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A B S T R A C T

Durum wheat (Triticum durum Desf.) is a strategic crop for the Italian agro-industrial sector, where rapid, non-destructive assessment of protein and moisture content 
is crucial for quality evaluation and processing performance. Portable Near-Infrared (NIR) spectrometers provide a promising approach for in-field and in-line 
analyses, overcoming limitations of conventional laboratory methods.

This study evaluates two portable devices, NeoSpectra Scanner and PoliSPEC-NIR, for predicting protein and moisture in intact durum wheat kernels. Over 100 
samples from various Italian regions were analyzed using different acquisition modes, and Partial Least Squares (PLS) regression models were developed and 
externally validated to predict protein content and moisture in samples.

Both sensors demonstrated satisfactory predictive capabilities, with higher accuracy for protein and best results achieved by PoliSPEC-NIR in scanning mode 
(RMSEP 0.35 g/100 g for protein content prediction and 0.21 g/100 g for moisture prediction). Acquisition mode and surface coverage significantly influenced model 
robustness, highlighting the need for standardized measurement protocols. These findings support the operational feasibility of miniaturized NIR spectrometers for 
rapid, non-destructive quality monitoring along the durum wheat value chain.

1. Introduction

Durum wheat (Triticum durum Desf.) is a strategic crop for the Italian 
agro-industrial sector, as it represents the primary raw material for high- 
quality pasta production [1]. Determining essential compositional pa
rameters, such as protein and moisture content, is critical for qualitative 
grain classification and evaluating its technological value, directly 
influencing processing performance and final product quality [2,3].

Although reference analytical methods (e.g., Kjeldahl method for 
protein determination and gravimetric or chemical methods, such as 
Karl Fischer titration or coulometry, for moisture analysis) ensure high 
precision, they are time-consuming, require chemical reagents and 
laboratory equipment, and are unsuitable for operational contexts that 
demand rapid and non-destructive analyses [4–6].

In recent years, Near-Infrared spectroscopy (NIR) has gained 
considerable attention in cereal science as a rapid, non-invasive, and 
multiparametric analytical technique [7–9]. However, the routine 
application of conventional benchtop NIR spectrometers remains 
limited due to their size, operational complexity, and high cost. The 
emergence and growing availability of miniaturized Near-Infrared (NIR) 
spectrometers represent a significant advancement in analytical 

technologies applied to food and feed sciences, enhancing the applica
bility of NIR spectroscopy, a powerful, non-destructive technique well- 
suited for the rapid characterization of complex matrices, including 
both unprocessed foodstuffs (e.g., grains, fruits, raw meat, milk) and 
highly processed products (e.g., flours and protein powders), as well as 
their individual constituents such as moisture, fat, protein, or sugar 
content [10–17]. A growing body of literature underscores the 
expanding application of portable NIR spectrometers for both in-field 
and in-line analyses, offering a practical response to several limita
tions inherent to conventional laboratory-based instrumentation 
[18–20]. Importantly, the use of miniaturized NIR devices is fully 
consistent with the principles of green analytical chemistry, enabling 
rapid, non-invasive, and sustainable measurements directly at the point 
of need, while eliminating reagent consumption and reducing environ
mental impact [21–23].

Currently available portable NIR spectrometers cover a wide spec
trum of technical specifications and instrumental configurations, 
enabling their application across a range of analytical tasks and matrix 
types with diverse physicochemical characteristics, even in contexts 
where data variability and preprocessing strategies play a critical role 
[24,25]. Therefore, comparative evaluation of analytical performance 
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and selecting the most suitable instrumentation are especially critical to 
effectively integrate these technologies within the agri-food supply 
chain [26,27].

In this context, the present study compares the analytical perfor
mance of two portable NIR spectrometers, NeoSpectra Scanner and 
PoliSPEC-NIR, in the non-destructive analysis of intact durum wheat 
kernels for predicting protein and moisture content [28–31]. Over 100 
samples collected from various Italian regions were analyzed using 
different acquisition modes (point-based, rotary, and scanning) to 
evaluate the predictive effectiveness of chemometric models developed 
via Partial Least Square (PLS) regression. The ultimate goal is to assess 
the feasibility of operationally deploying these devices for rapid 
screening applications aligned with the needs of precision agriculture 
and digitalization of the cereal value chain.

