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A B S T R A C T   

This study applies the single drop techniques to compare the efficacy of Raman, FT – NIR, and FT-MIR spectral 
imaging to quantify lactose concentration in dried whole milk on different metallic surfaces. Drying the samples 
avoids degradation problems such as water evaporation or oil degradation and scattering due to micelles. 
Spectral imaging techniques minimise sampling issues while also describing the sample spatial variation. The 
mean spectra of pre-processed images were used to build PLS regression models to predict lactose concentration. 
Raman, FT – NIR (5600–3730 cm− 1), FT–MIR (3533–600 cm− 1) models and the model obtained using the fusion 
of the three ranges were built independently and compared. This study confirms that is possible to quantify 
lactose rapidly using spectral imaging without adding standard references: the minimum RMSEP = 2.8 mg/mL 
(R2 = 0.98) was achieved with FT – MIR spectral imaging.   

1. Introduction 

Milk, an emulsion with different components (i.e., fats, water, pro
teins, and carbohydrates), is a complex matrix. Lactose intolerance is a 
common genetic condition that has increased the demand for “lactose- 
free” or “low lactose concentration” products and, in general, the 
requirement for products with controlled lactose concentration. To 
control milk quality and comply with labelling legislation, dairy in
dustries need a cost-effective, accurate, sensitive, and robust lactose 
quantification method. Standard techniques, such as gravimetry, 
polarimetry, mid - infrared (MIR) detection, chromatography, and dif
ferential pH assay, are currently applied worldwide for lactose deter
mination. A schematic and complete description of them can be found in 
Gambelli (2017). 

Spectroscopic techniques have been investigated for non-destructive 
analysis of chemical components in several food matrices, for instance 

for food authentication (Biancolillo et al., 2020; Li Vigni et al., 2020), 
assessment of food safety (Valand et al., 2020; Wu et al., 2021), deter
mining adulteration, for example in butter (Taylan et al., 2020), or to 
control packaging degradation (Baskaran & Sathiavelu, 2020). As such, 
these techniques are gaining traction as a robust quality control tool. 

In terms of milk, the mid-infrared region has been extensively 
investigated as a major tool to quantify milk components (Portnoy & 
Barbano, 2021). For instance, protein, carbohydrate, and fat content 
have been quantified in commercial milk from different regions (Italy, 
Switzerland, and Spain) comparing the performances of a portable and a 
benchtop ATR – MIR (Gorla et al., 2020). In a recent study, lactose, 
protein, fats and total solids contents in raw cow and camel milk have 
been analysed using both near-infrared and mid-infrared spectroscopy. 
A correlation between the two types of milk has been assessed 
(Mohamed et al., 2021). 

Focusing on lactose, mid-infrared spectroscopy using the ATR 
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modality has been successfully applied to discriminate between regular 
and lactose-free cow milk. In addition, the range 935–1200 cm-1 was 
found has the most suitable for lactose quantification (Pinto et al., 
2021). 

In addition, lactose has been quantified using Raman spectroscopy in 
combination with crystal violet as an internal standard by Li et al. 
(2015). Phenylalanine and crystal violet internal standards for lactose 
quantification in dried milk have been compared by Vaskova and 
Buckova (2016). More generally, a recent review summarises the 
application of Raman spectroscopy in the dairy field (He et al., 2019). 

Analysis of the aqueous phase in a milk emulsion can be challenging, 
as water has a strong signal in the Infrared region which can cover some 
desirable information. Also, water can represent a problem for analyses 
over a prolonged time period as evaporation changes the sample and 
consequently its vibrational spectrum. As reported by Lynch, Barbano, 
Schweisthal, and Fleming (2006), Mohamed et al. (2021) and Pinto et al. 
(2021) sample inhomogeneity, i.e., the casein micelles and fat globule 
structure can represent a problem during the analysis. In fact, the 
tridimensional structure may induce light scattering, affecting the 
spectroscopic analysis (Cattaneo et al., 2009). In addition, the experi
mental conditions (i.e., temperature, pH, agitation, etc.) can change the 
micelles’ structure and so the sample homogeneity and cause fat dete
rioration (Holt et al., 2013; McMahon & Oommen, 2008). Pinto et al. 
(2021) propose the use of spectral pre-processing, such as Multiplicative 
Scatter Correction (MSC), as a solution. In another paper, to avoid fat 
deterioration and sample inhomogeneity, milk samples were maintained 
at 41 ◦C (Lynch et al., 2006). In addition, the presence of water affects 
the signal-to-noise ratio (S/N) in Raman spectra: in particular, the 
impact on the spectral signal, and, consequently, on model quality, be
comes more and more relevant with increasing spectral resolution. 
Mazurek et al. (2015) solved this problem using chemometrics tools like 
Fast Fourier transform (FFT) filter to remove the noise from Raman 
spectra and MVN algorithm to normalise the spectra. However, the error 
for the test set in Mazurek et al. (2015) was higher than in the study of 
Pinto et al. (2021). 

