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Abstract: Durum wheat (Triticum durum Desf.), among the herbaceous crops, is one of the
most extensively grown in the Mediterranean area due to its fundamental role in supporting
typical food productions like bread, pasta, and couscous. Among the environmental and
technical aspects, nitrogen (N) fertilization is crucial to shaping plant development and
that of kernels by also affecting their protein concentration. Today, new techniques for
monitoring fields using uncrewed aerial vehicles (UAVs) can detect crop multispectral
(MS) responses, while advanced machine learning (ML) models can enable accurate
predictions. However, to date, there is still little research related to the prediction of
the N nutritional status and its effects on the productivity of durum wheat grown in
the Mediterranean environment through the application of these techniques. The present
research aimed to monitor the MS responses of two different wheat varieties, one ancient
(Timilia) and one modern (Ciclope), grown under three different N fertilization regimens
(0, 60, and 120 kg N ha−1), and to estimate their quantitative and qualitative production
(i.e., grain yield and protein concentration) through the Pearson’s correlations and five
different ML approaches. The results showed the difficulty of obtaining good predictive
results with Pearson’s correlation for both varieties of data merged together and for the
Timilia variety. In contrast, for Ciclope, several vegetation indices (VIs) (i.e., CVI, GNDRE,
and SRRE) performed well (r-value > 0.7) in estimating both productive parameters. The
implementation of ML approaches, particularly random forest (RF) regression, neural
network (NN), and support vector machine (SVM), overcame the limitations of correlation
in estimating the grain yield (R2 > 0.6, RMSE = 0.56 t ha−1, MAE = 0.43 t ha−1) and
protein (R2 > 0.7, RMSE = 1.2%, MAE 0.47%) in Timilia, whereas for Ciclope, the RF
approach outperformed the other predictive methods (R2 = 0.79, RMSE = 0.56 t ha−1,
MAE = 0.44 t ha−1).

Keywords: wheat fertilization; sustainable agriculture; ancient grains; cereals; precision
agriculture; smart agriculture; remote sensing

1. Introduction
Among the crops grown on arable land, durum wheat (Triticum durum Desf.) is

a niche crop cultivated on about 13.7 million ha, producing 34.3 million tons of grain
globally [1]. One of its main production areas is the Mediterranean basin, including
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European (Italy, Spain, France, Greece), northern African (Tunisia, Algeria, Morocco) and
south-west Asian (Syria, Turkey) countries, where this plant is one of the most cultivated
in crop rotations and represents the main raw product for typical staple foods like pasta,
couscous, bulgur and bread [1]. In addition, durum wheat products significantly contribute
to the commercial exports of some of these nations, like Italy [2]. Unfortunately, in recent
years, due to several different causes, like conflicts and the increasingly pronounced effects
of climate change (i.e., extreme storms and drought periods), the supply of the global
market with this product has been erratic, causing, as a consequence, considerable price
volatility [3,4]. Even more difficult has been the grain procurement of typical ancient wheat
varieties, characterized by higher nutritional value and extrinsic quality, used for the
manufacture of high-quality pasta and bakery products [5,6]. This scenario brought out the
demand for strategic instruments to plan the purchasing of durum wheat, such as supply
chain agreements with farmers [5].

Among the wheat grain parameters, the protein concentration represents the most
important property for product qualification in view of its importance for industrial
manufacturing and especially for pasta production. As is well known, nitrogen (N)
fertilization management plays a key role in determining this parameter among farming
practices [6–8]. Hence, N fertilizers are a significant expense in durum wheat cultivation
and quality grain production, with the costs increasing over time due to the surge in
international market prices, primarily influenced by escalating energy costs [9]. In addition,
non-carefully planned application can cause uncontrolled and dangerous release of N into
agroecosystems through various mechanisms, like nitrate leaching and gaseous emissions
of NH3 and N2O [10].

