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Abstract: This pilot study explores the potential of near-infrared spectroscopy (NIRS) for predicting
sunflower seed protein content, focusing on both crushed and husked samples to address agricultural
sustainability concerns. Sunflower seeds are renowned for their richness in both oil and protein
content. The important role of sunflower seeds in the food and feed industries underscores the
importance of using precise analytical tools to determine their composition. In essence, the nature of
the hull of sunflower seeds, which skews the interaction between the seed and light, necessitates a
sophisticated analysis. This study analyzes 326 samples using a near-infrared spectrometer to develop
robust partial least squares (PLS) models. High accuracy is achieved in predicting total protein for
crushed samples (r²c = 0.97, RMSEC 0.54%, RPDc 6; r²p = 0.78, RMSEP 1.24%, RPDp 2.1). Extending
the scope to husked samples, promising results emerge for crude protein prediction (r²c = 0.93,
RMSEC 0.86%, RPDc 3.9; r²cv = 0.83, RMSECV 1.39%, RPDcv 2.4). Additionally, this study delves
into protein fractions (globulin, albumin, and glutelin) in crushed seeds, adding depth to the analysis.
In conclusion, NIR spectroscopy proves valuable for rapid prescreening in breeding, especially when
working with hulled grains, offering non-destructive efficiency and predictive accuracy in agricultural
analysis. The novel exploration of protein fractions in sunflower seeds further enhances this study’s
importance, providing a valuable contribution to the field and underscoring the practical applications
of NIR spectroscopy in sustainable agriculture. In conclusion, the opacity of sunflower seed hulls
poses challenges in infrared spectroscopy, limiting light penetration and accuracy. Dehulled seeds are
preferred for reliable results, overcoming hull-related limitations. Although grinding provides the
advantages of uniformity and reproducibility for near-infrared (NIR) spectroscopy, the preference for
dehulled grains persists. The practical need for accurate analysis in agriculture and breeding drives
the choice of spectroscopy on dehulled seeds, allowing for replanting.

Keywords: sustainable analysis; husked seed samples; intact seed samples; protein; infrared spectroscopy;
sunflower seeds; NIRS; Helianthus annuus

1. Introduction

Sunflower (Helianthus annuus L.) stands as one of the most extensively cultivated
crops, boasting a global production of approximately 50 million tons in 2020 (FAO Statistics
Division 2023) [1]. Sunflower (Helianthus annuus L.) oil and meal, derived from the seeds of
the sunflower plant, are commonly used in the food and feed industries globally, owing to
their versatility and nutritional benefits [2]. Indeed, although sunflower seeds are mainly
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cultivated for their oil, they are also used as oilcakes because of their high protein content
(protein accounts for an average of 22% of the dry matter of the seeds) [3,4].

The global demand for protein is increasing worldwide. It can be explained by several
factors. Firstly, constant population growth is contributing to a natural increase in the
demand for food, including protein. At the same time, improved living standards in many
parts of the world are leading to a shift in eating habits towards higher-protein diets. In
addition, the expansion of the animal feed industry, particularly in developing countries, is
contributing to an increased demand for protein in livestock production. The combination
of these factors has led to a significant increase in global protein demand. Simultaneously,
a rise in plant-based protein demand reflects a growing interest in sustainable and health-
conscious dietary choices. To meet this growing demand, sunflower stands out as a
promising candidate to meet the increasing demand for plant-based protein sources [5–7].

Significant efforts have then been devoted to developing and optimizing protein ex-
traction and characterization techniques [8–10]. Unfortunately, few authors have studied
protein fractions. For sunflower seeds, the literature describes four groups of storage
proteins, which are classified according to their solubility and characterized by their sed-
imentation coefficient. These are globulin (helianthinin, 40% to 90% of total proteins),
albumin (sunflower albumin or SFA, 10% to 35%), and, in lower concentrations, glutelin
and prolamins [5,10,11]. The size of each protein fraction depends on the extraction condi-
tions [12–15]. Indeed, chemical extraction methods use solvents or reagents to degrade cell
walls and facilitate protein release, which can result in the extraction of a wide range of pro-
teins but also in the denaturation or modification of certain protein structures depending on
the chemicals used. Enzymatic extraction, on the other hand, employs specific enzymes to
target and degrade cellular components, allowing for a more targeted extraction of proteins
based on the enzymes’ specificity. A combination of chemical and enzymatic treatments can
provide a balanced approach, optimizing extraction efficiency by degrading cell barriers
with chemicals and then selectively targeting specific proteins with enzymes. It depends
also on the genetic variability of sunflower protein fractions.

