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Abstract

Grassland productivity and precise monitoring of animal herbage intake are key require-
ments for sustainable grazing management in Mediterranean upland systems. This study
aimed to evaluate the potential of uncrewed aerial vehicle (UAV)-based multispectral
vegetation indices (VIs) combined with machine learning (ML) algorithms to estimate
forage biomass, quality parameters and daily herbage dry matter intake (HDMI) of grazing
ewes at the paddock scale. The experiment was conducted in a managed ryegrass—white
clover meadow—pasture in southern Italy, where four plots were grazed sequentially by
lactating Sarda ewes during spring—summer 2025. Ground measurements included pre-
and post-grazing biomass inside and outside exclusion cages, botanical composition and
forage quality. Concurrently, UAV multispectral imagery has been acquired, from which
several VIs were computed. Pearson’s correlations were used to explore relationships be-
tween VIs and forage variables, and five ML algorithms. Indices such as MCARI2, MTVI2,
MTVI, MSAVI and OSAVI showed the strongest associations with biomass and quality
traits, while support vector machine and neural networks provided the best prediction
accuracies, particularly for HDMI (R? up to 0.91). The integrated UAV-ML approach
proved effective in simultaneously capturing spatial variability of pasture productivity
and animal intake, supporting the development of operational precision grazing tools for
heterogeneous Mediterranean grasslands.
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Grasslands are among the most widespread land-use systems globally, providing es-

sential ecosystem services, including livestock feed production, biodiversity conservation,
This article is an open access article

distributed under the terms and carbon sequestration, and landscape stability, particularly in marginal and mountainous ar-

conditions of the Creative Commons ~ €as [1-3]. In Mediterranean upland regions, permanent grasslands are fundamental for sus-
Attribution (CC BY) license. taining extensive livestock systems and preserving high nature value landscapes, many of
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which are located within protected areas [4-7]. These agro-pastoral systems are increasingly
threatened by climate variability, land abandonment, and suboptimal grazing management,
factors that can reduce forage productivity and compromise long-term sustainability [8,9].
Precision grazing management has gained attention as an effective strategy to optimise
pasture utilization. By leveraging Precision Livestock Farming (PLF) technologies, such as
GPS tracking, accelerometers, and remote sensing, farmers can monitor forage availability,
sward quality, and livestock behaviour in real time. This enables alignment of grazing
patterns with animals’ nutritional requirements, minimises over- or under-grazing, and en-
hances grassland productivity and sustainability [10,11]. Accurate assessment of grassland
productivity and animal herbage dry matter intake (HDMI) is a critical prerequisite for pre-
cision grazing. Traditional methods, based on destructive biomass sampling and exclusion
cages, provide reliable estimates but are time-consuming, spatially limited, and difficult
to scale for operational decision-making [12,13]. These limitations reduce applicability in
dynamic grazing systems, where timely information is essential for adaptive management.
Remote sensing technologies offer non-destructive, spatially explicit, and repeatable
monitoring of grassland conditions [14,15]. Uncrewed aerial vehicles (UAVs) equipped
with multispectral sensors provide ultra-high spatial resolution data, suitable for hetero-
geneous grasslands at the paddock scale [16-18]. Multispectral vegetation indices (VIs)
derived from visible, red-edge, and infrared bands have been widely applied to estimate
herbage biomass, chlorophyll concentration, and key forage quality parameters, supporting
precision grazing management [19-21]. However, the performance of individual VIs is
influenced by botanical composition, phenological stage, and grazing pressure, especially
in mixed grass-legume swards typical of Mediterranean mountain pastures [22].
Machine learning (ML) models offer a robust framework for modelling complex and
nonlinear relationships between spectral data and grassland biophysical variables, often
outperforming traditional linear regression in heterogeneous pastures [23-25]. Algorithms
such as random forest (RF), support vector machines (SVM), k-nearest neighbours (k-NN),
and neural networks (NN) have demonstrated superior performance in predicting herbage
biomass and forage quality parameters from UAV-derived data [26,27]. Despite these ad-
vances, most studies focus primarily on vegetation-related variables, while direct estimation
of animal HDMI under grazing conditions remains largely underexplored [28]. Addressing
this gap is essential for developing spatially explicit, scalable tools linking pasture charac-
teristics directly to animal responses, thereby supporting precision grazing management.
Herbage intake is a key determinant of animal performance and grazing system
efficiency [29]. Conventional intake estimation methods, based on exclusion cages and pre-
and post-grazing biomass measurements, remain reference approaches [30], but are rarely
integrated with high-resolution remote sensing and advanced ML modelling techniques.
Within this context, the present study investigates the combined use of UAV-based
multispectral VIs and ML models to monitor grassland productivity and estimate daily
HDMI of grazing ewes in a Mediterranean upland pasture. The specific objectives were
as follows: (i) evaluate the potential of multispectral indices as predictors of biomass and
quality; and (ii) evaluate and compare different machine learning algorithms in terms
of predictive accuracy, robustness, and potential generalizability for estimating herbage
biomass and HDMI The main novelty of this work lies in the simultaneous estimation of
pasture productivity and animal herbage intake using high-resolution UAV data and ML
models under operational grazing conditions, providing new insights into precision land
management strategies for sustainable grasslands.
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2. Materials and Methods
2.1. Experimental Site