2. Materials and methods

2.1. Samples

The analyzed durum wheat kernel samples originated from various 
Italian regions, ensuring a broad representation of the geographical and 
agronomic variability of the territory. A total of 103 samples were 
collected, distributed as follows: Emilia-Romagna (30 samples), Marche 
(23), Tuscany (11), Puglia (10), Lombardy (8), Veneto (6), Umbria (6), 

Lazio (4), Campania (3), while Molise and Sicily contributed with 1 
sample each. The regional distribution of the samples is illustrated in 
Fig. 1. The variety in origin contributed to the overall variability 
observed in the samples, allowing for an in-depth evaluation of the 
properties of interest. One of the target parameters considered was 
moisture content, expressed in g/100 g, which ranged between 8.83 g/ 
100 g and 12.29 g/100 g, with an average of 10.35 g/100 g. Protein 
content, a crucial parameter for determining the technological quality of 
wheat, ranged between 11.12 and 17.28 g/100 g, with an average of 
13.40 g/100 g (Table 1).

All samples were stored at room temperature in sealed containers to 
ensure stability and preserve their physicochemical characteristics until 
analysis. No preliminary treatments were performed on the samples 
before spectroscopic measurements.

2.2. NIR sensors

Since miniaturized spectrometers on the market exhibit different 
technological characteristics and acquisition configurations, the main 
features and analysis details of the two NIR devices used in this study are 
presented. The NeoSpectra Scanner and PoliSPEC-NIR vary in spectral 
range, resolution, optical geometry, and data acquisition methods. 
These differences also extend to hardware components, calibration 
procedures, and data processing approaches, necessitating specific 

Fig. 1. Number of durum wheat kernel samples collected per Italian region. Darker colors indicate regions with a higher number of samples.
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optimization for each instrument. In general, the NeoSpectra Scanner, 
being a miniaturized device, is more compact and lightweight, making it 
suitable for rapid and mobile analyses, whereas the PoliSPEC-NIR, 
classified as a handheld spectrometer, offers greater spectral resolu
tion and stability. A summary of their key technical specifications and 
acquisition settings is provided in Table 2.

2.3. NeoSpectra Scanner

The NIR spectra of the kernel samples were acquired using the 
NeoSpectra Scanner (Si-Ware, Cairo, Egypt), a miniaturized portable 
spectrophotometer with dimensions of 178 mm × 91 mm × 62 mm and a 
weight of approximately 730 g. The device operates within a wavelength 
range of 1350–2500 nm (7400–4000 cm− 1) with a spectral resolution of 
16 nm and is equipped with a MEMS Michelson interferometer, a single 
InGaAs photodetector, and seven halogen lamps as the illumination 
source. The spectrometer was controlled via a proprietary mobile 
application installed on a Lenovo Smart Tab M8 Android tablet, con
nected via Bluetooth. Each spectrum was recorded with a scan time of 5 
s, without data interpolation, and the instrument was used exclusively 
while charging. Calibration was performed before each measurement 
using a 100 % reflectance reference with a Spectralon® standard. The 
acquired spectral data were automatically saved in “.Spectrum” format, 
converted into an Excel file, and subsequently processed using MATLAB 
R2024b (MathWorks Inc., Natick, MA, USA) and PLS_Toolbox Version 
9.5.0 (Eigenvector Inc., Manson, WA, USA). Before measurement, kernel 
samples were analyzed in their intact form without grinding or other 
physical treatments, in line with non-destructive testing practices suit
able for industrial applications. They were simply removed from their 
storage packaging and subjected to gentle, non-invasive cleaning to 
eliminate big visible residues that could interfere with spectral accuracy. 
For the point-based acquisition mode, each sample was divided into an 
aliquot of approximately 40 g, which was transferred into a 100 mL 
becker to facilitate handling and avoid direct contact. The kernel 

samples were then manually positioned on the spectrometer sensor and 
distributed as evenly as possible. In this configuration, 15 spectral rep
licates were acquired for each sample, with the kernel samples being 
repositioned between each replicate to capture intra-sample variability.