The classical wet chemical methods used to determine the protein content of sunflower
seeds are time-consuming and tedious, and the sample preparation destroys the seeds.
Furthermore, these conventional methods are not sustainable, as the sample preparation
involves the use of environmentally harmful chemicals. Thus, breeding projects would
greatly benefit from a simple, non-destructive method to rapidly analyze sunflower seeds.
One technology that may achieve this goal is near-infrared spectroscopy (NIRS), which is
rapid, eco-friendly, non-destructive, and widely used to quantify nutritional components
in cereals. NIRS has been used to predict water, oil, fiber, and total protein content in
sunflower meal, with attractive results (r² > 0.90) [16,17]. Some groups have applied NIRS
to intact seeds or husked grains [17–22] to predict oil and fatty acid content.

Wang et al. analyzed automatically hulled sunflower seeds for crude protein, crude
fat, and fatty acid composition. The spectral range used was 850 to 2499 nm. The authors
achieved good results, with correlation coefficients ranging from 0.94 to 0.975 [17].

Sato et al. used near-infrared spectroscopy to determine the fatty acid composition
of sunflower seeds. The seeds were hulled using an automatic huller or hulled manually
with a knife. The spectral range used was 1100 to 2500 nm. Oil prediction performance
showed a correlation coefficient r equal to −0.993. The identified wavelength corresponds
to 1724 nm [18].

González Martín et al. determined the fatty acid composition of sunflower seeds by
NIRS scanning between 1445 and 2348 nm using a filter instrument. They obtained models
with very interesting performance (r between 0.984 and 0.999) [22].

Akkaya determined the fatty acid composition of sunflower seeds by NIRS (between
400 and 2500 nm). The coefficients of determination (r2) in the calibration ranged from
0.615 to 0.996. The author concluded that NIRS was a reliable technique that can be used as
a rapid screening tool for the fatty acid composition of sunflower seeds [21].
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Pérez-Vich et al. tested near-infrared reflectance spectroscopy (NIRS) between 400 and 2500 nm
to estimate the oil content and fatty acid composition of sunflower seeds. Models were
developed on hulled and crushed seeds, as well as on oil. The authors showed that NIRS is
a reliable and accurate technique for estimating these traits in sunflower oil (validation r2
between 0.97 and 0.99), crushed seeds (r2 from 0.92 to 0.98), and hulled seeds (r2 from 0.90
to 0.97). The authors concluded that it is not necessary to grind the seeds, as the results are
just as accurate when obtained by analyzing hulled seeds [23].

Fassio et al. investigated NIRS as a technique for predicting moisture, oil, and crude
protein content over a spectral range from 400 to 2500 nm. The coefficient of determination
in the calibration (r2) was 0.90 for crude protein content. The authors concluded that
NIRS is an appropriate technique to use as a tool for the rapid preselection of quality
characteristics in breeding programs [20].

Finally, very few studies have focused on near-infrared spectroscopy applied to quan-
tify proteins in sunflower (Table 1).

Table 1. Summary of studies of near-infrared spectroscopy applied to quantification of crude protein
in sunflower.

Number of
Samples/Sample
Preparation

Referenced Method for Crude
Protein Determination

Device, Spectral Range,
and
Chemometrics

Performance and Characteristic
Wavelengths Reference

300 samples of intact seeds
(5 to 6 akenes)

Kjeldhal method
Average: 304 to 305 g kg−1

[89.0–424.0 g kg−1]

FOSS NIRS 6500
400–2500 nm
Second derivative
Modified partial least
squares regression

Training on 250 samples and external
validation on 37 samples
r²cal = 0.96 SECV = 13.1 g kg−1, r² = 0.72
SEP = 17.1 g kg−1