The field experiment was conducted at the “Fattoria Bio” pilot farm located in Celico
municipality (Cosenza, Calabria, Southern Italy) within the protected area of the Sila
National Park (39° 23’ 33" N, 16° 27" 40" E, 1177 m a.s.l.). The main soil properties, referred
to the 0-20 cm layer, were as follows: clay 20.0%, silt 11.0% and sand 69.0%, sandy clay loam
texture, pH 5.86 (1:2.5H,0), organic matter 2.25%, C/N ratio 10.5, available P 24.8 mg kg_l,
exchangeable K 192.2 mg kg ~! [31]. The soil is classified as a Humic Pachic Dystrudepts [32].
More detailed information regarding experimental soil is available in Cilione et al. [33].

The experimental site has a typical upland Mediterranean climate [34]. Based on
long-term observations, the mean annual air temperature is 10.0 °C, with average annual
minimum and maximum values of 4.3 °C and 16.2 °C, respectively. Sub-zero temperatures
may occur for up to eight months of the year, from October to May. The mean annual
precipitation amounts to 1634 mm, predominantly falling in autumn-winter and spring
(October-March), whereas July and August are typically dry. During winter, snow cover
persists on the ground for at least three months.

2.2. Experimental Design, Sampling and Analysis

The experimental activity was conducted in a meadow-pasture area covering
about 1.0 hectares during spring-summer 2025. The area was ploughed and sown four
years prior to the experiment with a grassland seed mixture composed of ryegrass (Lolium
perenne L.) and white clover (Trifolium repens L.) at a 70:30 (w/w) ratio. Since its establish-
ment, the site has been continuously managed under controlled sheep grazing and hay
production practices, including periodic mowing and biomass baling. No fertilisation or
other agronomic inputs have been applied during the entire management period. The field
is typically utilised for grazing and forage harvesting from April to September.

At the beginning of the experiment, the meadow-pasture was divided into four plots
(Figure 1), each covering about 0.25 ha, used sequentially for sheep grazing with an average
stay of 8 days (Plot A: 03/06/2025-17/06/2025; Plot B: 17/06/2025-26/06/2025; Plot C:
26/06/2025-04/07 /2025; Plot D: 04/07/2025-11/07 /2025).
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Tyrrhenian Sea Experimental site

Ionian Sea

Figure 1. On the top is the location of the experimental site in the Celico municipality
(Cosenza, Calabria, Southern Italy). On the bottom is the orthomosaic of the field with the experi-
mental design (four plots named A-B-C-D).

2.3. Animals and Animal Management

The animal protocol and the implemented procedures described below were in ac-
cordance with the ethical guidelines in force at the University “Mediterranea” of Reggio
Calabria, in full compliance with the European Union directive 2010/63/UE and the recom-
mendation of the Commission of the European Communities 2007 /526 /EC. Twenty-four
mature Sarda ewes were selected from the farm flock on the basis of similar lactation
stage, milk production, live weight, and body condition score, and were included in the
experimental trial. Animals were machine-milked twice daily at 07:00 a.m. and 03:00 p.m.
On each experimental day, the ewes were led to their respective plots and grazed there
from morning until afternoon (i.e., between the two milking sessions). Outside this grazing
period, the animals were kept indoors and received a daily allowance of 400 g head ! of a
commercial pelleted concentrate, provided in two equal meals at milking. Throughout the
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housing period, ewes had ad libitum access to fresh water. All sheep remained in good
health throughout the experimental period and were returned to their pre-experimental
management conditions to resume normal husbandry after the trial.

2.4. Herbage Sampling and Analysis for Ground Truth Data Determination

In each plot, three square-based stainless steel exclusion cages (1.0 m x 1.0 m) were
installed to assess herbage growth during the grazing period (Figure 2a). Forage biomass,
within each plot, was sampled over a surface area of 1.0 m? before and after grazing by
hand-cutting the vegetation to a stubble height of 0.02 m. At the beginning of the grazing
period, samples were collected at three randomly selected points (herbage before), whereas
at the end of grazing, biomass was sampled both inside the exclusion cages (herbage inside
cage, HIC) and in the adjacent grazed areas (herbage external cage, HEC) (Figure 2b). To
reduce sampling variability, all herbage mass samples were collected by the same trained
operator using a single-handed reaping hook throughout the entire trial (Figure 2c). Overall,
the sampling campaign resulted in a total of 36 herbage samples collected on five different
dates (T0: 03/06/2025; T1: 17/06/2025; T2: 26/06/2025; T3: 04/07/2025; T4: 11/07/2025).
The position of all sampling points has been surveyed by the Stonex 5990 + GNSS receiver
with an accuracy of £2.5 cm in horizontal and £5.0 cm in vertical, thanks to the possibility
to get real time positioning corrections through the real-time kinematic (RTK) process.