The optical window of the NeoSpectra Scanner has a diameter of 10 
mm, corresponding to an active measurement area of 79 mm2 as 
declared by the producer, which limits the spatial coverage during each 
acquisition and emphasizes the importance of sample repositioning and 
the replicate measurements to account for heterogeneity.

For the rotary acquisition mode, the full amount of kernel per sam
ple, approximately 200 g, was loaded into the rotor accessory, which 
gently rotated the sample above the sensor during spectral acquisition. 
This dynamic presentation aimed to enhance representativity by 
exposing different portions of the sample to the detector surface. In both 
modes, the measurement protocol was identical in terms of the number 
of replicates (15), scan time, and instrument settings. The only differ
ences concerned the kernel quantity used and the employment of the 
rotor accessory in the second mode.

2.4. PoliSPEC-NIR

The kernel samples were also analyzed with the PoliSPEC-NIR 
(ITPhotonics, Italy), a handheld and robust spectrophotometer 
designed for both portable applications and in-line process monitoring. 
It operates within the near-infrared spectral range of 900–1700 nm. The 
instrument is housed in durable anodized aluminum and features an 
integrated front heatsink to efficiently dissipate heat from both the 
illumination system and the actively cooled InGaAs detector. Designed 
primarily for reflectance measurements, the PoliSPEC-NIR utilizes a 
diffuse 0◦ optical geometry and includes an automatic internal reference 
system, which can also be manually controlled via dedicated buttons in 
portable mode. Spectral data were acquired with a numerical resolution 
of 3.2 nm and an optical resolution (HWHM) of 3.25 nm. As with the 
NeoSpectra Scanner, measurements were performed under stable oper
ating conditions. In this case, the instrument was powered via a 12 Vdc 
supply and operated using its internal rechargeable battery to ensure 
portability. Similarly, samples were analyzed in their whole kernel form, 
without grinding or structural alteration, to maintain their native 
characteristics. Two acquisition methods were applied. In the point- 
based acquisition mode, an aliquot of each sample was poured into a 
plastic sample holder, ensuring a uniform filling to maintain consistent 
scattering effects across measurements. Three spectra were then ac
quired by positioning the instrument at three different positions, 
repeating the procedure on three separate extractions from the same 
bag, resulting in a total of nine spectra per sample. Compared to the 
NeoSpectra, the PoliSPEC-NIR features a larger optical window with a 
diameter of 20 mm, corresponding to an active measurement area of 
approximately 314 mm2. This surface is nearly four times larger than 
that of the NeoSpectra Scanner (79 mm2), resulting in a broader sam
pling area. Such a wider detection surface improves the representativity 

Table 1 
Descriptive statistics of protein and moisture content in the calibration and 
validation sets used for model development. N◦: number of samples; Min (g/100 
g): minimum; Max (g/100 g): maximum; Avg (g/100 g): average; STD (g/100 g): 
standard deviation.

Sample set N◦ Min (g/ 
100 g)

Max (g/ 
100 g)

Avg (g/ 
100 g)

STD (g/ 
100 g)

Protein Calibration 
set

73 11.12 17.28 13.40 0.96

Validation 
set

30 11.59 17.01 13.42 1.13

Moisture
Calibration 
set 73 8.83 11.36 10.28 0.53
Validation 
set 30 9.30 12.29 10.54 0.70

Table 2 
Key technical specifications and characteristics of the selected miniaturized NIR spectrometers.

Spectrometer  
(Vendor)

Source Wavelength  
Selector

Window 
size (Area)

Detector Wavelength  
Region

Spectral 
Resolution  
(at 
Wavelength)

Weight  
(Dimension)

Connectivity Approximate 
Order  
of Unit Cost ($)

NeoSpectra 
Scanner  
(Si-Ware 
Systems)

Tungsten  
halogen

MEMS  
Michelson 
interferometer

79 mm2
InGaAs  
(single 
element)

1350–2500 
nm 16 nm

730 g  
(17.8 × 9.1 ×
6.2 cm)

Bluetooth <9000

PoliSPEC-NIR  
(ITPhotonics)

Tungsten  
halogen

Fixed grating 314 mm2

InGaAs  
(256 pixels, 
Peltier- 
cooled)

900–1700 nm 3.25 nm
3.2 kg  
(21.6 × 21.3 ×
8.5 cm)

WiFi + RS422/ 
RS485  
(optional 
Ethernet)

<29,000
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of each single measurement and potentially reduces the impact of 
sample inhomogeneity.