Strong absorption bands related to oil and
water contents: 1460 nm (O-H stretch overtone
bond—water), 1720 and 1764 nm (C-H stretch
first overtone bonds (oil and fatty acids)), 1930
nm: O-H bonds (water), 2100 and 2278 nm:
C-H combination bonds

Fassio and
Cozzolino,
2004 [20]

172 mechanically dehulled
seeds (10 g for each sample)

Dumas method
Average: 29.09% [10.50–60%]

FOSS DS6500
850–2499 nm
SNV detrend Partial least
squares regression

Training on 154 samples and external
validation on 18 samples, r = 0.950,
SEP = 1.399%, RPD = 2.9

Wang et al.
2020 [17]

This is explained by the fact that, until now, sunflowers were selected on the basis of
their oil content and fatty acid composition. To our knowledge, no study has yet focused
on predicting the fractional protein content of husked seeds. Our hypothesis is that we can
analyze the crude protein content and fractional protein content of husked seeds with near-
infrared spectroscopy. The objective of this study is thus (1) to compare the performance of
infrared models to predict the total crude protein content of crushed and husked sunflower
seeds, and (2) to study their albumin, glutelin, and globulin content by applying NIRS to
crushed sunflower seeds.

2. Materials and Methods
2.1. Characterization of Sunflower Seed Samples

In France, Romania, and Ukraine, 326 (n = 326) sunflower (Helianthus annuus L.) sam-
ples obtained from several breeding lines were harvested in 2017, reflecting a geographical
diversity that may influence the chemical composition of the seeds. Three types of fertil-
ization were performed: “fertilization 1” with 85% nitrogen (N), 85% phosphorus (P), and
85% potassium (K); “fertilization 2,” presenting a different combination, with 40% nitrogen,
48% phosphorus, and 36% potassium; and, lastly, “fertilization 3”, characterized by more
intensive fertilization, comprising 140% nitrogen, 60% phosphorus, and 60% potassium.

The samples were split into two sets, with 285 crushed samples and the remaining
41 samples serving as manually husked samples. Of the 285 samples, 16 were selected for
the analysis of their protein fractions (i.e., the albumin, globulin, and glutelin content).
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2.2. Determination of Total Protein Content by Dumas Method

After freeze-drying for 48 h, subsamples of 55 (±10%) grams were ground three
times for 10 s in a mill (IKA M20, IKA®-Werke GmbH & Co. KG, Staufen, Germany).
Their protein content was determined by applying the protein quantification method
of Dumas combustion with a FLASH 4000 Nitrogen/Protein analyzer (Thermo Fisher
Scientific, Paisley, UK) to 80 mg (±5%) of homogenized ground samples at 940 ◦C and
with an internal liquid flow rate of 300 mL/min. Next, 80 mg of lyophilized sunflower
meal was inserted into 10 mm diameter, 10 mm high tin capsules with a volume of 785 µL
(Thermo Fisher Scientific Inc, No. 252 08000). Weighing was performed on an Entris®

precision balance (Sartorius, Göttingen, Germany) with an accuracy of 10−2 mg. All
analyses were performed in triplicate, and the results were averaged.

2.3. Determination of Albumin, Globulin, and Glutelin Content by Successive Extraction

Protein fractions were extracted from samples in several steps according to the Osborne
protocol [11]. Specifically, 1.75 g of sunflower seed meal was placed in a 50 mL vial to
which (i) 35 mL of Milli Q water to extract albumin, (ii) 35 mL of 1 M NaCl to extract
globulin, and (iii) 35 mL of a pH 12 buffer to extract glutelin were then successively added.
Liquid–solid separation was performed by centrifugation (10,000 rpm, 15 min, 20 ◦C). The
supernatant was freeze-dried for 72 h before being weighed. For each protein extract, the
albumin, globulin, and glutelin content was determined using a Flash 4000 instrument
(Thermo Fisher Scientific Inc., Waltham, MA, USA) for homogeneous grinding. Each
ground product was analyzed twice, and the average content was retained.