Figure 2. On the left (a), one of the stainless steel exclusion cages placed in the study area. At the
centre (b), biomass sampling inside and outside the cage using a single-handed reaping hook (c).
Next (right (d)), the samples are collected in separate bags for transport to the analysis laboratory.

The harvested biomass was placed in plastic bags and promptly transported to the
laboratory (Figure 2d). Fresh samples were then separated according to botanical family,
distinguishing between cereals and legumes, while plant species not belonging to these
two families were grouped into a “mixed” category. Then, the samples were oven-dried
at 60 °C and ground using a laboratory mill (1 mm sieve) before further analysis. The dry
matter (DM) of herbage was determined by drying samples at 105 °C in the forced-air
oven until reaching constant weight. Ash content was determined by incineration in a
mulffle furnace at 550 °C for 12 h. Crude protein (CP) was quantified using the Kjeldahl
method [35], calculating nitrogen content and applying a conversion factor of 6.25, while
ether extract (EE) was determined by the Soxhlet extraction method [36]. Fibre fractions,
including neutral detergent fibre (NDF), acid detergent fibre (ADF), and acid detergent
lignin (ADL), were analysed following the procedure described by Van Soest et al. [37].
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Daily mean herbage intake on DM basis (HDMI, g m—2 d‘l), according to Undi
et al. [38], was calculated on herbage sampled after the grazing period, as follows
(Equation (1)):

_ HDMIC[gm™2] — HDMEC [gm 2]
- Dld]

HDMI [gm—2d*1} )
where HDMIC is the herbage dry matter biomass inside the exclusion cage, HDMEC is the
herbage dry matter biomass external in the proximity of the exclusion cage, and D is the
grazing period duration in days (d).

2.5. UAV Surveys and Image Processing

At each sampling time (T0-T4), a multirotor DJI Phantom 4 Multispectral UAV (DJI
Ltd., Shenzhen, China) was employed to conduct the multispectral survey
(Figure 3a). The UAV is equipped with a 2 MP (1600 x 1300 pixels) camera ca-
pable of capturing five spectral bands in addition to RGB: Blue (450 nm + 16 nm),
Green (560 nm + 16 nm), Red (650 nm =+ 16 nm), Red Edge (730 nm + 16 nm), and Near-
Infrared (NIR—840 nm =+ 26 nm). Each survey was carried out at a flight speed of 2 m s~

and an altitude of 40 m above ground level. Five geo-referenced ground control points
(GCPs) were deployed across the field using the Stonex S990 + GNSS. Each GCP consisted
of a 50 x 50 cm white polypropylene panel, with two quadrants covered in black cardboard
to facilitate centre point identification (Figure 3b). Multispectral images were processed via
aerial image triangulation using the geo-tagged flight log and GCP coordinates in Agisoft
Metashape (Agisoft LLC, version 2.1.0, St. Petersburg, Russia). Figure 4 summarises the
overall workflow for the UAV survey and image processing.

Figure 3. (a), DJI Phantom 4 Multispectral employed for aerial surveys. (b) Determination of the
position of a ground control point (GCP).
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Experimental design

UAV flight and herbage sampling in the plot A

UAV flight and herbage samplings (in the plot A post
T1 17/06 4 & Z
grazing and in the plot B pre grazing) .

UAV flight and herbage samplings (in the plot B post
T2 26/06 A . d
grazing and in the plot C pre grazing)

UAV flight and herbage samplings (in the plot C post
T3 04/07 5 A >
grazing and in the plot D pre grazing)

T4 11/07 herbage samplings (in the plot D post grazing) G = £24
razing o ewes

UAV surveys and data pre-processing 2 Image processing
N R0 =

Agisoft
Metashape

Dry Matter (DM)

Crude Protein (CP)

Neutral Detergent Fiber
(NDF)

Acid Detergent Fiber
(ADF)

Acid Detergent Lignin
(ADL)

Vegetation Indices

CVI MSAVI2 OSAVI
GNDRE MTVI RDVI
GNDVI MTVI2 RTVI
MCARI2 NDRE SR
MSAVI NDVI SRRE

Estimation of daily herbage dry
matter intake (HDMI)

Figure 4. Workflow of the proposed methodology. The first stage illustrates the uncrewed aerial
vehicle (UAV) survey and data pre-processing. The second stage presents the image processing
procedures and the selected vegetation indices (VIs). The third stage describes the statistical analysis
and machine learning (ML) methods.

