonstrated by the 
clustering results in Fig.  4.

To conclude, ML and DL models demonstrated a very similar behav-
ior, reaching the same prediction accuracy overall. The only difference 
between the two approaches is in the uncertainty results, which may 
help users choose the right approach for their specific application. 
By coupling geometry-based and homophily-based uncertainties, it is 
possible to deeply understand the models’ behavior. On one hand, 
DL models confuse distant classes more often and are sure of the 
predicted class, making it harder for the final user to understand 
why misclassification happens. On the other hand, since ML models 
are feature-based, it is easier to understand why certain classes get 
confused with each other, given the more intuitive explainability of the 
features and their relationship with the SP formation process. Higher 
geometry-based uncertainty values coupled with low homophily-based 
uncertainty values suggest that the models correctly distinguish among 
classes given their features, but give room to prediction uncertainty for 
all the cases in which misclassification happen. This behavior can be a 
plus if more refined ML models were to be developed that incorporate 
the ‘‘uncertain case’’.

5. Conclusions

In this work, we have presented the preliminary results proving the 
applicability of an innovative measurement method based on the inte-
gration of SP imaging and artificial intelligence models (both ML and 
DL) to carry out analyses on raw cow milk samples, for the first time to 
the best of our knowledge. Using a low-cost, easy-to-use instrumental 
configuration featuring a red-emitting semiconductor laser and a CMOS 
camera, we have carried out 4 experimental Campaigns and collected 
a total of 24,000 SP images generated by illuminating 20 milk samples 
with similar nutritional composition. To understand the applicability of 
the method, we tested one off-the-shelf ML model and one DL model 
developed for milk SP analysis. The goal of our study was to investigate 
which strategy is more promising and why when applied to milk 
samples with similar nutritional composition. In addition, the impact 
of the samples’ temperature was investigated as well. To this aim, an 
important part of our work has been devoted to the metrology aspect 
of the presented methodology, that is, the estimation of the prediction 
uncertainty. In particular, uncertainty analysis tries to explain how the 
similarity of the samples is reflected by the models’ performance. By 
combining all the available metrics (confusion matrices, performance 
metrics, uncertainty metrics), the performance of the tested models can 
be comprehended in full.

In conclusion, SP combined with intelligent methods to analyze 
the results demonstrated to be a powerful tool capable of successfully 
distinguishing between milk samples of raw cow milk with similar 
nutritional content, especially if the analysis is coupled with all the rel-
evant metrics to understand the models’ behavior. Both feature-based 
11 
Fig. 8. Uncertainty values for machine learning models ML1–ML3 computed 
for the three metrics, (a) 𝐺𝑈𝐺𝑆 , (b) 𝐺𝑈𝑆𝐸 , and (c) 𝐻𝑈 .

and image-based approaches were successful, achieving an overall 
accuracy higher than 90%. Compared with ML models, uncertainty 
metrics highlighted that DL models tend to be more certain of their 
predictions, even if they confuse both close and distant classes equally, 
not giving room for doubt or explainability of the results. This is 
a characteristic reflecting the models’ architecture and serves as a 
guide for the final users in choosing the right model for their appli-
cation. Moreover, as highlighted by the cluster-based results of the 
data, temperature has a great impact on SP images formation, thus 
producing higher uncertainty in those models that were not trained to 
see the data acquired at different temperatures. In fact, measurement 
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Fig. 9. Uncertainty values for deep learning models DL1–DL3 computed for 
the three metrics, (a) 𝐺𝑈𝐺𝑆 , (b) 𝐺𝑈𝑆𝐸 , and (c) 𝐻𝑈 .

conducted at low temperatures resulted in better separated clusters. 
However, conducting measurements on refrigerated raw cow milk is 
not often possible (e.g., after milking in stables), so we demonstrated 
the applicability of the method also on samples at ambient temperature.

Given the success of the conducted analysis, future works will 
be devoted to improving the instrumental configuration, focusing on 
commercial milk samples that are properly pasteurized. New ML and 
DL models will also be considered for the analysis, thus advancing the 
state-of-the-art of measurements for milk quality. As a future develop-
ment, we will also expand our dataset by including more cow breeds, 
farming conditions, and seasonal variations, and we will focus on 
12 
grouping different cows based on specific parameters (e.g., nutritional 
content, lactation stage, dietary regime). In addition, the reflectance 
properties of milk captured by hyperspectral imaging techniques can be 
used as well as input features for a classifier, as demonstrated by [72]; 
hence, this approach will be investigated in the future in comparison 
with the SP-based technique presented in this work. Finally, despite 
being the stepping stone toward a full comprehension of the measure-
ment pipeline proposed, we only scratched the surface of the problem. 
A deeper study on how lipids, proteins, and lactose affect the generation 
of SP images is still lacking. Leveraging the findings described in this 
article, our research will focus on this topic in the near future.
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