2.4. Collection of Near-Infrared Spectra on Crushed and Husked Sunflower Seeds

Near-infrared spectra were collected using a Bruker Fourier Transform Near-Infrared
MPA™ instrument (Bruker Optics, GmbH, Ettlingen, Germany). Spectra were taken from
a small cup placed on the analyzer and containing 5 g of the 285 crushed samples (FOSS,
Hilleroed, Denmark). Spectra were also taken from the same small cup containing 5 g
of husked sample (FOSS, Hilleroed, Denmark). The reflectance spectra spanned from
12.274 to 5.493 cm−1, with an 8 cm−1 step and with three replicates per sample. The
average of the three spectra was retained. The software Opus™ 6.5 (Bruker Optics, GmbH)
served to configure the measurements and control the instrument.

2.5. Preprocessing and Statistical Analysis of Near-Infrared Spectra

The software XLSTAT (version 2020.1.1; Addinsoft, XLSTAT statistical and data anal-
ysis solution, Long Island, NY, USA; https://www.xlstat.com, 2019) was used for the
descriptive analysis.

Classical mathematical preprocessing was applied to remove the effects of light scat-
tering, highlight various spectral peaks, and eliminate multiplicative noise and baseline
shifts. Six types of preprocessing were tested: no treatment (i.e., raw data were used),
first-derivative (D1) and second-derivative (D2) Savitzky–Golay transformations, standard
normal variate (SNV) ± D1, and SNV detrend (SNVD). Calibration equations were de-
rived using partial least squares (PLS) regression between the infrared reflectance spectra
(880 variables) and the chemical values [24].

To prevent overfitting [25], cross-validation was performed using the training data of the
41 husked samples to select both the optimal number of factors and the best preprocessing.

The 285 crushed samples were divided into two sets using the Kennard–Stone method [26].
One set was used in training to develop the model (80% of the samples—228 samples), and
one set was used to test the model (20% of the samples—57 samples).

The performance of the PLS models was quantified by the coefficient of determination
R2 and the root mean standard error of either training, cross-validation, or prediction
(RMSEC, RMSECV, or RMSEP). The ratio of performance to deviation (RPD) served to
define the predictive accuracy of the models when applied to new samples. The RPD is
defined as the ratio between the standard deviation of the reference value and the RMSE of

https://www.xlstat.com
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a model [27]. RPD > 3 indicates that the model can be used to predict quantitative values,
whereas 2 < RPD < 3 means that the model should be improved [28]. The best model was
selected based on the highest coefficient of determination in cross-validation [29]. All data
processing and modeling of infrared spectra were performed using The Unscrambler® (v. X;
CAMO A/S, Oslo, Norway).

Concerning the protein fractions, the general procedure for classifying sunflower seeds
according to protein fraction content involves two steps (Figure 1).
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Figure 1. Procedure for classifying sunflower seeds regarding their protein fraction content.

The first step considered only the benchmark values obtained in the laboratory: the
protein fraction content. The assigned values were categorized in an ascending hierarchical
classification (AHC). The AHC was analyzed using XLSTAT version 2020.1.1, configured
to use Euclidean distance for the dissimilarity parameter and Ward’s aggregation method.
Automatic truncation was performed with entropy. Differences among the groups were
then investigated with the Mann–Whitney U test and p values less than or equal to 0.001
were evaluated as statistically significant. The Mann–Whitney U test was performed using
Matlab 2020a Update 7 (9.8.0.1721703).

3. Results and Discussion
3.1. Compositional Characteristics of Total Content of Crude Protein, Albumin, Globulin,
and Glutelin

Table 2 summarizes the descriptive statistics of the 326 sunflower samples.

Table 2. Composition of 326 sunflower samples in terms of their protein and protein fraction content.

Statistic Crude Protein Content (%) Albumin (%) Globulin (%) Glutelin (%)

Crushed Husked
No. of observations 285 16 (of 285) 41 16 16 16
Minimum 10 14.6 11.5 1.7 6.1 0.8
Maximum 25.7 23.6 22.7 3.3 19.4 3.6
Mean 18.7 18.3 16.2 2.5 12.8 2
Standard deviation (n − 1) 3.1 2.7 3.3 0.4 4.1 0.8