A reflectance orthomosaic was generated for each spectral band with a spatial resolu-
tion of 1 cm. The orthomosaics were calibrated to convert digital numbers into reflectance
values using measurements from a field spectroradiometer and a grey polypropylene
calibration panel positioned in the field during the UAV flight. Detailed information on the
photogrammetric processing can be found in our previous studies [33,39]. The reflectance
orthomosaics were then combined to compute a set of VIs as reported in Table 1.
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Table 1. List of the vegetation indices (VIs) tested.

Vegetation Index (VI) Acronym Formula Ref
. d
Chlorophyll Vegetation Index CVI ppcl\i i fn ppGIj’gen [40]
Green Normalised Difference Red Edge GNDRE pRed Edge—pGreen [41]
pRegHElglge-k— Green
. . . - reen
Green Normalised Difference Vegetation GNDVI W [42]
Modified Chlorophyll Absorption Ratio MCARI2 1.5%[2.5 (0NIR—pRed)—1.3 (oNIR—pGreen)] [43]
Index \/ (20NIR+1)*—(6pNIR—5pRed)—0.5
Modified Soil Adjusted Vegetation Index MSAVI % x (1+1L) [44]
Modified Soil Adjusted Vegetation Index 2 MSAVI2 2N 1R+1—\/ (2NIR+1)’~8(NIR—Red) [44]
2
12 x [1.2 (p NIR —
Modified Triangular Vegetation Index MTVI pGreen) — 2.5 (pRed — [43]
pGreen)]
Modified Triangular Vegetation Index 2 MTVI2 1.5x[1.2 (pNIR—pGreen) 2.5 (pRed—pGreen)] [43]
\/(2PNIR+1)* ~ (60NIR—50Red) 0.5
. s oNIR—pRed Edge
Normalised Difference Red Edge NDRE W [45]
. . . NIR—pR
Normalised Difference Vegetation Index NDVI m [46]
Optimised Soil Adjusted Vegetation Index OSAVI % [47]
Renormalised Difference Vegetation Index RDVI % [48]
. . 100 [(oNIR — pRed Edge) —
Red Edge Triangulated Vegetation Index RTVI 10 (ONIR — pGreen)] [49]
Simple Ratio SR ppﬁ?; [50]
Simple Ratio Red Edge SRRg % [45]

2.6. Data Management, Statistical and Machine Learning (ML) Approaches

Experimental data were collected and organized in MS Excel™, while predictive ap-
proaches were implemented within the RStudio (v.2025.12) environment [51]. To evaluate
differences among plots, the forage resource variables were subjected to one-way analysis
of variance (ANOVA). When significant differences were detected, multiple comparisons
among treatments were performed using Tukey’s test (p < 0.05). For predictions, the dataset
consisted of 36 independent entries that correspond to a 1.0 m? sampling point, with forage
traits and VIs expressed as mean values over that area. Pearson’s correlations were com-
puted using the cor() function [52], while predictive models were developed and evaluated
with the Caret package [53]. Five commonly used models in agricultural research [54,55]
were tested: (1) linear model (LM), (2) random forest regression (RF), (3) linear support
vector machines (SVM), (4) k-nearest neighbours (k-NN), and (5) neural networks (NN).
Forage above-ground plant biomass was estimated by using all VIs retrieved on all mea-
sured areas, while HDMI was predicted by using VIs data observed inside (HIC) and
outside exclusion cages (HEC). The experimental dataset was split into a training set (70%)
and a validation set (30%) to develop and assess model performance. This procedure was
repeated 100 times using bootstrap sampling to ensure robust evaluation and to capture
the full variability in both training and validation datasets. The ML models were con-
figured with the standard hyperparameters provided by the Caret package, as follows;
RF: mtry p/3; ntree 500; node size 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. For each approach, model performance
was evaluated by comparing predictions with the validation dataset using the coefficient
of determination (R?), root mean square error (RMSE), and mean absolute error (MAE),
reported at the 50th percentile of the 100 repetitions. The importance of each VIs on the
forage variables estimation was assessed using the varImp() function [56].
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3. Results and Discussion
3.1. Forage Biomass and Quality Parameters

Data related to the forage production and quality before grazing are reported in Ta-
ble 2. Experimental data highlight systematic differences in production parameters and
chemical composition among the four plots (A-D). Forage biomass, expressed both as
DM and FW, was highest in plot A (0.52 and 1.29 kg m~?2, respectively) and showed a
progressive reduction down to plot D (0.29 and 0.37 kg m~?2), indicating a gradual de-
cline in productivity. At the same time, the nutritional fractions of higher feeding value,
represented by CP and t EE, decrease along the A-D gradient (CP from 15.83% to 10.00%;
EE from 3.66% to 2.46%), while the structural fibre components increase markedly, as
evidenced by the rises in NDFE, ADF, and ADL (NDF from 48.17% to 63.31%; ADF
from 26.93% to 42.58%; ADL from 2.75% to 7.58%). The ash content shows a slight but
steady decrease, moving from 8.31% in plot A to 6.16% in plot D.