To overcome these problems, a single dry drop approach is investi
gated in this study as a potential solution. The milk samples have been 
analysed after 48h as the maximum drying time point. In order to 
investigate possible sample inhomogeneity during the drying process, 
spectral imaging techniques have been used. In fact, previous research 
has indicated that spectral imaging is superior to traditional point scan 
spectroscopy as it alleviates sampling problems, providing a suitable 
method to ensure that the multiple point approach is representative of 
the entire sample (Alves da Rocha et al., 2015; Tan et al., 2017). 

In addition, the applications of spectral imaging in the dairy field 
have been extensively reviewed and discussed in the chapter “Spectral 
Imaging for Dairy Products” (Gowen et al., 2020). Recent research has 
demonstrated the ability of spectral imaging, specifically Raman and FT 
– IR, to distinguish different dairy products based on fats and carbohy
drates content (Caponigro et al., 2019) 

This study focuses on the spectral imaging analysis of a single dry 
whole milk drop with varying lactose concentrations applied on surfaces 
related to dairy production, i.e., stainless steel AISI - 304 and AISI - 316 
and aluminium. These surfaces can be washed and sterilised as the in
dustrial process requires. In order to study the lactose distribution over 
the drop and an eventual sample inhomogeneity, spectral imaging has 
been preferred to traditional point scan spectroscopy to accomplish the 
experimental goal: quantifying lactose in dry milk. The study aimed to 
optimise image pre-processing and create robust models of micro - 
Raman and FT – IR spectral images of lactose drops using independent 
Partial Least Squares regression (PLS) models to define the best pre
diction model. 

2. Material and methods 

2.1. Sample preparation 

Whole milk (Avonmore Ltd, Avonmore, Ireland) used for this study 
was purchased at local shops. Two series of samples, using selected 
lactose concentrations, were prepared by adding both deionised water 
and standard lactose (Lactose monohydrate; CAS number 10039 - 26–6: 
Merck KGaA, Frankfurter Strasse 250, 64293 Darmstadt, Germany) so
lution (72 mg/mL). The lactose concentrations tested are 72 mg/mL, 62 
mg/mL, 60 mg/mL, 58 mg/mL, 48 mg/mL, 29 mg/mL, 24 mg/mL, 19 
mg/mL. The products were stored in 3 mL test tubes in a fridge at 6 ◦C. 
Two tubes for each sample were removed from the fridge, one to mea
sure the temperature and the other to pour the milk on the surface. 1 
drop of 15 μL for each mixture was applied onto aluminium, stainless 
steel AISI 304 (18% chromium and 10% of nickel) and AISI 316 slides 
(17% chromium, 12% nickel and 2.5% molybdenum) (37 mm × 25 mm 
× 1 mm) [purchased from Rice Metals (Cornwall, United Kingdom)] 
after the sample reached room temperature (20 ◦C). 

The metallic surfaces were supplied covered with protective tape. 
They were washed with a (1: 1 v/v) solution of ethanol (99%, Absolute, 
Extra Pure, SLR; CAS Number: 64 - 17–5: Fisher Scientific, Dublin, 
Ireland), and acetone (HPLC grade; CAS Number: 67–64 - 1: Fisher 
Scientific, Dublin, Ireland), to remove any traces of glue. Each slide was 
immersed for 10 min in the acetone/ethanol solution and was then 
rinsed for 5 min with deionised (DI) water sourced from a Thermo Sci
entific™ Barnstead™ Smart2Pure™ water purification system (pro
ducing Type I ASTM water, with a resistivity of 18.2 MΩ cm at 24.7 ◦C). 
Each sample was dried at room temperature (about 20 ◦C), for 48 h prior 
to analysis. Three independent repetitions were prepared for each 
combination. In order to obtain independent repetitions, different milk 
batches were bought in different stores and different periods (one per 
week, over three weeks). Lactose solution was freshly prepared for each 
experiment. In total, 72 images per instrument have been collected (8 
concentrations x 3 surfaces x 3 independent repetitions). 

2.2. Spectral imaging system and data collection 

2.2.1. Raman spectral image measurement 
Each sample was scanned using InVia micro - Raman spectroscopy 

system from Renishaw that includes Leica DM2500 M microscope and 
NIR - enhanced deep depletion CCD array (1024 × 256 pixels). Each 
image was recorded using a 785 nm laser (306 mW) excitation, set to 
50% power for 5 s per spectrum. The total range scanned was: 4000 - 
190 cm− 1 using two ranges (range 1: 2410 - 190 cm− 1 and range 2: 
4000–2360 cm− 1) with an average spectral resolution of 1.8778 
cm–1200 spectra were recorded using Leica 50× objective lens (0.75 
NA) covering an area of 1.90 × 0.90 mm for each image. Internal silicon 
was scanned daily to control the instrument calibration. The images 
were saved in Renishaw WDF format. 