The total protein content of the 285 samples ranged from 10.0% to 25.7%, with a mean
of 18.7% and a standard deviation of 3.1%. The minimum and maximum contents of the
41 husked samples are included in the contents of the 285 crushed samples. These results
are consistent with published results [30–33].
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In the 16 samples analyzed for their protein fractions, albumin content varied from
1.7% to 3.3%, globulin content from 6.1% to 19.4%, and glutelin content from 0.8% to
3.6%. Expressing these contents as a percent of total protein content, albumin content
averages at 14% (between 11% and 19%), glutelin content averages at 11% (between 5%
and 18%), and globulin content averages at 69% (between 41% and 91%). Although these
values differ slightly from those reported by Bauchot and Merrien [34] (55–60% globulin,
17–23% albumin, and 11–17% glutelin), the pattern remains the same, with globulin consti-
tuting the majority. Figure 2 shows a cumulative histogram of the albumin, glutenin, and
globulin content of the 16 sunflower samples whose protein fractions were measured.
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Figure 2. Albumin, globulin, and glutelin content of the 16 crushed samples of sunflower seeds.

The total of the three protein fractions varies from 11.1% to 21.9%, which is consistent
with previous results [31].

3.2. Near-Infrared Reflectance Spectra of Crushed and Husked Sunflower Seeds

Figure 3 shows the average reflectance spectra of the 285 crushed samples and the
41 husked samples. Husked samples absorb more than crushed seeds, as reported by
Sato et al. [18].
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In our study, we identified characteristic wavelengths at 8237 cm−1, 6930–6592 cm−1,
and 5780 cm−1, corresponding to 1214 nm, 1443–1517 nm, and 1730 nm, respectively. These
values highlight specific features in the electromagnetic spectrum. Comparing our findings
with the work of Fassio and Cozzolino (2004) reveals similarities with absorption bands
at 1460 nm (O-H stretch overtone bond—water) and 1720 and 1764 nm (C-H stretch first
overtone bonds) [20].

3.3. Partial Least Squares Regression of Crude Protein Content of 285 Crushed Samples

The PLS prediction model for crude protein content was developed based on 80% of
the samples (228 samples) and tested on the remaining 57 samples. The 228-sample training
set had a mean crude protein content of 18.6% (10% minimum and 25.7% maximum, for
a standard deviation of 3.2%). The mean crude protein content of the 57 samples of the
test set was 19.1% (11.8% minimum and 23.3% maximum, for a standard deviation of
2.6%). Several PLS models were developed from the raw and preprocessed near-infrared
reflectance spectra.

Table 3 and Figure 4 summarize the performance of the models for the 285 crushed seeds.

Table 3. Performance of best NIR models based on prediction set using partial least squares (PLS)
regression for determining crude protein content % in crushed seeds for the various spectral prepro-
cessing methods (standard normal variate (SNV), standard normal variate and detrending (SNVD),
and first- and second-order Savitzky–Golay derivatives (D1 and D2)).

No. of
Samples for
Training

No. of
Factors r2 Calc

RMSEC
(%) RPD Calc

No. of
Samples
for Test

r2 Pred.
RMSEP
(%)

RPD
Pred.

Raw 228 10 0.97 0.54 6.0 57 0.78 1.24 2.1
D1 228 7 0.92 0.93 3.5 57 0.71 1.43 1.8
D2 228 5 0.86 1.22 2.7 57 0.56 1.76 1.5
SNV 228 10 0.97 0.55 5.9 57 0.77 1.28 2.1
SNV D1 228 7 0.88 1.13 2.9 57 0.62 1.63 1.6
SNVD 228 9 0.97 0.54 6.0 57 0.74 1.35 2.0
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The best preprocessing was taken to correspond to the highest calculated r² (which is
associated with the lowest RMSEC). The best model was obtained with no preprocessing
and gave r² = 0.97 and RMSEC = 0.54%, for a very high RPD of six. Blindly applying
this model to the 57 testing samples produced r² = 0.78, RMSEP = 1.24%, and RPD = 2.1.
In comparison, Fassio and Cozzolino’s study on whole sunflower seeds yielded a cal-
ibration R² of 0.96 and SECV of 13.1 g kg−1, while the prediction R² was 0.72 with an
SEP of 17.1 g kg−1. Our model was good in explaining the protein content within the
training set; its predictive capability experienced a decline in the testing phase. Fassio and
Cozzolino’s approach maintained a reasonable predictive performance despite the inherent
complexity of analyzing whole seeds. This comparison suggests that, although our model
is promising, it still requires further improvement [28].