Uncertainty in food production due to climate change and the reduction of chemical
inputs to cut environmental impacts are the two main challenges that agriculture of the
third millennium will have to face [11]. To overcome these challenges, it is necessary
for agriculture to equip itself with advanced systems for crop management and yield
forecasting, based on the principles of precision farming, that permit extensive and precise
control over the fields to monitor the plant’s nutritional status and growth [12]. Remote
sensing (RS) methods offer various solutions for assessing plant conditions and estimating
production [13]. Among these technologies, the use of uncrewed aerial vehicles (UAVs)
with multispectral (MS) sensors could provide valuable and reliable crop information
with high spatial and temporal resolutions quickly and at a cost that even medium-sized
farms can afford [14,15]. The spectral response to different bands can be combined to
obtain vegetation indices (VIs) capable of surveying and discriminating vegetation cover
and its conditions, as widely used to predict plant growth and yields in several different
crops [16–20]. However, finding reliable, simple linear relationships between plant VI
responses and their productivity is not always easy or obvious, and a direct application
of indices may reveal itself to be simplistic and unreliable, especially for more complex
variables or management guidance [21]. Therefore, a more advanced approach to using VIs
involves them being used in implementing machine learning (ML) techniques, alone or
in combination with other data, to obtain effective interpretation of biological processes
and achieve more robust estimations [22,23]. The ML applications have increased due to
the augmented availability of programs and scripts for their execution and several models
have been successfully tested on agricultural data; among them, neural networks, k-nearest
neighbours, random forest regressions, support vector machines, stochastic gradient
boosting and deep learning models are the most applied [22,24–27]. In this regard, several
studies have highlighted the potential of ML models to predict the plant status and yield
in different crops, like common wheat [28,29], barley [30,31], oat [18,32], tomato [19,33],
potato [34,35], etc. Despite the considerable potential benefits of the application of VI data
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and ML algorithms for yield and quality predictions, as well as crop management support,
limited studies have been carried out on durum wheat, especially in the Mediterranean area
where this crop has strategic importance (e.g., [22,36–41]), as stated above. In one of these
studies, Badagliacca et al. [38], comparing the performance of five different models—LM,
RF, SVM, k-NN, and NN—fed with VIs obtained by UAV flights, highlighted that the RF,
SVM, and k-NN models provided the best predictions of the durum wheat yield. The same
study, conducted under uniform fertilization conditions, also revealed that not all wheat
varieties exhibit a linear relationship between the yield and VIs, indicating their varying
suitability for remote sensing. Therefore, within this context, the cultivar response to VIs
under different fertilization management and the performance of ML approaches fed with
VI data need to be assessed. Thus, the current experiment aimed to (i) assess the spectral
behaviour of two different durum wheat cultivars, an ancient (Timilia) and a modern
(Ciclope) one, cultivated under three N fertilization regimens (0, 60, and 120 kg ha−1);
(ii) examine the relationships between the observed VIs and cultivar quantitative and
qualitative production data; and (iii) assess the possibility of using ML models for durum
wheat productivity forecasting.

2. Materials and Methods
2.1. Experimental Site

The experimental field was located within the Mediterranea University of Reggio
Calabria’s experimental farm, sited in Gallina of Reggio Calabria, Calabria, Italy (38◦10′ N,
15◦45′ E, 232 m a.s.l.) (Figure 1). The soil at the experimental site is a Typic Haploxeralf [42]
and its properties are as follows (Ap horizon): clay 35%, silt 25% and sand 40%, the texture
is clay loam, pH 7.05 (1:2.5H2O), electrical conductivity (EC) 0.165 dS m−1 (1:2), cation
exchange capacity (CEC) 17.2 cmol+ kg−1, total carbonates 8.4 g kg−1, total organic C
19.3 g kg−1, total nitrogen (N) 1.8 g kg−1, and available phosphorus (P) 9.30 mg kg−1. The
climate of the site is classified as semiarid Mediterranean, featuring mild, rainy winters
and warm, dry summers. The mean annual rainfall is 617 mm (20-years average), primarily
concentrated in autumn–winter (77%) and spring (22%). The mean yearly air temperature
is 17.2 ◦C (20-years average), with mean values of 19.5 ◦C in autumn, 12.0 ◦C in winter,
15.9 ◦C in spring, and 25.1 ◦C in summer. The average minimum and maximum annual
temperatures, respectively, are 11.6 ◦C and 27.5 ◦C.