2.2.2. FT – IR spectral image measurement 
The same sample was analysed with iN10 MX Imaging Microscope 

(Thermo Ltd) with LN2 Cooled MCTA linear array detector after col
lecting the Raman spectral image. This system collects the NIR and MIR 
range simultaneously. The FT – IR reflectance image constituted of 300 
spectra, recorded with aperture size of 150 × 150 μm using 150 μm step 
covering an area of 3.00 × 2.25 mm 16 acquisitions were acquired per 
pixel in 5 s. The average spectral resolution was 1.928 cm− 1 for the total 
range 720–6000 cm− 1. A gold spectrum was collected before each 
image, and it was used as background reference. Each file was trans
formed in ENVI format from Nicolet Map file format using Omnic Picta 
software (Thermo Ltd). 
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2.3. Data analysis 

2.3.1. Data pre-processing 
Data processing was carried out using Matlab R2019a (The Math

Works Inc, Natick, MA, USA). Data analysis was performed with a 
combination of in-house developed code and PLS toolbox 8.8 (R8.8.1: 
Eigenvector Research Inc, Manson, WA, USA). 

Firstly, saturated pixels were masked out from the Raman images. 
Cosmic rays were removed from the Raman spectra using an in-house 
function that recognises the anomalous spikes comparing all the peaks 
over all spectra and evaluating the peak width. Cosmic spikes were 
substituted with a linear interpolation of the 5 neighbouring wave
number baseline (Piqueras et al., 2014). The two spectral ranges were 
reduced to range 1: 3600–2500 cm− 1 and range 2: 2000–230 cm− 1 to 
maximise the chemical information and reduce the noise. Penalized 
Asymmetric Least Squares (AsLS) smoothing was applied to Raman 
spectra in the separated ranges to correct the baseline and remove the 
fluorescence interference. The two ranges were corrected using the 
following parameters: p = 0.00001, λ = 104 for range 1 and p = 0.0001, 
λ = 104, for range 2, respectively, with 50 iterations in both cases (Eilers, 
2004). Ultimately, a single spectrum was obtained by concatenating 
ranges 1 and 2. 

iN10 MX Imaging Microscope allowed the simultaneous collection of 
Near Infrared (NIR) and Mid Infrared (MIR) ranges. These were split into 
two ranges (NIR: 5600 - 3730 cm− 1 and MIR: 3533 - 600 cm− 1). FT – IR 
data were collected in reflectance mode. The signal was transformed in 
pseudo absorbance calculating the logarithm of the reciprocal reflec
tance value in order to apply the Lambert – Beer’s law and underline the 
peaks. They were pre-processed independently. Two pre-processing 
methods were applied to the image spectra to improve the PLS model 
performance reducing the source of noise:  

1. Standard Normal Variate (SNV), a common scatter correction tool, 
especially in NIR spectral imaging (Barnes et al., 1989). 

2. Savitzy - Golay 1st derivative (SV1) (window size = 15 and poly
nomial order = 3), removes the different effect on the baseline: the 
first derivative is useful for horizontal baseline (Savitzky & Golay, 
1964). 

The spectra were analysed independently for the NIR and MIR range. 
The spectroscopic signal of NIR overtones is 10–100 times weaker than 
MIR molecular vibrations. Consequently, to facilitate comparison be
tween the ranges, the two blocks were scaled by their respective Fro
benius’ norm. Spectra pre – processed by SNV are shown to define the 
lactose signal in section 2.1. Comparison of milk and lactose spectroscopic 
signal. SV1 spectra were used to build the PLS model. 

The mean spectrum of each spectral image for all modalities (Raman, 
FT – MIR and FT – NIR) was calculated after pre - processing. These 
spectra were analysed using Principal Component Analysis (PCA) and 
were split into calibration and test sets using the Kennard - Stone method 
(Kennard & Stone, 1969). 

A second type of pre –processing, External Parameter Orthogonali
zation (EPO), was applied to the mean spectra before building a Partial 
Least Squares regression (PLS) model on each block (Raman, FT – MIR 
and FT – NIR). EPO was applied in order to remove the effects due to the 
different surfaces. EPO was built using the calibration set and it was 
applied to the test set. Data with EPO correction were then used to build 
the PLS model (Roger et al., 2003). 

2.3.2. Principal component analysis and Kennard - Stone algorithm 
In order to split the data in calibration and test set, the Kennard - 

Stone algorithm was applied to Raman, FT – MIR and FT – NIR data. 
(Kennard & Stone, 1969). The baseline was removed from Raman data 
using AsLS and FT – NIR and FT – MIR spectra were corrected by SNV 
and SV1 as explained above. Three principal component analysis (PCA) 
models were calculated independently on the pre – processed mean 

centered data (Jollife & Cadima, 2016). To facilitate comparison of the 
PLS models from the different spectral modalities, it was necessary to 
have the same calibration and test set. Consequently, the scores values 
have been concatenated after being scaled by their respective Frobenius’ 
norm. The obtained block was used as input for the Kennard –Stone 
algorithm in order to split the data into calibration and test sets. The 
calibration set covers 70% of the data (51 images) and the remaining 
30% (21 images) was assigned to the test set. 