The advantages of quantification models using near-infrared (NIR) spectra on ground
grains compared to whole grains can be attributed to several factors. Grinding the grains
creates a more uniform surface, ensuring a homogeneous distribution of internal com-
ponents, allowing the NIR spectrometer to obtain more representative measurements.
Additionally, grinding facilitates better light penetration, eliminates surface-related inter-
ferences in whole grains such as dust or dirt, and ensures an increased reproducibility of
samples. In summary, grinding enhances the quality of NIR measurements by eliminating
surface variations, enabling better light penetration, reducing interferences, and ensuring
optimal sample reproducibility. Let us now examine this performance by comparing it to
analyses conducted on dehulled seeds.

3.4. Partial Least Squares Regression of Crude-Protein Content for 41 Husked Samples

The 41 husked samples were insufficient to be validated with an independent dataset,
as done with the crushed samples. Thus, to avoid overfitting, a cross-validation was
performed in this feasibility study (Table 4).

Table 4. Performance of best NIR models based on prediction set using partial least square (PLS)
regression for determining concentration % of given element in husked seeds for the various spectral
preprocessing methods (standard normal variate (SNV), standard normal variate and detrending
(SNVD), and first- and second-order Savitzky–Golay derivatives (D1 and D2)).

No. of
Samples

No. of
Factors r2 Calc

RMSEC
(%) RPD Calc r2 CV

RMSECV
(%) RPD CV

Raw 41 9 0.9 1.04 3.2 0.61 2.09 1.6
D1 41 7 0.8 1.46 2.3 0.43 2.57 1.3
D2 41 9 0.86 1.25 2.7 0.61 2.09 1.6
SNV 41 6 0.93 0.87 3.8 0.82 1.46 2.3
SNV D1 41 7 0.95 0.77 4.3 0.81 1.49 2.2
SNVD 41 5 0.93 0.86 3.9 0.83 1.39 2.4

The best model was obtained with SNVD (Table 4 and Figure 5). The model gave
r² = 0.93 and RMSEC = 0.86%, with a good RPD value of 3.9. Cross-validating this model
produced r² = 0.83, RMSECV = 1.39%, and RPD = 2.4. Cross-validation revealed a slight
decrease in performance. In contrast, Wang et al. [17] presented a model trained on
154 samples and externally validated on 18 samples, achieving a high correlation coefficient
(r = 0.950), a SEP of 1.399%, and an RPD of 2.9. Wang et al.’s model exhibited a comparable
predictive performance despite a higher training dataset and an external validation. As is
the case for the model developed on crushed grains, the SNVD model is promising but still
needs improvement [28].
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The hull of the sunflower seed can pose an issue in infrared spectroscopy due to
several factors. Firstly, the hull may be relatively opaque to infrared light, limiting its
penetration into the sample. This can result in less accurate measurements as the light
cannot effectively reach the internal components of the seed. Additionally, the hull can in-
troduce interferences in the infrared spectra by reflecting or absorbing light non-uniformly.
These interferences can distort the spectral data, complicating the interpretation and quan-
tification of the internal components of the seed. Consequently, for more reliable results
in infrared spectroscopy, it is often preferable to work with dehulled seeds to avoid the
limitations imposed by the hull [17,20].

However, given that this model performs well upon training with five times fewer
samples, more samples could be added to extend the feasibility study and increase the
variability of the samples, thereby making the model more robust. In this way, NIRS could
be used in breeding because husked seeds can be sown.

In addition to analyzing the total crude protein content, we also analyzed the albumin,
globulin, and glutelin fractions.