2.2. Experimental Design and Crop Management

The field experiment was set up according to a strip plot design with four replications
(n = 4). The tested treatments were two different and contrasting wheat (Triticum
durum Desf.) varieties, a modern, dwarf/small size, less N efficient and with low spike
glaucescence cultivar called Ciclope and an ancient, tall size, more N efficient and with high
spike glaucescence cultivar called Timilia, and three N fertilization regimens, an unfertilized
control (N0), fertilization with 60 kg ha−1 of N and fertilization with 120 kg ha−1 of N. The
two tested wheat varieties acted as vertical treatments (Var) while the three fertilization
regimes as horizontal treatments (Fert), and both were randomly assigned to the plots;
each plot covered the surface of ~14 m2 (Figure 1). The experimental field succeeded to a
bur clover (Medicago polymorpha L.)/oat (Avena sativa L.) pasture. The soil was tilled to a
depth of 30 cm in late summer, followed by two rounds of harrowing in the autumn. The
wheat was sown on 12 December, at the density of 400 viable seeds per square meter in
rows spaced 0.19 m apart. In the fertilized plots, the N dose was administered half at
sowing (BBCH 00 phase) and half at the end of the tillering (BBCH 29 phase) by using urea
(46% N). During the cropping season, the plots were manually weeded. Any treatment
against diseases and insects was provided to the crop.
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Figure 1. On the top is the location of the experimental site; in the centre left is the wheat field with 
the experimental design (strip plot with four replications) and the arrangement of the two wheat 
varieties, Ciclope (C) and Timilia (T). The different colours in the field indicate the three nitrogen 
(N) fertilization regimens: an unfertilized control with 0 kg ha−1 (grey), fertilization with 60 kg ha−1 
(green) and fertilization with 120 kg ha−1 (red). On the right and below are some images related to 
the surveying and development of the wheat plants during the experimental period. 
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Figure 1. On the top is the location of the experimental site; in the centre left is the wheat field with
the experimental design (strip plot with four replications) and the arrangement of the two wheat
varieties, Ciclope (C) and Timilia (T). The different colours in the field indicate the three nitrogen (N)
fertilization regimens: an unfertilized control with 0 kg ha−1 (grey), fertilization with 60 kg ha−1

(green) and fertilization with 120 kg ha−1 (red). On the right and below are some images related to
the surveying and development of the wheat plants during the experimental period.

At the heading phase (BBCH 59 phase), the plant height, using a wood ruler, and the
chlorophyll concentration index (CCI), using a chlorophyll concentration meter (MC-100
Apogee Instruments, North Logan, UT, USA), were measured. Upon reaching complete
maturity on the 8th of June (full ripe stage, 89 BBCH stage), the total aboveground plant
biomass of each plot was sampled. The total biomass was determined after drying at 60 ◦C
in the oven. The harvested biomass was threshed and separated into grains and straw, then
the grain was weighed in order to calculate the related yield. The grain was milled using
a laboratory mill equipped with a 1 mm sieve and then analyzed for the N concentration
following the Kjeldahl method [43] using a Foss Tecator digester and a Foss Kjeltec 8400
distillation unit (Foss Italia, Padova, Italia). The grain N concentration was converted into
the protein percentage by applying a transformation factor of 5.81 [44].
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2.3. UAV Surveys and Image Processing

A multirotor DJI Phantom 4 Multispectral UAV (DJI Ltd., Shenzhen, China) was used
to carry out the MS survey. This UAV is equipped with a camera that produces images in
1600 × 1300 pixels (2 MP resolution) in five bands in addition to RGB (blue, green, red,
red edge, and near-infrared—NIR). The UAV surveys were performed on the 20th of May
(wheat heading phase, 55 BBCH-scale phase) at a speed of 2 m−s and a flight height of
20 m a.g.l.

Five geo-referenced ground control points (Figure 1) were positioned in the field using
a Leica RTK global navigation satellite system (GNSS) with an accuracy of ±0.03 m. Each
ground control point was made of a white polypropylene panel with the dimensions
of 50 cm × 50 cm and two quadrants were covered using black cardboard to locate the
center point. The MS images were processed through aerial image triangulation with the
geo-tagged flight log and geographic tags using the software Agisoft Metashape (Agisoft
LCC, version 2.1.0, St. Petersburg, Russia). Figure 2 synthesizes the survey and image
processing workflow.
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Figure 2. The UAV survey and image processing workflow. Above, the first frame shows the
UAV survey and data pre-processing process. In the middle, the second frame indicates the image
processing and the calculation of the vegetation indices (VIs). Below, the third frame gathers
information related to wheat data statistics and machine learning (ML) analysis.
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A reflectance orthomosaic for each band with a spatial resolution of 1 cm of ground
sample distance was generated. The orthomosaic image was calibrated, converting the
digital numerical values into the reflectance, using a field spectroradiometer and a grey
polypropylene calibration panel placed in the field during the flight. Further information on
the photogrammetric process can be found in previously published research [15,16,23]. The
reflectance orthomosaics were combined to generate a set of VIs selected according to
previous research [16,38] (Table 1).

Table 1. The table shows the vegetation indices (VIs) tested in this study.

Vegetation Index Acronym Formula Ref.