2.3.3. Partial least square regression 
Partial Least Squares regression models (PLS) were built indepen

dently and compared for Raman, FT – NIR and FT – MIR. In a second 
step, the blocks were fused after being scaled by their respective Fro
benius’ norm and used to build a fourth PLS model. Random cross- 
validation was performed on the calibration set using 6 cancellation 
groups and 20 iterations in order to select the optimal number of latent 
variables (nLVs). The nLVs are chosen to minimise the Root Mean 
Square Error of Cross – Validation (RMSECV) within the first 20 LVs. 
Lactose concentration in the test set was predicted using the built 
models. Calibration and test mean spectra were mean centered before 
building the PLS models. Each selected model was evaluated using Root 
Mean Square Error of Calibration (RMSEC), Root Mean Square Error of 
Cross –Validation (RMSECV), and Root Mean Square Error of Prediction 
(RMSEP), Bias and the coefficient of determination, R - squared (R2). 

3. Results and discussion 

3.1. Comparison of milk and lactose spectroscopic signal 

Lactose (β-D-Galactopyranosyl-(1 → 4)-D-glucose) is a disaccharide 
composed of glucose and galactose. In general, the NIR range is a 
combination of different overtones and different vibrations giving a 
more complex spectrum to interpret. Raman and MIR signals are com
parable. However, observing the two plots in Fig. 1, it is clear that 
Raman spectra are more defined with stronger bands. The Raman 
spectrum of pure lactose is compared with that of milk in Fig. 1A; they 
are corrected by AsLS (range 1: (3600 - 2500 cm− 1) p = 0.00001, λ =
104, range 2: (2000 - 230 cm− 1) p = 0.0001, λ = 104 and 50 iterations for 
each). FT – IR spectra transformed in pseudo – absorbance and pre – 
processed using SNV are plotted in Fig. 1B. 

Overall, bands at 4500–4200 cm− 1 and 4300–4000 cm− 1 are 
assigned to CH of aliphatic and aromatic groups, respectively. NH and 
OH stretching of ammines and alcohol overlap in the range 4000–3200 
cm− 1. Usually, carbohydrates show a medium or strong O–H stretching 
vibration peak in 3520–3100 cm− 1(Socrates, 2001). 

The lower wavenumber region, 3100–2800 cm− 1, comprising C–H 
stretching vibrations and for milk, involves both lipids and carbohy
drates. The Raman lactose spectrum presents different peaks in this re
gion (2979, 2919, 2904 and 2887 cm− 1). Only the milk spectrum shows 
signals between 2700 and 1600 cm− 1, 1746 cm− 1 associated with C = O 
stretching for fatty acids and 1654 cm− 1 combination of C = O stretching 
mode, CONH group, C = C stretching for amide I, proteins, and fatty 
acids respectively (Iñón et al., 2004; Martens et al., 2007). Furthermore, 
the range 1600–400 cm− 1is the most complicated having overlapped 
signals and including all the bending modes (Almeida et al., 2011). The 
range 1800 - 1400 cm− 1 is relevant for all the studies that involve 
protein characterization in milk (Kher et al., 2007), however, lactose 
present peaks between 1500 and 1200 cm− 1(1470, 1457, 1415, 1358, 
1339 and 1265 cm− 1) associated to deformational vibrations of HCH 
and CH2OH groups (de Gelder et al., 2007; Yonzon et al., 2004). Part of 
the fingerprint region (1200–950 cm− 1) can be related to the vibrational 
modes of carbohydrates due to the contribution of C–C and C–O bonds; 
in fact, lactose has strong signals in this region in the Raman spectrum 
(1140, 1120, 1018 and 952 cm− 1) (Almeida et al., 2011; de Gelder et al., 
2007; Iñón et al., 2004; Yonzon et al., 2004). Lactose has strong signals 
in the region between 1090 and 1030 cm− 1 (1090, 1055 and 1039 cm− 1) 

V. Caponigro et al.                                                                                                                                                                                                                              



Food Control 144 (2023) 109351

4

assigned to the C–O stretching vibrations (Socrates, 2001); in literature, 
this region has been used to quantify lactose in liquid milk (de Gelder 
et al., 2007; Li et al., 2015). The COH, CCH, OCH side groups defor
mation, and C–C stretching affect the 950-700 cm− 1 region. This area is 

usually used to characterise the different anomeric forms (Mrozek & 
Weaver, 2002; Socrates, 2001; Yonzon et al., 2004). The Raman spec
trum of lactose shows peaks in 916, 900, 878, 852, 779 and 742 cm− 1. 
All the peaks lower than 700 cm− 1 (646, 633, 598, 555, 535, 512, 476, 

Fig. 1. Pure lactose and milk mean spectra. Plot A shows the mean Raman spectra. Each pixel spectrum was corrected by ALS (range 1: (3600 - 2500 cm-1) p =
0.00001, λ = 10 4, range 2: (2000 - 230 cm-1) p = 0.0001, λ = 10 4 and 50 iterations for each) and the mean of 3 images was calculated. Plot B shows the mean FT - IR 
spectra of lactose and ilk. Each pixel was transforming in pseudo – absorbance and pre – processed using SNV and the mean of 3 images was calculated. 