Table 2. Forage biomass in the four investigated plots before grazing, expressed as dry matter (DM),
fresh weight (FW), and its quality parameters: crude protein (CP), ether extract (EE), ash, neutral
detergent fibre (NDF), acid detergent fibre (ADF) and acid detergent lignin (ADL). Different letters
indicate statistically significant differences (p < 0.05).

Plot DM W cP EE Ash NDF ADF ADL
[kg m~2] [kg m~2] [%] [%] [%] [%] [%] [%]
A 0.52a £ 0.10 1.29a £0.21 15.8a £ 0.6 37a£04 8.3a£0.2 48.2d £0.7 26.9d £ 0.6 27d £0.2
B 0.37b £ 0.09 0.54b £+ 0.15 15.3a £ 0.3 33a+0.2 7.1b £ 0.6 50.9c £ 0.7 31.5¢ £ 0.3 3.7¢ £0.1
C 0.36b £ 0.11 0.47b £+ 0.19 12.5b + 0.3 33a£02 7.0b +£0.2 58.7b +£ 0.4 36.7b +£ 0.1 4.4b +0.2
D 0.29¢ £ 0.03 0.37c £ 0.05 10.0c £0.2 2.5b +£0.2 6.2c £0.1 63.3a +0.2 42.6a+0.1 7.6a+0.2

The forage DM biomass in the four investigated plots was in line with the produc-
tivity observed in other studies conducted in southern European pastures, with values
ranging from 0.12 to 0.60 kg m~2 [57-59]. The protein levels in the fodder, within the range
of 8.0 to 19.0%, also correspond to the data observed in other studies [58]. Overall, these
results indicate a transition towards progressively more fibrous and less nutrient-rich
plant material, with a consequent potential reduction in forage quality and digestibility
over the course of the experimental trial. The observed change can be attributed to shifts
in environmental conditions during the experimental period, characterized by increased
temperature and reduced precipitation, which concurrently induced senescence and de-
cline of white clover, according with botanical analysis (data not showed), the primarily
responsible for protein content, and an increase in the fiber content of ryegrass and globally
the reduction in quantity and quality of available forage. This scenario typically occurs
in rainfed mountain meadows and pastures in southern Italy during the transition from
spring to summer, limiting productivity in these areas and posing a challenge for optimal
livestock nutrition [60,61]. In addition, in recent years, the effects of global warming and
climate change have exacerbated this situation, making it increasingly challenging [62].

Table 3 shows the variations in the production and quality parameters of the for-
age biomass in the experimental plots (A-D) at the end of the grazing period, separately
for the inside (HIC) and outside (HEC) of the exclusion cages. In all plots, the forage
biomass, expressed either as DM or FW, was systematically higher in the HIC areas com-
pared to the HEC ones, indicating a clear grazing effect on reducing forage availability.
In the same way, some quality parameters such as CP and EE, tend to decrease along
the A-D gradient and are generally lower in the EST samples, while the structural fibre
fractions (namely, NDF, ADF, and ADL) increase markedly, reaching their highest values in
plots C and D. The ash content shows limited variation, with a slight tendency to decrease
in the lower-productivity plots.
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Table 3. Forage biomass inside (HIC) and outside (HEC) exclusion cages at the end of grazing period
in the four investigated plots (A-D), its quality parameters (crude protein—CP, ether extract—EE,
ash, neutral detergent fibre—NDF, acid detergent fibre—ADF, and acid detergent lignin—ADL)
and herbage dry matter intake (HDMI). Different letters indicate statistically significant differences
(p < 0.05).