Chlorophyll Vegetation Index CVI
ρNIR

ρGreen
∗ ρRed

ρGreen
[45]

Green Normalized Difference Red Edge GNDRE
ρRed Edge − ρGreen
ρRed Edge + ρGreen

[46]

Green Normalized Difference Vegetation GNDVI
ρNIR − ρGreen
ρNIR + ρGreen

[47]

Modified Chlorophyll Absorption Ratio Index MCARI2
1.5 ∗ [2.5 (ρNIR − ρRed)− 1.3 (ρNIR − ρGreen)]√

(2ρNIR + 1)2 − (6ρNIR − 5ρRed)− 0.5
[48]

Modified Triangular Vegetation Index MTVI 1.2 ∗ [1.2 ( ρNIR − ρGreen)− 2.5 (ρRed − ρGreen)]

Modified Triangular Vegetation Index 2 MTVI2
1.5 ∗ [1.2 (ρNIR − ρGreen)− 2.5 (ρRed − ρGreen)]√

(2ρNIR + 1)2 − (6ρNIR − 5ρRed)− 0.5

Normalized Difference Red Edge NDRE
ρNIR − ρRed Edge
ρNIR + ρRed Edge

[49]

Normalized Difference Vegetation Index NDVI
ρNIR − ρRed
ρNIR + ρRed

[50]

Optimized Soil Adjusted Vegetation Index OSAVI
1.16 (ρNIR − ρRed)
ρNIR + ρRed + 0.16

[51]

Renormalized Difference Vegetation Index RDVI
ρNIR − ρRed√

ρNIR + ρRed
[52]

Red Edge Triangulated Vegetation Index RTVI 100 (ρNIR − ρRed Edge)− 10 (ρNIR − ρGreen)] [53]

Simple Ratio SR
ρNIR
ρRed

[54]

Simple Ratio Red Edge SRRE
ρNIR

ρRed Edge
[55]

2.4. Statistical and Machine Learning (ML) Approaches

The experimental data were gathered and organized in MS Excel(TM). The statistical
and ML analyses were carried out in the RStudio 2024. 12.0 environment [56]. The
chlorophyll concentration index (CCI), plant height, wheat grain yield, and protein
concentration data were analyzed by a two-way ANOVA (Var × Fert) followed by Tukey’s
HSD test at the 5% probability level (p < 0.05) for the mean comparisons.

Pearson’s correlations and five different ML approaches were used to investigate
the relationships between the wheat yield, protein concentration, and VIs for both
varieties together and separately. The Pearson’s correlations were executed using the
function “cor()” [57]. The prediction models were developed and assessed by the “Caret”
package [58]. Five distinct models, frequently employed in agricultural studies [23,38,59,60],
were tested: (1) linear model (LM), (2) random forest (RF) regression, (3) linear support
vector machines (SVM), (4) k-nearest neighbours (k-NN), and (5) neural networks
(NNs). The experimental data (i.e., yield/protein and VI values) were split into two
datasets, one for training (70%) and one for validation (30%), to develop and validate
the models’ performances. This process was repeated 100 times using bootstrap sampling
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to ensure a thorough and consistent model evaluation capable of capturing the widest
variability in the training and validation data. The ML models were set with the standard
hyperparameters applied by the “Caret” package as follows: RF: mtry p/3; ntree 500;
nodesize 5; importance FALSE; SVM: preprocess SCALE; C 1; sigma median of Euclidean
distances; k-NN: preprocess SCALE; k 3; distance Euclidean; NN: size 1; decay 0; maxit
100; linout FALSE. The model’s performance was assessed by comparing the calculated
dataset with the validation dataset using the coefficient of determination (R2), root mean
square error (RMSE), and mean absolute error (MAE) observed in 50% of the repetitions
(50th percentile).

3. Results and Discussion
3.1. Plant Height and Chlorophyll Concentration Index

The plant height data showed the statistically significant effect of the variety and
fertilization (p < 0.05) but not from their interaction (p > 0.05) (Figure 3). Timilia showed a
significantly higher size than Ciclope (an average of 88.9 ± 3.7 cm vs. 64.7 ± 4.3 cm). For
both varieties, the plant height increased as the N dosage administered increased, with an
increment from N0 to N120, equal to +7.4 cm for Timilia and +8.6 cm for Ciclope (Figure 3).
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Figure 3. Effects of variety (Var) and fertilization (Fert) on wheat plant height. The values are the
mean (n = 4) ± SE. Above are reported the results of the two-way ANOVA (Var × Fert). Distinct
letters signify significant differences among soil treatments assessed by Tukey’s HSD test at p < 0.05.

The plant height reflects the genetic attitude of the variety to vertical growth and its
nutritional/health status linked to the crop yield [61]. Timilia showed the characteristic
great height of ancient varieties [7,62], which often makes them susceptible to the
phenomenon of lodging, whose risk increases with increasing N doses [63], as also revealed
in the present experiment. By the way, the effect of N fertilization was also observed in
Ciclope, slightly higher than in Timilia, in accordance with other studies [8,64].