In the scanning acquisition mode, which has been done manually but 
could be automatized in routine in-situ analysis, the sample was poured 
in a rectangular container with a glass bottom, ensuring a uniform 
filling. The spectral acquisition was performed by moving the instru
ment continuously over the container surface along the longer dimen
sion for ten seconds, recording approximately forty spectra per sample, 
with minimal variations depending on the scanning speed. To ensure 
data consistency and reduce variability, the operation was repeated 
twice consecutively for each sample.

3. Reference value determination for protein and moisture

3.1. Protein content determination

Protein content in grains was determined following the method UNI 
EN ISO 16634-2:2016. The determination of the total nitrogen content 
was based on combustion according to the Dumas’ principles: the 
sample (about 80 mg precisely weight at 0.1 mg precision) was burnt in 
a suitable high temperature system in presence of oxygen and resulting 
nitrogen oxides were reduced by catalyst to molecular nitrogen. From 
the combustion gases were selectively removed by traps oxygen, water 
and carbon dioxide. The remaining nitrogen is then quantified by using 
gas chromatography with a thermal conductivity detector. For cereals 
the conversion factor from nitrogen to proteins to be used is 5.7. The 
protein content is typically expressed as (Nx5.7) g/100 g on dry matter. 
Analysis was done in triplicate for each sample. The estimated error for 
this reference technique is 0.4 g/100 g for protein.

3.2. Moisture determination

Moisture of grains was evaluated according to the UNI EN ISO 712- 
1:2024 method. In synthesis: wheat grains samples were coarsely grin
ded, avoiding overheating, then about 10 g of grounded products was 
exactly weighted with a precision of 1 mg in a porcelain plate and put in 
the oven at 130 ◦C until a constant weight was reached. The difference in 
weight reported to 100 g represents the moisture of the sample. Analysis 
was done in duplicate for each sample. Error of 0.3 g/100 g for moisture 
was estimated for this reference technique.

3.3. Statistical data analysis

The spectral data acquired from the NeoSpectra Scanner and the 
PoliSPEC-NIR were analyzed using Partial Least Squares Regression 
(PLS) to develop predictive models for two key quality parameters of 
durum wheat kernel samples: moisture and protein content. Prior to 
model calibration, various spectral preprocessing strategies were tested 
to improve data quality, reduce baseline shifts, correct for scattering 
effects, and enhance relevant chemical information. Different pre
processing combinations were evaluated, involving techniques such as 
smoothing, standard normal variate (SNV) [32], variable sorting for 
normalization (VSN) [33], multiplicative scatter correction (MSC) [34], 
mean centering, detrending, and first or second derivatives (e.g., 
Savitzky-Golay) [35]. It is important to note that the selection of the 
optimal pre-treatment is based on the analysis of experimental repli
cates. The best pre-treatment is the one that minimizes differences be
tween spectroscopic replicates. This approach is grounded in the 
principle that an effective pre-treatment should remove all sources of 
variation between replicates—except for the underlying chemical in
formation, which should remain consistent.

Practically, in order to select the optimal preprocessing, the overall 
acquired spectra, after each spectral preprocessing, were mean centered 
per sample and subjected to PCA retaining the number of PCs explaining 
the 95 % of variance. In this way, the origin in scores space corresponds 
to the average value of the sample replicates and the closer the replicates 

in the scores space are, the more effective is the preprocessing. Then, the 
interquartile range (IQR) relative to the reduced Hotellings-T2 distance 
for each sample is calculated, the most performing preprocessing cor
responds to lower median values and smaller box size.