DM FW PG EE Ash NDF ADF ADL HDI\iH
Plot Sample [ke m-2 72 o o o o, o o [gm—2
g m~2] [kg m—2] [%] [%] [%] [%] [%] [%] a-1]
A HIC 0.55a £+ 0.05 0.33a £ 0.01 15.1a+0.2 3.3a+0.1 73a+0.3 50.7h £ 0.6 31.5g £ 0.1 3.7d £ 0.1 10.61a + 1.4
HEC 0.34b +0.10 0.18¢ +0.03 13.2b + 0.1 3.1ab+0.1 7.1ab + 0.5 54.4¢g +0.3 34.8f +0.2 4.1c+0.2 : .
B HIC 0.33b +0.02 0.29ab + 0.01 13.1b +£0.9 3.4ab+0.2 7.0ab + 0.2 58.7f 0.2 36.9e + 0.2 41c+0.2 11.78a+15
HEC 0.21c +0.02 0.18¢c +0.02 11.3c¢£0.2 3.0ab £+ 0.1 6.4b +0.3 61.7e £ 0.5 39.4d £ 0.1 5.6b +£0.1 . :
HIC 0.36b + 0.07 0.32a £ 0.05 10.4c £0.2 2.8b+0.2 6.4b +0.2 63.4d +0.3 42.6c+0.4 73a+04 8.38b + 0.5
HEC 0.30b + 0.05 0.25b 4 0.05 8.7d £0.2 19c+0.1 6.1c£0.1 65.7¢ +0.2 43.9b £0.2 7.7a+0.2 ' '
D HIC 0.29b + 0.04 0.24b 4+ 0.04 7.6e 0.1 19c+04 6.1c+0.2 69.0b + 0.4 46.1a 0.1 73a=+0.1 6.25¢ + 0.5
HEC 0.24b + 0.04 0.20c +0.04 6.4f £0.1 2.0c£+0.1 6.0c +0.2 70.2a + 0.1 46.4a +0.2 74a+0.2 ' :

Data related to the HDMI for all four investigated plots are reported in Table 3 and
ranged from 6.25 to 10.61 g m~2 d !, in accordance with what has been observed by several
studies involving dairy sheep [63-65]. The recorded data, compared with those found in
the literature, are representative of an extensive, low-productivity forage system where
intake by the ewes was moderate. The HDMI values show a progressive decrease from
plot A to plot D, consistent with the decline in productivity and the increase in fibrous
fractions. Overall, the results highlight a progressive deterioration in forage quality and
digestibility associated [66,67] with increased fibre content and a reduction in the animals’
daily dry matter intake during the trial, for the same reasons stated above regarding forage
production data prior to grazing.

3.2. Pearson’s Correlation Analysis Between Vs, Forage Biomass and Its Quality Parameters

Results of Pearson’s correlation analysis between VIs, forage biomass and its quality
parameters are reported in the following Figure 5.

Pearson Correlation analysis
Vis

S e & N Q < N

& o K X
& & 0 g & & &

Dry matter -025 0.09 007 1055 005 052 052 0S50 001 040 054 049 -005 041 003

cP 035 006 001 058 -013 048 053 055 -0.13 042 055 047 -0.14 041 -0.10
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|
05

-036 011 006 (065 -0.19 052 058 061 -010 054 064 051 -023 056 -0.06 o

0.5

-,

Forage variables

Figure 5. Results of Pearson’s correlations analysis between VIs, forage biomass dry matter and its
quality parameters (crude protein—CDP, ether extract—EE, ash, neutral detergent fibre—NDF, acid
detergent fibre—ADF and acid detergent lignin—ADL). Correlation values (r) are reported inside the
cell that is painted by a different colour, ranging from green (positive correlation) to red (negative
correlation). Values of r in bold indicate statistically significant correlations (p < 0.05).
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In general, moderately significant correlations were retrieved, with the highest r values
observed equal to 0.66, with several VIs. With regard to dry matter, 8 of 15 VIs investi-
gated showed significant and positive correlation with this variable, with r values ranging
from 0.41 of SR to 0.55 of MCARI2. The CP concentration showed significant correlation
with the same VIs, with the highest r values observed for MCARI2 equal to 0.58. For the
ether extract, relevant correlations were observed with NDVI (0.66), OSAVI (0.56) and
SR (0.64), while for ash, many more significant relationships were observed, such as those
with MCARI2 (0.65), OSAVI (0.64), MTVI (0.61) and MTVI2 (0.58). With regard to the fibre
fractions content, generally, negative correlations were observed with most spectral indices,
the strongest of which were those with MCARI2 (—0.63), MTVI (—0.63), MTVI2 (—0.60)
and OSAVI (—0.56).

A reliable estimation of forage availability and quality in grassland is indispensable
to properly support livestock farming. Considering the field experimental data, which
highlighted a rapid temporal decay and variability in the quantity and quality of available
forage, driven by weather and climatic conditions, an accurate estimate of forage resources
in Mediterranean agro-pastoral systems becomes crucial to prevent overgrazing and to
ensure the best possible nutrition for livestock. This, in turn, safeguards animal welfare
and productivity, further supported by an improved and precise formulation of dietary
supplementation [68]. Conventional approaches based on field sampling and laboratory
analyses are destructive, labor-intensive, and expensive, as they require a large number
of samples to reliably characterize a field. With the aim of overcoming the limitations of
traditional approaches, it is essential to implement new remote sensing technologies, such
as the use of UAVs equipped with sensors capable of monitoring the spectral response of
crop fields. Therefore, it is important to understand which VI yield the best performance,
both in correlation analyses and when used in predictive models, for each specific forage
system context. This necessity arises from the fact that differences among various forage
agroecosystems are highly pronounced due to spatial diversity in species composition and
distribution [69]. Furthermore, these species are often not cultivated in pure stands but in
associations or mixtures with other species; indeed, polycultures and mixed-species stands
are common [70].