Fig. 2. Panel A shows the mean raw Raman spectra 
for all surfaces. Each pixel spectrum was corrected by 
ALS (range 1: (3600 - 2500 cm− 1) p = 0.00001, λ =
104, range 2: (2000 - 230 cm− 1) p = 0.0001, λ = 10 4 

and 50 iterations for each) and the mean was calcu
lated and plotted in panel B. False RGB (Red, Green, 
and Blue) image built with values at R = 360 cm− 1, G 
= 476 cm− 1 and B = 1339 cm− 1 of pre – processed 
Raman spectra, they are rescaled between 0 and 1 
and concatenated back.   
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461, 443, 428, 399, 378, 360 and 292 cm− 1) are related to skeletal 
signal, endocyclic and exocyclic deformation bands (Socrates, 2001). 

3.1.1. Raman spectra and images 
Raman spectra are sensitive to the presence of fluorescent molecules 

in the sample such as proteins. Fluorescence contributes to a baseline 
shift of the spectra. Another variability that can affect the baseline and 
noise in the spectra is due to the samples drying on different surfaces, i. 
e., aluminium, stainless steel 316 and 304. 

Each Raman image covers an area of 1.90 × 0.90 mm with 200 
spectra. In this study, each image was first corrected for cosmic peaks as 
previously described. Penalized Asymmetric Least Squares (AsLS) 
baseline removal was applied to remove the baseline fluorescence. This 
pre - processing was applied pixels wise: at each spectrum of the image. 
AsLS does not consider the nature and cause of the fluorescence, i.e., 
milk, lactose and/or metallic surface, however, it does remove the 
baseline without affecting the peak shape and position. 

Fig. 1A in the appendix shows the raw and pre - processed data on 
stainless steel 304, stainless steel 316 and aluminium. The specific mean 
spectrum for each surface is plotted on the corresponding sample spectra 
for comparison. Even though it is evident that the surface signal can 
affect the spectra between 700 and 1700 cm− 1, it is not the only source 
of the baseline interference. Fluorescence has a strong influence in range 
2 and it is evident in the baseline slope. This interference increases at 
lower lactose concentration. The baseline was removed efficiently by 
AsLS approach preserving the shapes and positions of the peaks (Fig. 2 – 
B). 

The direct spectra interpretation is not simple due to the complexity 
of the milk matrix. However, the spectra produced in this study (Fig. 2 – 
B) show a common and clear decreasing trend related to lactose con
centration. For all the surfaces the lactose variation is evident for the 
peaks lower than 700 cm− 1 (related to skeletal signal, endocyclic and 
exocyclic deformation bands) (Socrates, 2001), around 1100 cm− 1, i.e., 
vibrational modes of carbohydrates due to the contribution of C–C and 
C–O bonds (Almeida et al., 2011; de Gelder et al., 2007; Iñón et al., 
2004; Yonzon et al., 2004) and between 1500 and 1300 cm− 1 associated 
to deformational vibrations of HCH and CH2OH groups (de Gelder et al., 
2007; Yonzon et al., 2004). This trend can be promising for the pre
diction of lactose concentration. In addition, similar interesting regions 
were found by Vaskova and Buckova (2016) comparing the signal of 
dried whole milk and lactose-free milk. They associated the range 
400–600 cm− 1 to endocyclic and exocyclic deformation, while the signal 
at 918 cm− 1 and around 1070–1090 cm− 1 to glucose with an intense 
signal at 1087 cm− 1 being ascribed to C–O–H bending mode vibrations 
of lactose. 

However, observing the false RGB (red, green, and blue) images of 
the milk samples on three metallic surfaces in Fig. 2 it is evident that the 
samples are not homogenous, and the lactose Raman signal is not con
stant over the entire samples. The false RGB images were built with 
values at R = 360 cm− 1, G = 476 cm− 1 and B = 1339 cm− 1 of pre – 
processed data, they are then rescaled between 0 and 1 and re- 
concatenated. Due to the non-homogeneity of the surfaces, the spec
tral imaging approach prevents biases that could arise due to selecting a 
specific area to collect the signal. 

3.1.2. FT – IR spectra and images 
FT – IR spectral images were collected simultaneously in the Near 

Infrared (NIR) and Mid Infrared (MIR) ranges covering the range 
7500–475 cm− 1.300 spectra represent a spatial region of 3.00 × 2.25 
mm were recorded in reflectance mode. 