External validation was used. To divide the dataset into calibration 
and validation sets, a sample selection procedure based on the duplex 
algorithm run on the preprocessed spectral data matrix (X) augmented 
with references values data (Y) was used [36]. This method ensures a 
representative distribution of both the independent variables (X: spec
tral data) and the dependent variables (Y: reference values), supporting 
robust model development and generalization.

The dataset was divided into 73 samples for model calibration and 30 
samples for external validation. Once the sample sets were defined 
(using data collected with the PoliSPEC-NIR sensor), the same calibra
tion and validation subsets were consistently used across all models 
independently of the instrument or acquisition method to allow a fair 
and direct comparison between the NeoSpectra Scanner and the 
PoliSPEC-NIR, as well as between point-based and scanning/rotary 
acquisition modes.

First model evaluation was performed through cross-validation, 
using a random subset approach with 10 splits and 20 iterations, 
which provides a balanced assessment of predictive performance and 
allow the choice of the correct number of latent variables to avoid 
overfitting. Key metrics used to assess the models included the coeffi
cient of determination (R2), the Root Mean Square Error of Calibration 
(RMSEC), the Root Mean Square Error of Cross-Validation (RMSECV), 
and the Root Mean Square Error of Prediction (RMSEP) for external 
validation. These indicators were used to compare the predictive accu
racy and robustness of the models developed under different configu
rations, ensuring the reliability of the extracted chemical information 
from the NIR spectra. The choice and reporting of these statistical in
dicators were carried out in accordance with established recommenda
tions for analytical calibration and data reporting [37].

4. Results and discussion

4.1. Spectra interpretation

Fig. 2 shows the raw NIR spectra acquired from the two spectrom
eters, NeoSpectra Scanner and PoliSPEC-NIR. The two instruments 
operate in different spectral ranges, with the NeoSpectra Scanner 
covering the 1350–2500 nm region and the PoliSPEC-NIR working 
within 900–1700 nm. The graphs reveal slight differences in signal in
tensity and spectral characteristics if comparing the overlapped region, 
which can be attributed to the distinct optical configurations of the in
struments, including illumination geometry, spectral resolution and 
detector characteristics. Both spectra exhibit absorption bands associ
ated with key wheat components, such as water and proteins. The 
analysis of the most relevant spectral regions revealed substantial dif
ferences between the two instruments, attributable to both their spectral 
coverage and optical resolution. In the near-infrared region, absorption 
features mainly arise from overtone and combination vibrations of 
O–H, fundamental modes. Higher-order overtones (second, third and 
above) are intrinsically weak and contribute only marginally to NIR 
spectra. [38,39] As a consequence, the most relevant contributions in 
the spectra originate from first overtones and combination bands of 
these groups. For the spectroscopic range covered by NeoSpectra 
Scanner, the most influential wavelengths were located in the ranges of 
1450–1470 nm, 1900–1950 nm, 2050–2180 nm, and 2300–2350 nm. 
The regions around 1450–1470 nm and 1900–1950 nm correspond to 
the first overtone of O–H stretching and the O–H stretching + bending 
combination band of free and bound water, respectively. The interval 
2050–2180 nm and the region between 2300 and 2350 nm are generally 
associated with combination bands involving N–H and C-H/C=O 
groups, which reflect contributions from proteins and other organic 
constituents. In the case of the range covered by PoliSPEC-NIR, the most 
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predictive spectral regions were identified within the 1100–1200 nm 
and 1300–1450 nm ranges. Specifically, the region around 1420 nm is 
associated with the first overtone of O–H stretching, indicative of free 
moisture, while the band between 1370 and 1390 nm corresponds to 
C–H combination bands (CH2, CH3) typically associated with aliphatic 
structures, including those related to proteins [40–44]. Overall, the 
spectral differences observed between instruments reflect their wave
length coverage, optical resolution and sampling characteristics, and the 
identified regions are consistent with the vibrational behavior of water, 
proteins and structural organic components in durum wheat kernels.