The CCI was affected by the variety and the interaction variety × fertilization. Ciclope
showed, on average, among the different fertilization treatments, higher CCI values than
Timilia (23.0 vs. 18.7). Moreover, if for Timilia no differences were recorded among the
fertilization treatments, Ciclope N120 highlighted higher values (+18%; 25.6 vs. 21.7) than
N0 and N60 (Figure 4).
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Figure 4. Effects of variety (Var) and fertilization (Fert) on wheat chlorophyll concentration index
(CCI). The values are the mean (n = 4) ± SE. Above are reported the results of the two-way ANOVA
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HSD test at p < 0.05.

The data retrieved confirm the differences between the tested cultivars also concerning
the response to the CCI meter, with higher values in Ciclope than in Timilia. This difference,
then, seems to determine the CCI values’ response to the different N fertilization regimens
applied. As a result, the CCI appears to be unable to be used for Timilia, whereas for Ciclope
it is only capable of discriminating high differences in N fertilization doses. Thus, the
present results confirm, according to Ravier et al. [65], the different CCI behaviour of wheat
varieties and the reliability of the CCI in describing higher N concentration differences.

3.2. Grain Yield and Protein Concentration

The wheat grain yield was significantly influenced by the variety, fertilization and
their interaction (p < 0.05). On average, a higher grain yield was observed in Ciclope (+22%)
than in Timilia, and for both tested varieties, the grain yield copied the N fertilization
doses. Indeed, from N0 to N120, the yield increased by +70% in Timilia, from 2.02 Mg ha−1

to 3.44 Mg ha−1, and +21% in Ciclope, from 3.30 Mg ha−1 to 3.99 Mg ha−1 (Figure 5).
The wheat protein concentration was affected by both the variety and fertilization

(p < 0.05) but not by their interaction (p > 0.05). Timilia showed higher average protein
concentrations (+5%; 11.2 vs. 10.7%) than Ciclope. In both tested varieties, the N fertilizer
application caused a proportional increase in the grain protein, with more pronounced
effects in Timilia (+1.82% of protein vs. +1.66% of protein) than in Ciclope, and higher
differences between N120 and N60 (+1.18% of protein, on average) than between N60 and
N0 (+0.57% of protein, on average) (Figure 5).

The grain yields were generally higher in the Ciclope than in the Timilia variety,
and especially when no N fertilization was provided, according to several studies
that have proven the highest productivity of modern varieties in the Mediterranean
environment [7,66]. On the contrary, at the same dose of N fertilizer applied, higher
protein concentrations were observed in Timilia vs. Ciclope, in accordance with other
studies that found higher protein levels in ancient Italian durum wheat than in modern
ones [67–69]. In addition, the old wheat variety Timilia showed a more significant increase
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in the grain yield and protein as the dose of N applied increased, indicating greater N use
efficiency, as observed in other studies [68,70].
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Figure 5. Effects of variety (Var) and fertilization (Fert) on wheat grain yield (histograms) and protein
concentration (circles). The values are the mean (n = 4) ± SE. For each trait, above are reported the
results of the two-way ANOVA (Var × Fert), while distinct letters indicate significant differences
among soil treatments assessed by Tukey’s HSD test at p < 0.05.

3.3. Pearson’s Correlation Analysis

The results of the Pearson’s correlation analysis between the VIs and the productive
traits, grain yield and protein concentration, of both wheat varieties tested together and
separately are presented in Table 2.

Table 2. The table shows the Pearson’s correlation coefficients calculated between the wheat
productive traits, grain yield, and protein concentration for both tested varieties (Timilia and Ciclope)
together and separately. In bold are highlighted the r-values higher than 0.6. Statistical significance is
indicated in superscript (* p < 0.05, ** p < 0.01, *** p < 0.001, n.s.= not significant).

Global Timilia Ciclope

VIs Grain
Yield Protein Grain

Yield Protein Grain
Yield Protein

CVI 0.60 ** 0.64 ** 0.54 * 0.63 ** 0.71 *** 0.65 **
GNDRE 0.54 * 0.66 ** 0.45 n.s. 0.65 ** 0.70 *** 0.67 ***
GNDVI 0.49 n.s. 0.63 ** 0.44 n.s. 0.62 ** 0.67 *** 0.65 **
MCARI2 0.59 ** 0.66 ** 0.48 n.s. 0.68 ** 0.66 ** 0.65 **
MTVI2 0.61 ** 0.67 ** 0.48 n.s. 0.68 ** 0.67 *** 0.66 **
MTVI 0.41 n.s. 0.57 ** 0.40 n.s. 0.66 ** 0.44 n.s. 0.48 n.s.