The spectrum of each pixel was firstly transformed in pseudo – 
absorbance, FT – NIR (5600 - 3730 cm− 1) and FT – MIR (3533–600 
cm− 1) were treated independently, secondly, Standard Normal Variate 
(SNV) and Savitzy – Golay first derivative (SV1) were applied. Subse
quently, the two ranges were re-concatenated after normalization of 
each block by division by their respective Frobenius’ norm (total range: 

5600–600 cm− 1). In the appendix, Fig. 3A shows the raw and corrected 
spectra per each surface. The mean spectrum of the corresponding 
metallic surface is plotted in black. A clear trend corresponding to 
increasing lactose concentration is evident in both, raw and pre – pro
cessed data in the entire range. Even though the SV1 is often applied to 
the Raman spectra to remove the baseline, the reasons for applying it on 
FT – IR spectra are different. The FT – IR spectra baseline can be affected 
by the surface material and the spatial irregularity; however, unlike 
Raman spectra, the atmosphere and the water vapour can also be 
detected. Therefore, it is necessary to work at two levels to optimise the 
spectral information: 1) removing noise and 2) removing the baseline 
offset. While the baseline can be removed without focusing on the cause, 
it is important to differentiate between the type of noise sources. 
Certainly, it is important to remove the signal due to the vapour water 
although the scattering due to surfaces or other molecules can be rele
vant to give an interpretation of the sample and detected. Therefore, it is 
necessary to work at two levels to optimise the spectral information: 
characterise the lactose concentration. The first step of SV1 is a simple 
smoothing, followed by the calculation of the first derivative which 
removes the baseline offset. However, the correction seems to be less 
efficient for spectra at a lower concentration, such as 19 mg/mL. 

As for the Raman data, Fig. 3 shows the false RGB image (at Red =
2538 cm− 1, Green = 4048 cm− 1 and Blue = 4763 cm− 1) of the milk 
samples. The spectra were pre – processed previously described. 

As can be seen from the images, the distribution of the selected band 
intensities was not homogeneous, a classical point scan approach 
coupled with a sampling procedure could increase the prediction error. 
Even though the proposed approach is based on the mean of the samples, 
these spectra include the entire drop information. 

3.2. PCA and Kennard-stone results 

Three principal component analysis (PCA) models were calculated 
independently per modality (i.e., Raman, FT – MIR, FT – NIR). The three 
data sets were pre – processed as described before. The corrected spectra 
were centered on their mean before applying PCA algorithm. 

3 PCs were selected for the Raman model to cover 96.92% explained 
variance. For more details, Fig. 4 panel A shows the scores plot for PC 1 
which explains 46.72% variance, and PC 2 (45.65% explained variance). 
PC 2 separates the lactose standard from the milk samples while PC 1 
separates the different lactose concentrations even though this separa
tion is not very distinct. In addition, it seems that the different surfaces 
do not have a strong impact on the PCA results as there is no common 
trend between the similar surfaces. However, observing loadings in 
Fig. 4 – D, it is evident that, below 1440 cm1, PC 2 loadings peaks 
overlap with that of the lactose spectrum in Fig. 1, while PC 1 does not 
seem to carry any specific lactose information; only the peak at 1440 
cm− 1 can be linked to lactose signal (de Gelder et al., 2007; Yonzon 
et al., 2004). So, this area affects more the separation between the 
different lactose concentration. Pre – processed FT – NIR and FT – MIR 
data were used to build two independent PCA models. 

Five PCs were chosen to build the model in the MIR range explaining 
94.14% of the original variance while four PCs were considered suffi
cient in the NIR range (96.05% explained variance). Both PC1, which 
explains 55.54% of the variance, and PC2, which covers 18.22% 
explained variance, separate the pure milk and lactose spectra from the 
samples with lactose variations (plot B in Fig. 4). The remaining con
centrations are not clearly separated. The scores plot for the NIR range 
(plot C in Fig. 4) does not present any significant separation between the 
samples. Both scores plot for MIR and NIR ranges are not affected by the 
surface type. 

In order to have the same calibration and test sets to compare the PLS 
models, the scores values were concatenated after being scaled by their 
respective Frobenius’ norm. The Kennard – Stone algorithm was then 
applied to the obtained block to split the data into calibration and test 
sets. Calibration covers 70% of the data and the remaining 30% has been 
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identified as the test set. 21 samples were selected as the test set by the 
Kennard –Stone algorithm and are reported in table 1A in the appendix, 
while the remaining 51 samples were used as a training set to calibrate 
the PLS models. As it is possible to notice from the table, all the samples 
corresponding to pure lactose are included in the calibration set. 

3.3. PLS results 

The mean pre – processed spectra for each image were used to build 
the PLS model to predict the lactose concentration. The test set samples 
selected by the Kennard – Stone algorithm are reported in Table 1A. All 

Fig. 3. Panel A shows the mean raw Ft - IR spectra. 
Each pixel spectrum was split in FT – NIR and FT – 
MIR range and pre – processed independently by SV1. 
The mean spectrum was calculated after concate
nating back the two ranges normalised by their 
respective Frobenius’ norm and plotted in panel B. 
False RGB (red, green, and blue) image built with 
values at R = 2538 cm− 1, G = 4048 cm− 1 and B =
4763 cm− 1 of pre – processed FT – IR spectra, they are 
rescaled between 0 and 1 and concatenated back.   