4.2. Prediction of protein content

The prediction of protein content in wheat samples was performed 
using Partial Least Squares Regression (PLS) applied to spectral data 
acquired with the NeoSpectra Scanner and PoliSPEC-NIR. Given the 
differences in the two sensors, independent models were developed for 
each spectrometer and acquisition mode to assess their predictive per
formance. Fig. 3 resumes the results from the best models, while 
regression coefficients are reported in supplementary material.

In the point-based mode with the NeoSpectra Scanner, the calibra
tion model was built by selecting 5 latent variables (LVs) according to 
the minimum RMSECV. The calibration phase yielded an R2 value of 
0.82, with RMSEC of 0.37 g/100 g and RMSECV of 0.49 g/100 g. Vali
dation resulted in an RMSEP of 0.59 g/100 g, and a bias of − 0.0044 g/ 
100 g. In the rotary mode, the best calibration model was achieved using 
4 latent variables, giving a calibration R2 value of 0.79, RMSEC of 0.48 
g/100 g, and RMSECV of 0.64 g/100 g. Validation yielded an RMSEP of 
0.47 g/100 g, and a bias of − 0.072 g/100 g.

The PoliSPEC-NIR was tested using two different acquisition 
methods: point-based and scanning. The point-based mode, similar to 
that used with the NeoSpectra Scanner, involved collecting spectra from 
a fixed position on the sample. In this mode, the calibration model was 
developed using 73 samples, selecting 6 latent variables (LVs) according 
to the minimum RMSECV. The calibration phase yielded an R2 of 0.82, 
with RMSEC of 0.40 g/100 g and RMSECV of 0.51 g/100 g. Validation 
on 30 independent samples resulted in an RMSEP of 0.43 g/100 g and a 
bias of 0.002 g/100 g. In the scanning mode, the calibration model was 
built with 7 latent variables, achieving a calibration R2 of 0.86, with 
RMSEC of 0.35 g/100 g and RMSECV of 0.48 g/100 g. Validation on 30 
independent samples yielded an RMSEP of 0.35 g/100 g and a bias of 
0.046 g/100 g.

The calibration and validation result for both spectrometers and 
acquisition modes are summarized in Table 3, providing an overview of 
their predictive performance in protein content estimation.

4.3. Prediction of moisture content

To estimate the moisture content in durum wheat kernel samples, 
Partial Least Squares Regression (PLS) was applied to the spectral data 
obtained from the NeoSpectra Scanner and PoliSPEC-NIR devices. Fig. 4
summarizes the results of the best-performing models, while the 
regression coefficients are provided in the supplementary material.

Concerning the models obtained with the NeoSpectra Scanner 
sensor, in the point-based mode, the optimum PLS calibration model was 
constructed using 3 latent variables (LVs). The calibration phase yielded 
an R2 value of 0.67, an RMSEC of 0.33 g/100 g, and an RMSECV of 0.37 
g/100 g. Validation resulted in an R2 of 0.38, an RMSEP of 0.38 g/100 g, 
and a bias of − 0.18 g/100 g. In the rotary mode, the best calibration 
model was obtained with 5 latent variables, yielded an R2 value of 0.61, 
an RMSEC of 0.38 g/100 g, and an RMSECV of 0.43 g/100 g. Validation 
resulted in an R2 of 0.38, an RMSEP of 0.38 g/100 g, and a bias of − 0.12 
g/100 g.

Concerning the PoliSPEC-NIR spectrometer, in the point-based 
configuration the calibration model was generated using 5 latent vari
ables (LVs) according to the minimum RMSECV, yielded a calibration R2 

value of 0.80, with RMSEC of 0.23 g/100 g and RMSECV of 0.28 g/100 
g. Validation resulted in an RMSEP of 0.23 g/100 g and a bias of 0.007 g/ 
100 g. In the scanning mode, the calibration model was developed using 
6 latent variables, achieving a calibration R2 of 0.82, with RMSEC of 
0.22 g /100 g and RMSECV of 0.29 g/100 g. Validation gave an RMSEP 
of 0.21 g/100 g and a bias of 0.013 g/100 g.

All calibration and validation results for the moisture models, across 
both spectrometers and acquisition modes, are compiled in Table 4.