NDRE 0.13 n.s. 0.37 n.s. 0.29 n.s. 0.38 n.s. 0.46 n.s. 0.45 n.s.

NDVI 0.47 n.s. 0.64 ** 0.40 n.s. 0.63 ** 0.66 ** 0.65 **
OSAVI 0.46 n.s. 0.62 ** 0.43 n.s. 0.66 ** 0.55 * 0.57 *
RDVI 0.46 n.s. 0.62 ** 0.43 n.s. 0.65 ** 0.57 ** 0.58 **
RTVI 0.24 n.s. 0.21 n.s. 0.30 n.s. 0.39 n.s. 0.36 n.s. 0.05 n.s.

SR 0.31 n.s. 0.54 * 0.28 n.s. 0.53 * 0.54 * 0.56 *
SRRE 0.57 ** 0.67 *** 0.48 n.s. 0.66 ** 0.71 *** 0.68 ***



AgriEngineering 2025, 7, 99 10 of 18

In general, the best correlations achieved ranged between moderate (r > 0.6), in the
majority of cases, and strong (r > 0.7) relationship levels. Concerning the whole dataset
(global), only CVI and MTVI2 reached a sufficient prediction level for grain yield, while
for the protein content, the majority of VIs showed r-values higher than 0.6 level, with the
only exception being MTVI, NDRE, RTVI, and SR. The specific variety correlations, in the
case of grain yield prediction, showed weak correlations for Timilia, whereas moderate
(GNDVI, MCARI2, MTVI2, and NDVI) and strong correlations (CVI, GNDRE, and SRre)
were observed in seven out of the thirteen indices studied for Ciclope. In the case of protein
estimation, for both tested varieties, several moderate correlations were observed, with a
higher number of effective VIs for Timilia (10) than for Ciclope (7); the best predictive VIs
were GNDRE, MCARI2, MTVI2, and SRRE.

According to various authors [36,71,72], MS VIs can be used for wheat monitoring
during the growing season in order to predict the grain yield through the implementation
of linear regressions using simple calculation software. Our results, however, showed the
poor performance of the VI linear relationships for the grain yield prediction when the
data of the two varieties were merged. Analyzing the results obtained from the two tested
varieties separately, it becomes clear that the poor results obtained from the global dataset
can be attributed to Timilia’s poor predictive VI ability, where no index reached sufficient
values. This behaviour follows what has been observed with regard to the CCI, which
was not able to discriminate different fertilization levels for this variety. It is likely that
both the near and remote-sensed reflectance in this variety are weakly interpreted by these
two instruments in relation to the grain yield. In contrast, the results observed for the
other variety, Ciclope, were better, with about half of the indices showing r-values greater
than 0.6. These findings highlighted how the sensitivity and ability of VIs to predict the
behaviour of wheat plants varies significantly by variety. This evidence, already observed
in other studies [36,73–75], indicates that the application of precision farming tools is only
possible for certain varieties that are better suited than others. Thus, our findings partially
confirm the reliability of the MS VIs in predicting wheat crop productivity in fields under
different inputs [76].

With regard to the predictions for Ciclope, among the studied VIs, CVI, GNDRE,
and SRre showed the highest performance, with values of r ≥ 0.7. The other VIs that also
achieved good correlations were GNDVI, MCARI2, MTVI2, and NDVI, according to other
studies [36,71,77–79]. In general, our finding confirms the importance of the red-edge, green
and NIR data bands, compared to the red band, in achieving improved estimation of the
grain yield and even more so for the protein content along the N fertilization gradient,
according to Hatfield et al. [80], Li et al. [81], Fu et al. [82], Yang et al. [77], Gordillo-Salinas
et al. [83], and Piikki et al. [84]. Red-edge radiation, thanks to its ability to penetrate the
plant cover and interact with chlorophyll, can offer dependable insights into the plant’s
status [85,86], which can be increased by its combination with NIR, especially in detecting
the N uptake [87,88]. On the other hand, all the VIs that included the red band showed
poor performance, especially NDVI, which is often mentioned in various studies as a good
indicator of crop development and condition (e.g., [36,71,89,90]). In addition, some of the
VIs’ lowest results could be attributed to reaching saturation along plant growth [88,91].