3.5. Analysis of Albumin, Globulin, and Glutelin Content of 16 Crushed Samples

We applied an ascending hierarchical classification (AHC) to the protein fraction
content of the 16 sunflower samples. The protein fraction contents were related to the
sum of the three fractions. The AHC grouped the 16 sunflower samples into two groups
comprising five and eleven sunflower samples (31% and 69%, respectively). These groups
are labeled A and B, respectively. Samples from group A have a similar albumin content
(n = 16, p-value = 0.083), significantly lower globulin and total protein content (n = 16,
p-value = 0.023 and p-value = 0.0005, respectively), and higher glutenin content (n = 16,
p-value = 0.027) than samples from group B (Mann–Whitney U test). Figure 6 represents
a 3D plot of protein content in the 16 sunflower samples using albumin, globulin, and
glutenin levels (% of total protein content—TPC).
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Another Mann–Whitney U test was performed on each of the 2307 wavelengths of the
near-infrared spectra to see if some wavelengths would be related to these protein fractions.
The near-infrared spectra were considered raw and preprocessed D1, D2, SNV, SNV De-
trend, and SNV D1. The corresponding wavenumbers and corresponding wavelengths are
listed below: 11,788 cm−1 (848 nm), 9195 cm−1 (1087 nm), 6885 cm−1 (1452 nm), 6881 cm−1

(1453 nm), and 4216 cm−1 (2372 nm) for D1; 11,587 cm−1 (863 nm), 11,032 cm−1 (906 nm),
6746 cm−1 (1482 nm), and 5624 cm−1 (1778 nm) for D2; and 6881 cm−1 (1453 nm) for
SVND1, with a p-value lower than 0.001. The following attribution of specific wavelengths
can be made: 848 nm (C-H third overtone and C-C second overtone), 906 nm (C-H third
overtone), 1087 nm (C-H second overtone and C-C second overtone), 1452–1453 nm (O-H
first overtone), 1482 nm (N-H first overtone), 1778 nm (C-H first overtone), and 2372 nm
(O-H second overtone) [35]. The attribution of specific wavelengths, ranging from C-H and
C-C overtones to O-H and N-H overtones, highlights the complex nature of the molecules
involved. The specific wavelengths identified in our study, particularly those strongly
associated with protein fractions, align with the findings of Fassio and Cozzolino (2004),
who observed strong absorption bands corresponding to O-H and C-H overtones [20]. The
wavelengths identified as significant in this study are then consistent with those selected
by various authors [36–38], which are considered relevant for protein analysis.

4. Conclusions

Firstly, this study achieves high accuracy in predicting the total protein content of
crushed 326 samples (r²c = 0.97, RMSEC 0.54%, RPDc 6; r²p = 0.78, RMSEP 1.24%, RPDp 2.1).
Grinding ground grains for near-infrared (NIR) spectroscopy improves measurement
quality by creating a uniform surface, enhancing light penetration, reducing interferences,
and ensuring optimal sample reproducibility.

Secondly, this study shows promising outcomes (n = 41, r²c = 0.93, RMSEC 0.86%,
RPDc 3.9; r²cv = 0.83, RMSECV 1.39%, RPDcv 2.4) extended to husked samples. Sunflower
seed hulls can hinder infrared spectroscopy due to their opacity, limiting light penetration
and causing interferences in spectral data. Dehulled seeds are preferred for more reliable
results. The most notable aspect of this study lies in the possibility of replanting sunflower
seeds after the shelling process. This observation underscores the sustainable and practical
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nature of the adopted approach and is of considerable importance as it broadens the
application of near-infrared spectroscopy (NIRS) in crop selection.

This study reveals valuable insights, but it comes with certain limitations. Firstly, the
sample size for husked samples is limited to 41, hindering robust statistical validation.
Additionally, while the partial least squares (PLS) regression models show promising
predictive capabilities for crude protein content in crushed seeds, the decline in performance
when applied to the testing set indicates a need for further refinement. Furthermore,
the reliance on crushed seeds for NIR analysis may not fully capture the complexities
introduced by the presence of the hull in whole seeds.

Thirdly, the analysis categorized 16 crushed samples into two groups based on their
compositions of protein fractions (albumin, globulin, and glutelin), using significant wave-
lengths attributed to proteins. This feasibility study presents exciting possibilities for
large-scale screening categorizing content levels (low, medium, and high). These findings
are essential for the food and animal feed sectors, where a detailed knowledge of protein
fractions is crucial for adjusting formulations while limiting environmental impact. De-
spite promising results, improvements are needed and can be made by adding samples of
various origins.

Finaly, the potential development of a field device could simplify the work of plant
breeders, making this technology even more accessible and impactful in real-world green
agricultural settings.
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