4.4. General discussion

The results obtained from both sensors are encouraging and prom
ising. Considering the importance of being able to perform rapid mea
surements outside the laboratory, a slightly higher error could be 
acceptable. Just imagine the possibility of taking sample measurements 
at a manufacturing site or in a storage center. In these situations, the 
speed of the analysis—without any sample preparation or pre
processing—could compensate for a minor loss of accuracy. Another 
potential application could be at the truck unloading point at the mill, 
where rapid pre-screening could help determine in which silos to store 
the incoming material. Moreover, both instruments showed prediction 
errors that were not significantly different from those of the official 
reference methods (reported in the Protein content determination and in 
Moisture determination paragraph), with errors of 0.3 g/100 g for 
moisture and 0.4 g/100 g for protein.

Fig. 2. Average spectra of durum wheat kernel acquired using different spectrometers and optical configurations. The background colors highlight the distinct NIR 
regions: Region 1 (800–1200 nm) in yellow, Region 2 (1200–1800 nm) in green, and Region 3 (1800–2600 nm) in light blue. (For interpretation of the references to 
colour in this figure legend, the reader is referred to the web version of this article.)
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Fig. 3. a) Predicted vs. measured protein content for the NeoSpectra Scanner (point-based mode); b) Predicted vs. measured protein content for the PoliSPEC-NIR 
(point-based mode); c) Predicted vs. measured protein content for the NeoSpectra Scanner (rotary mode); d) Predicted vs. measured protein content for the PoliSPEC- 
NIR (scanning mode). 
R2: Coefficient of Determination; RMSEC: Root Mean Square Error of Calibration (g/100 g); RMSECV: Root Mean Square Error of Cross-Validation (g/100 g); RMSEP: 
Root Mean Square Error of Prediction (g/100 g).

Table 3 
Calibration and validation statistics of partial least squares models for protein prediction using different preprocessing methods and acquisition modes for the two 
instruments.

Instrument Mode Y Preprocessing LV R2 RMSEC (g/ 
100 g)

RMSECV (g/ 
100 g)

RMSEP (g/ 
100 g)

Bias (g/ 
100 g)

NeoSpectra 
Scanner

Point-based 
mode Protein WLS + MSC + Mean Center 5 0.82 0.37 0.49 0.59 − 0.004

NeoSpectra 
Scanner

Rotary mode Protein WLS + MSC + Mean Center 4 0.79 0.48 0.64 0.47 − 0.072

PoliSPEC-NIR Point-based 
mode

Protein EMSC + Mean Center 6 0.82 0.40 0.51 0,43 0.002

PoliSPEC-NIR
Scanning 
mode Protein

2nd derivative (SG order 2; Window 15) 
+ Mean Center 7 0.86 0.35 0.48 0.35 0.046

LV: Latent Variables; R2: Coefficient of Determination; RMSEC: Root Mean Square Error of Calibration; RMSECV: Root Mean Square Error of Cross-Validation; RMSEP: 
Root Mean Square Error of Prediction; WLS: Weighted Least Squares baseline correction; MSC: Multiplicative Scatter Correction; EMSC: Extended Multiplicative 
Scatter Correction; SG: Savitzky–Golay filter.
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Fig. 4. a) Predicted vs. measured moisture content for the NeoSpectra Scanner (point-based mode); b) Predicted vs. measured moisture content for the PoliSPEC-NIR 
(point-based mode); c) Predicted vs. measured moisture content for the NeoSpectra Scanner (rotary mode); d) Predicted vs. measured moisture content for the 
PoliSPEC-NIR (scanning mode). 
R2: Coefficient of Determination; RMSEC: Root Mean Square Error of Calibration (g/100 g); RMSECV: Root Mean Square Error of Cross-Validation (g/100 g); RMSEP: 
Root Mean Square Error of Prediction (g/100 g).

Table 4 
Calibration and validation statistics of partial least squares models for moisture prediction using different preprocessing methods and acquisition modes for the two 
instruments.