Compared with the grain yield estimation, the protein-related one showed better
performances, showing significant results for the global dataset and also for the Timilia
variety. The VI survey at the middle of plant growth directly reflects and is closely related
to the protein content, a productivity aspect that is determined in the advanced stages
of the crop cycle compared to the grain production before the N will be transferred from
leaves and stems to grains [92]. Therefore, the spectral responses of the two tested varieties
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allowed a good interpretation of this productive aspect, a fundamental parameter for
judging the quality of durum wheat products.

Lastly, the evidence retrieved confirmed the superiority of the VIs compared to the
CCI in predicting durum wheat production and quality [21,93].

3.4. Machine Learning (ML)

The results of the validation process for the five different ML approaches tested,
observed in 50% of the 100 repetitions performed, are presented in Table 3. A selective
ability of the ML approaches was observed, and they performed better on specific variety
predictions than on global ones. Indeed, the R2 of the global predictions has never been
higher than 0.59 for the grain yield and 0.48 for the protein concentration. RF, SVM, and
NN best predicted the grain yield and protein concentration for the Timilia variety. Better
performances were retrieved for protein than for the grain yield prediction, and among the
different ML approaches tested, RF was the best, showing a value of R2 equal to 0.67 for the
grain yield (RMSE 0.50 t ha−1) and even higher (R2 = 0.72 and RMSE = 0.53%) for protein.

Table 3. Machine learning (ML) performance related to the overall data and separately for the two
studied varieties: coefficient of determination (R2), root mean square error (RMSE) and mean absolute
error (MAE). In bold are highlighted the R2 values higher than 0.6.

Models
LM RF SVM k-NN NN

Global

Grain
yield

R2 0.59 0.59 0.56 0.53 0.51
RMSE 1.19 0.54 0.46 0.46 0.55
MAE 1.03 0.43 0.34 0.34 0.53

Protein
R2 0.46 0.42 0.48 0.45 0.44

RMSE 2.00 0.86 0.77 0.69 0.49
MAE 1.66 0.70 0.64 0.56 0.49

Timilia

Grain
yield

R2 0.55 0.67 0.62 0.52 0.64
RMSE 0.87 0.50 0.59 0.51 0.58
MAE 0.77 0.42 0.39 0.41 0.48

Protein
R2 0.55 0.72 0.68 0.56 0.69

RMSE 1.42 0.53 0.65 0.51 2.48
MAE 1.25 0.38 0.55 0.47 0.48

Ciclope

Grain
yield

R2 0.52 0.76 0.70 0.66 0.67
RMSE 0.81 0.22 0.26 0.32 0.64
MAE 0.66 0.20 0.25 0.27 0.54

Protein
R2 0.49 0.79 0.70 0.70 0.72

RMSE 1.80 0.56 0.72 0.72 0.57
MAE 1.32 0.44 0.65 0.66 0.47

The validation results of the ML approaches applied to the Ciclope data were better
than those of Timilia and all the models, except for LM, which was inaccurate, showing
an R2 > 0.6. Also, in this case, the models applied to the protein data were shown to work
better than on the grain yield. RF was the best model for both crop variables, showing
performances equal to R2 = 0.76 (RMSE = 0.22 t ha−1) and R2 = 0.79 (RMSE = 0.56%),
respectively, for the grain yield and protein estimation. Among the other models, good
results were also observed by SVM (R2 = 0.70; RMSE = 0.25 t ha−1) for the grain yield and
by NN (R2 = 0.72; RMSE = 0.57 t ha−1) for the protein concentration.

The application of the ML approaches failed to achieve good estimations for the global
dataset obtained from the sum of the data of the two varieties tested under different N
fertilization levels. Therefore, the tested approaches have been shown to lack the plasticity
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to adapt to contrasting varieties and management conditions. This circumstance, however,
is purely experimental and difficult to encounter in ordinary wheat cultivation, where
fields are sown with only one variety of plants.