Among the studied VIs, the best performances for almost all forage variables were
achieved by MCARI2, MTVI2, MTVI, MSAVI and OSAVT,; it is noteworthy that the first
three indices incorporate the Green band in their equation, whereas all, with the exception
of MTVI, are normalized for NIR and Red band. In particular, our findings, with respect
to MCARI2 and MTVI performances, confirm the importance of the Red, Green and NIR
bands, as well as normalisation for the red and NIR bands, to achieve a good remote
sensing of heterogeneous cover such as that of pastures consisting of soil and plants of
different species. Thus, our results agree with those of Togeiro de Alckmin et al. [71], who
observed good performance by the same VIs in an ordinary linear regression for perennial
ryegrass biomass prediction, Sangjan et al. [72] and Fern et al. [73], where MCARI2 and
OSAVI indices were shown to be effective for differentiating between the various grazing
treatments, and Haboudane et al. [43], who find that MCARI2 and MTVI2 are the best
predictors of green LAI, particularly important in heterogeneous cover. With regard to the
CP estimation, our study confirms the importance of NIR for the estimation of this variable
in plants according to Wijesingha et al. [74].

Generally, the best performing models showed opposite correlation between DM, CP,
EE, ash and fibre fractions percentages. This can be attributed to the progression of the
senescence process in part of the pasture’s plant biomass. As sampling progressed over
time, this led to a decrease in DM and CP content (with EE and ash content being closely
related to these parameters) and, consequently, an increase in fibre content, particularly
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NDF and ADL. Specifically, the loss of white clover, which was depleted after the first two
sampling dates, as described above, contributed significantly to the change in protein and
fibre content.

NDVI and GNDVI are typically correlated with photosynthetically [75] active radiation
and are often reported as two indices capable of interpreting the vigour of plants [76-78].
However, in our study, we did not observe a significant correlation between the values
of these two VIs and quantitative/qualitative forage parameters, except for ash and EE
for NDVI. Discarding the possibility that this index could have reached saturation, often
observed in other studies (e.g., [79,80]), our findings confirm how important it is in this
context to use indices that include the Green band and are optimised to correct for the
influence of the brightness of the underlying ground, compared to other higher-performing
indices. In addition, as postulated by Luns Hatum de Almeida et al. [81], Serrano et al. [82]
and Barnes et al. [83], the progression of flowering and ageing processes of grasses had
an effect on the NDVI values, with an increase in Red reflectance and a decrease in NIR
reflectance, reducing the predictive capabilities of this index, according to Serrano et al. [82]
and Togeiro de Alckmin et al. [71]. For the same reason, the prediction capabilities of VIs,
which include the Red Edge band, were unsatisfactory, despite other authors’ claims [84,85].

3.3. Modelling Approaches for Forage Biomass and Quality Estimation

In the following Tables 4-6, the results of the five different model approaches tested
are presented, observed in 50% of the 100 repetitions. With regard to the estimation of DM,
the best predictions were achieved by SVM and NN that reached R? values of 0.63 with a
RMSE of 0.07 and 0.08 kg m~2, respectively. For the estimation of HDMI the tested model
performed better with R? values observed, with the exception of LM, higher than 0.80; in
particular, NN approached showed R? equal to 0.91 and a RMSE of 1.29 g m~2 d ! while
R? of 0.89 and RMSE of 1.32 g m~2 d~! were those of RF (Table 4).

Table 4. Models (linear model—LM, random forest regression—RE, linear support vector machines—
SVM, k-nearest neighbors—k-NN, and neural networks—NN) validation performance-related data
for forage dry matter (DM) and herbage dry matter intake (HDMI) estimation: coefficient of determi-
nation (R2), root mean square error (RMSE) and mean absolute error (MAE).