Instrument Mode Y Preprocessing LV R2 RMSEC (g/ 
100 g)

RMSECV (g/ 
100 g)

RMSEP (g/ 
100 g)

Bias (g/ 
100 g)

NeoSpectra 
Scanner

Point-based 
mode

Moisture WLS + MSC + Mean Center 3 0,67 0,33 0,37 0,38 − 0,18

NeoSpectra 
Scanner

Rotary mode Moisture Smoothing (Window 11) + Mean Center 5 0,61 0,38 0,43 0,38 − 0,12

PoliSPEC-NIR
Point-based 
mode Moisture

2nd derivative (SG order 2; Window 15) 
+ Mean Center 5 0,80 0,23 0,28 0,23 0,007

PoliSPEC-NIR
Scanning 
mode Moisture

2nd derivative (SG order 2; Window 15) 
+ Mean Center 6 0,82 0,22 0,29 0,21 0,013

LV: Latent Variables; R2: Coefficient of Determination; RMSEC: Root Mean Square Error of Calibration; RMSECV: Root Mean Square Error of Cross-Validation; RMSEP: 
Root Mean Square Error of Prediction; WLS: Weighted Least Squares baseline correction; MSC: Multiplicative Scatter Correction; EMSC: Extended Multiplicative 
Scatter Correction; SG: Savitzky–Golay filter.
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It is worth to recall that the two devices differ significantly in their 
characteristics. The first, the NeoSpectra spectrometer, is a miniaturized 
device with an acquisition window of approximately 1 cm2. This small 
window size limits its capacity to capture the inhomogeneities within a 
sample such as wheat grains, it is therefore essential for the NeoSpectra 
Scanner to analyze several aliquots of the sample in order to capture as 
much of the sample variability as possible. In contrast, the PoliSPEC-NIR 
sensor features a much larger acquisition window, enabling it to better 
capture and average the intrinsic variability of such heterogeneous 
samples. This difference likely explains why the models developed using 
the PoliSPEC-NIR sensor typically show lower prediction errors 
compared to those based on the NeoSpectra Scanner instrument. Beyond 
the technical specifications—namely, the NeoSpectra Scanner being a 
miniaturized scanner and the PoliSPEC-NIR a handheld device—there is 
also a notable difference in their price ranges.

Regarding the NeoSpectra Scanner sensor, there does not appear to 
be a clear trend associated with the use of the automated rotating sys
tem, at least for the determination of moisture and protein contents in 
this type of sample. Concerning the PoliSPEC-NIR sensor, the use of 
scanning mode appears to slightly enhance model performance 
compared to the point-based mode. For both moisture and protein 
content prediction, the results are improved, although this comes at the 
cost of an increased number of factors.

It is important to note that, in practical applications, the NeoSpectra 
Scanner sensor requires only a few grams of sample per analysis, 
whereas the PoliSPEC-NIR instrument demands a significantly larger 
sample volume, particularly in scanning mode, where the device is 
physically swiped across the sample.

5. Conclusions

The results of this study highlight the potential of portable NIR 
spectrometers for the non-destructive estimation of protein and mois
ture content in intact durum wheat kernels. Both instruments, Neo
Spectra Scanner and PoliSPEC-NIR, demonstrated satisfactory predictive 
capabilities, with better performance observed for protein than for 
moisture, and generally higher accuracy achieved with the PoliSPEC- 
NIR. The different acquisition modes tested (point-based, rotary/scan
ning) affected model quality, suggesting that sample homogenization 
and greater surface coverage improve predictive robustness. Notably, 
the scanning mode yielded the best results for the PoliSPEC-NIR, with 
lower RMSEP values compared to other configurations - RMSEP 0.35 g/ 
100 g for protein content prediction and 0.21 g/100 g for moisture 
prediction. Overall, the developed PLS models showed good accuracy 
and generalizability, supporting the feasibility of deploying miniatur
ized spectrometers in operational contexts for rapid screening applica
tions. Nevertheless, predictive accuracy remains influenced by 
instrumental and procedural factors, highlighting the need for targeted 
calibration and standardized measurement protocols for field use. In 
conclusion, portable NIR devices represent a promising solution for 
quality monitoring of durum wheat along the value chain, supporting 
more efficient decision-making in agricultural and industrial settings, in 
line with the principles of precision agriculture and the digital trans
formation of the agri-food sector.
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