In contrast, the different ML approaches, apart from LM, achieved good performances
when estimating the yield and protein concentration separately for the two varieties. In
particular, three of the five tested algorithms showed good estimates (R2 > 0.6) for the
Timilia variety and, thus, better performances than Pearson’s correlations. In addition,
for Ciclope, generally higher ML performances were also retrieved for both yield and
protein. These findings confirm the reliability of ML techniques for predicting wheat grain
yield and quality across a gradient of nutritional statuses by interpreting the non-linear
relationships, according to several authors [82,91,94,95]. Given that the ML algorithms were
validated using a different dataset (with distinct training and validation sets) in comparison
to Pearson’s correlations, which were assessed on the entire dataset, this additionally
emphasizes the predictive strength of the ML models. For the two tested varieties and
the productive parameters, the RF approach showed the best statistics calculated (R2,
RMSE, and MAE), as observed by other authors [22,87,96–99], and was followed by the
performance of NN and SVM [100]. Therefore, our results confirm the studies carried out by
Bebie et al. [101], which observed the best predictive performance by the RF model for the
grain yield of durum wheat within the Mediterranean area. In accordance, Yue et al. [102]
and Zhou et al. [91] observed good wheat biomass estimation performance from the RF and
SVM models. These findings can be related to the present study by considering that wheat
biomass is a variable closely related to the grain yield. The results observed in the present
research demonstrate that RF, SVM, and NN permit the achievement of reliable predictions
of the wheat yield and protein concentration in different varieties and with nutritional N
gradients, overcoming the limitations observed in the linear relationships and issues due
to noise, outliers, and complex interactions among input like collinearity and overfitting,
which are typical of raw MS data obtained from drone survey images. In addition, the
higher performance of RF may be related to its generalization ability, conjugated with
fewer settings, while the lower ones of NN may be due to overtraining in the learning
datasets that caused their ability to generalize and predict on the validation dataset to be
reduced [99,103,104]. Therefore, the results obtained may encourage rapid and direct use
of the detected MS index values for estimates to support farmers and decision-support
systems (DSS). The slightly lower performance of the k-NN approach may be due to the
more considerable sensitivity of this algorithm to unbalanced data with the presence of
noise and/or outliers [105]. Then, the worst performance observed for LM is in accordance
with several other studies [106,107].

The results collected also highlighted the good ability of ML approaches to predict
the protein content of wheat, especially those of RF, in agreement with Zhou et al. [91],
Ding et al. [108], Chen et al. [109], and Li et al. [110]. The more remarkable ability to
predict the protein concentration compared to the grain yield, also in the case of ML, can
be recognized for the same reasons described above for the correlations. As stated above,
the detection of the VIs in the advanced stages of growth makes it possible to interpret the
availability of accumulated N in the epigeal biomass that is capable of being transferred to
the grain well. On the contrary, the ability to predict the grain yield seems more concretely
attributable to the assessment of the total plant biomass [111].

It should be pointed out that the present experiment was carried out on a limited
number (n = 4) of small plots (~10 m2) testing two wheat varieties and three doses of
N and, therefore, in order to confirm and generalize the results obtained, future studies
over a larger area, with greater variability in terms of soil N and crop response, should be
carried out.
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4. Conclusions
The optimization of crop nutritional management has a fundamental role in

determining their sustainability by combining good crop nutrition with respect for the
environment. This aspect emerges prominently in the case of N nutrition, which, on the one
hand, is the main nutritional determinant of quantitative and qualitative production and,
on the other hand, can be a strong polluting factor for the environment. Novel approaches
in the framework of the agricultural digital transition can guide farmers in N application
using VI data from UAVs.

The objective of the present study was to assess the performance of Pearson’s
correlations and five different ML approaches based on the MS VIs surveyed by UAV
to predict the yield and protein concentration in two contrasting durum wheat varieties: an
ancient variety and a modern one, cultivated with increasing doses of N fertilization. The
experimental results highlighted the difficulty of obtaining good results from Pearson’s
correlation for both varieties together and for the ancient variety Timilia. In contrast, for
Ciclope, CVI, GNDRE, and SRRE achieved good results when estimating the grain yield
and protein concentration.

The implementation of ML approaches, particularly RF, NN, and SVM, permitted us
to overcome the limitations of Pearson’s correlation when estimating the grain yield and
protein in the Timilia variety. For Ciclope, the RF approach achieved better performance
compared to the other ML approaches and Pearson’s correlations.

The present study highlights that the application of ML with VIs permits reliable
prediction of wheat productivity, even for difficult and ancient varieties where simple
linear correlations fail. Moreover, their implementation is also possible, with success, by
directly using raw VI data from UAV surveys to obtain good quantitative and qualitative
yield prediction under different N availability conditions.

It is worth pointing out that the UAV surveys were carried out using a drone
considered to be an entry-level model, although widely used, and equipped with a low
spatial and spectral resolution multispectral camera. Further studies should be carried
out to test higher spatial and spectral resolution cameras and better-performing UAVs to
evaluate how VI monitoring and ML can guide N fertilization throughout the production
cycle, also with high soil N variability.

The results of the present work highlight that the application of RF, NN and SVM
ML models directly fed with data obtained from UAV flights can be a valid method for
farmers to predict wheat yield and quality in order to be able to devise strategies for N
fertilization, saving money and averting environment damage, and electing in the field the
final destination of the product.

Future research should focus on field experiments that incorporate additional soil
and climate data to generate precise estimates, effectively addressing the variability within
fields and across different cultivation environments.
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