Fig. 4. PCA and Kennard - Stone results. Raman data: 
in panels A and D. Scores (A) plot PC 1 vs PC 2 and 
loadings (D) plots PC1, PC2, PC3. FT – MIR data: 
Scores (B) plot PC 1 vs PC 2 and loadings (E) plots 
PC1 – PC5. FT – NIR data: Scores (C) plot PC 1 vs PC 2 
and loadings (F) plots PC1 – PC4. All PCA models 
were built using the mean image of corrected spectra. 
Scores values were concatenated after block scaling 
and were applied in the Kennard Stone algorithm to 
split the data set in calibration and training (A2 – B2 – 
C2).   
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the other samples consist of the calibration set for EPO pre – processing 
and PLS modelling. 

Different number of PCs (1–6) for EPO and nLVs (first 20) for PLS 
were examined to obtain the optimal prediction model using the cali
bration set. The best combination was selected using random cross – 
validation with 6 splits and 20 iterations, minimising the RMSECV over 
the first 20 LVs. 

According to the approach described previously, the best model for 
the Raman data set was found at 5 PCs for EPO and 9 LVs. Fig. 2A in the 
appendix shows the EPO components removed during the pre – pro
cessing and the obtained pre – processed data. 

In calibration and cross – validation, the model showed R2 0.97 and 
0.90 with 3.46 mg/mL and 6.35 mg/mL as RMSEC and RMSECV, 
respectively (BIAS Cal = 0 mg/mL and BIASCV = − 0.28 mg/mL). 
Applying the obtained model to the test set, R2 was 0.88 and RMSEP 
7.73 mg/mL (BIASP = 3.42 mg/mL). Fig. 5 shows the real lactose con
centration vs the predicted concentration and their residuals for this 
model. It is evident from the scatter plot that the major variability is at 
lower lactose concentrations, such as 24 and 19 mg/mL. The best per
formances are obtained using the entire range. Focusing on the range 
relevant for the carbohydrates functional group (900 - 1200 cm− 1) as 
suggested by Pinto et al. (2021) the model does not improve model 
performance (9 LVs R2 0.92, 0.84 and 0.85 in training, cross – validation 
and test respectively). However, this range is included in the 417 vari
ables obtained by analysing Variable Importance in Projection (VIP) 
from the full-range model. The new variables are selected considering 

only the variable with VIP scores greater than one. R2 in training and 
cross-validation is 0.93 and 0.89 for 5 LVs (RMSEC = 4.78 mg/mL and 
RMSECV = 6.33 mg/mL) while during the test the R2 is 0.86 (RMSEP =
7.47 mg/mL). These results are comparable with those of Mazurek et al. 
(2015). Focusing on bands at 370–860, 1020–1809 and 2800–2953 
cm− 1 and using laboratory mixtures to simulate milk as a training and 
validation sets, the R2 in cross validation obtained by the authors of that 
study for carbohydrates prediction reached 0.811 for the highest spec
tral resolution tested (8 cm− 1). However, when the model was applied to 
real samples the RSEPtest was 3.5–4.8%. Mazurek et al. (2015) report 
that the effect of water presence on the S/N for the Raman spectra is 
higher at 8 cm− 1 resolution affecting the model prediction. In the pre
sent work, this interference has been removed experimentally using the 
single-drop dry milk technique. 

The impact of micelles in liquid milk analysis has been demonstrated 
by Mohamed et al. (2021). In their study, protein, fat, lactose and total 
solids concentrations have been analysed in cow and camel liquid milk 
comparing results obtained by MIR and NIR spectroscopy. In particular, 
they found that the difference in the performances of models built in the 
two spectroscopic ranges for predicting the constituents was lower in the 
case of camel milk, ascribing these results to the different level of ho
mogenization of two types of milk: the structure and dimension of casein 
micelles and fat globules in cow milk interference and scattering. On the 
other hand, the single-drop dry milk technique discussed in the present 
study significantly reduces the impact of these structures on the signals 
and, correspondingly, on the models built based on them. 

Fig. 5. Partial least squares regression (PLS) models built using mean centered pre – processed mean spectra. The actual lactose concentration vs predicted lactose 
concentration and residuals for prediction of lactose concentration are reported for the independent ranges and the fusion of all blocks. Black dots represent cali
bration set red dots is the test set. 
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The FT – MIR data set was corrected using 4 PCs for EPO while in the 
NIR range it was obtained using 5 PCs for EPO. Fig. 4A in the appendix 
shows the removed components by EPO and the obtained corrected 
spectra in both independent ranges. 

The optimal model for the FT – MIR range was obtained using 8 LVs. 
In calibration and cross-validation, the model showed R2 0.96 and 0.91 
with 3.55 mg/mL and 6.08 mg/mL as RMSEC and RMSECV respectively 
(BIAS Cal = 0 mg/mL and BIASCV = 0.29 mg/mL). The results for the 
test set are R2 = 0.98 and RMSEP = 2.80 mg/mL (BIASP = 0.58 mg/mL). 
The residuals and real lactose concentration vs the predicted concen
tration plots illustrate that an anomaly is evident at 58 mg/mL (Fig. 5). 
Similar performances were obtained by reducing the range to 346 var
iables by selecting the VIP scores greater than one. The optimal model, 
in this case, was obtained using 7 LVs, showing R2 0.96 and 0.92 with 
3.89 mg/mL and 5.83 mg/mL as RMSEC and RMSECV respectively. 
While R2 and RMSEP are 0.96 and 3.71 mg/mL respectively for the test 
set. Both models using dried milk perform better than the similar anal
ysis carried out on fresh milk obtained by Pinto et al. (2021) (R2 0.96, 
0.16 and 0.55 for training, cross-validation and test set respectively). 
However, the prediction performances decrease focusing on the 900 - 
1200 cm− 1 range (R2 0.86, 0.66 and 0.93 for training, cross-validation 
and test set respectively). Similar trend is evident for the model in the 
NIR range (Fig. 5) The model that achieves better results in NIR range 
using 8 LVs, such as R2 0.98 and 0.92 with 2.60 mg/mL and 6.04 mg/mL 
as RMSEC and RMSECV respectively (BIAS Cal = 0 mg/mL and BIASCV 
= -0.52 mg/mL) and in prediction R2 = 0.93 and RMSEP = 5.29 mg/mL 
(BIASP = -2.42 mg/mL). Reducing the variables to 192 using the VIP 
scores, the optimal model is obtained using 4 LVs with R2 0.97 and 0.91 
with 4.28 mg/mL and 7.09 mg/mL as RMSEC and RMSECV respectively. 
While predicting the lactose in test set, the performances decrease to R2 

= 0.73 and RMSEP = 7.68 mg/mL. 
In contrast to the Raman results, comparing the plots in Fig. 5, the 

prediction obtained with FT – MIR and FT- NIR data shows greater ho
mogeneity. Both models perform better than the Raman, in terms of R2 

and error. These findings are also coherent with Mazurek et al. (2015) 
study. They confirmed the better ability of MIR (FTIR-ATR, using 
800–1017, 1063–1634 and 1732–1760 cm− 1 bands) than Raman to 
quantify carbohydrates and all the other macronutrients tested (i.e., fats, 
proteins and dry matter). 

To minimise the error and integrate the information contained in the 
different ranges, the second step of this analysis was focused on the 
fusion of all the blocks. In the appendix (Fig. 5A), the predictions ob
tained by the models built with the fusion between NIR and MIR ranges 
(FT- IR) and Raman with FT – MIR and Raman with FT – NIR are re
ported. The same approach used for the independent data set was fol
lowed, i.e., firstly calibration and validation sets were corrected by EPO 
as described previously for each block. Secondly, the blocks were fused 
together after being scaled by their respective Frobenius’ norm and then 
independent PLS models were built. As it is possible to see in Fig. 5A, 
these models did not perform as well as all three ranges together shown 
in Fig. 5. 

The optimal model for the total block (Raman, FT – MIR and FT – 
NIR) was obtained using 8 LVs. This model presents RMSEC = 4.9 mg/ 
mL and RMSECV = 5.58 mg/mL, R2 = 0.93 and 0.91 for respectively 
calibration and cross validation mode. R2 = 0.93 and RMSEP = 17.54 
mg/mL are obtained by applying the selected model to the pre -pro
cessed mean spectra of the test set. 

It is evident from the residuals plot in Fig. 5 for the total range that 
this approach amplifies the differences between the calibration and test 
set at higher lactose concentration. 

Results from this study indicate that there is an important difference 
between the tested techniques. The optimal PLS model based on Raman 
spectra was obtained by correcting the spectra with (EPO) (5 PCs) and 
using 9 LVs. The R2 for the test set is R2 = 0.88 (RMSEP = 7.73 mg/mL). 
The FT – IR gives a better prediction for the test set. In detail, looking at 
the results for the two ranges, it is evident that the MIR provides better 

prediction accuracy than the NIR. Models for FT – NIR (5600 - 3730 
cm− 1) (EPO 4 PCs and 8 LVs), performs on the test set R2 = 0.93 (RMSEP 
= 5.29 mg/mL), conversely the FT – MIR data set has R2 = 0.98 (RMSEP 
= 2.8 mg/mL) using EPO PCs = 3 and 8 LVs.The block fusion did not 
increase the information represented by the models (R2 is 0.93 and 
RMSEP = 17.54 mg/mL). However, among all the proposed methodol
ogies, the FT – MIR approach is the most promising. The obtained PLS 
model is stable with good results in cross validation and test. 

4. Conclusion 

This study demonstrates that both FT- MIR and FT – NIR and Raman 
spectral imaging are promising techniques for the prediction of lactose 
concentration in dried whole milk without the use of additional stan
dards. However, the three blocks together perform not well as all three 
ranges separately. In fact, the best prediction was obtained with FT – 
MIR data set R2 = 0.98 (RMSEP = 2.8 mg/mL). 

The FT – MIR in addition to giving a more stable model with lower 
prediction errors, represents the most relevant technique to be applied 
in real life, due to the lower cost of instrumentation and amenability to 
macroscopic spectral imaging. 
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