DM HDMI

R? RMSE MAE R? RMSE MAE

LM 0.44 0.11 0.13 0.63 2.23 2.34

@ RF 0.51 0.07 0.09 0.89 1.32 1.42
g SVM 0.63 0.06 0.08 0.81 1.54 1.76
S k-NN 0.44 0.12 0.15 0.87 1.47 1.7
NN 0.63 0.08 0.09 0.91 1.29 1.54

Table 5. Models (linear model—LM, random forest regression—RE, linear support vector machines—
SVM, k-nearest neighbors—k-NN, and neural networks—NN) validation performance-related data
for crude protein (CP) ether extract (EE) and ash estimation: coefficient of determination (R?), root
mean square error (RMSE) and mean absolute error (MAE).

cp EE Ash
R? RMSE MAE R? RMSE MAE R? RMSE MAE

M 0.35 2.69 32 0.42 0.49 0.57 0.62 0.48 0.59
RF 0.54 1.30 1.67 0.57 0.29 0.37 0.72 0.33 0.43
SVM 0.63 1.33 1.66 0.65 0.25 0.32 0.84 0.28 0.35
k-NN 047 1.46 1.84 0.57 0.32 0.38 0.68 0.38 0.45
NN 0.47 1.61 2.00 0.63 0.31 0.36 0.67 0.37 0.47

Models
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Table 6. Models (linear model—LM, random forest regression—RE, linear support vector machines—
SVM, k-nearest neighbors—k-NN, and neural networks—NN) validation performance-related data
neutral detergent fibre (NDF), acid detergent fibre (ADF) and acid detergent lignin (ADL): coefficient
of determination (R?), root mean square error (RMSE) and mean absolute error (MAE).

NDF ADF ADL
R? RMSE MAE R? RMSE MAE R? RMSE MAE

M 0.42 5.99 7.15 0.47 4.45 5.38 0.48 1.84 2.25
RF 0.56 3.17 412 0.57 2.78 3.81 0.59 1.00 1.2
SVM 0.70 2.99 3.65 0.73 2.64 3.16 0.68 0.94 1.16
k-NN  0.58 3.63 4.34 0.56 3.29 4.05 0.48 1.23 1.44
NN 0.38 4.06 5.02 0.44 3.60 4.37 0.44 1.08 1.48

Models

With regard to the estimation of quality parameters CP, EE and ash, among the investi-
gated models, SVM showed the best performance with R2 of 0.63, 0.65 and 0.84, followed
by RF with R2 of 0.54, 0.57, and 0.72, respectively (Table 5).

Even for the estimation of plant constituents’ fibre, NDF, ADF and ADL, the
model that provided the best estimates was SVM, highlighting values of R? equal to,
respectively, 0.70, 0.73 and 0.68 (Table 6). The other prediction models compared to SVM,
with the exception of ash concentration, have recorded poor performance on the estimation
of forage quality variables.

The predictive performance of the various ML models consistently surpassed that
of Pearson’s correlations between VIs and pasture biomass. This aligns with existing
literature, which attributes the reliability of ML for yield prediction to its capacity to model
non-linear interactions and mitigate the influence of spurious data [85-87]. Specifically,
ML models produced R? values consistently above those of Pearson correlation. Moreover,
the predictive robustness of the ML approach is further emphasized by the fact that it was
validated using a held-out dataset, a more rigorous test than the single-dataset evaluation
applied to the correlation analysis.

Overall, among all forage variables, SVM, NN and RF showed the best performances
among the tested models. In particular, SVM was the best method to predict almost ev-
ery individual variable, while NN and RF showed slightly better performance for HDMI
estimation. The results demonstrate that all three modelling strategies could extract mean-
ingful patterns from complex spectral data. These results further support the robustness of
ML approaches in modelling crop-related variables through their ability to capture com-
plex and non-linear patterns that characterise the raw data from UAV-based multispectral
survey, as also reported by previous studies [86-88]. Notably, unlike Pearson’s correla-
tion analysis, which was conducted on the full dataset, the ML models were evaluated
using separate training and validation subsets, thereby providing stronger evidence of
their predictive capability. Despite challenges related to noise, predictor interdependence,
and model overfitting, each method effectively processed multiple input variables and
produced accurate predictions of forage biomass and quality traits, typically affected by
considerable variability in the field. Therefore, these findings may promote the rapid and
practical application of the derived VIs values for forage resources estimation in the pasture,
supporting livestock farmers.

The SVMs are supervised learning models that aim to identify an optimal decision
boundary, known as a hyperplane, that best fits the data. The SVMs focus on maximizing
the margin between data points and the hyperplane while minimizing prediction errors.
The position and orientation of this boundary are determined by a subset of critical training
points, referred to as support vectors, which have the greatest influence on the model [88,89].
The NNs are computational models developed to capture complex relationships in data
and perform tasks such as classification and regression. Inspired by the structure of the
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human brain, they consist of interconnected processing units, the neurons, arranged in
layers that convert inputs into meaningful outputs through iterative training [90]. RF
is an ensemble learning technique that aggregates the predictions of multiple decision
trees to improve overall accuracy and robustness. By constructing each tree on random
bootstrap sampled subsets of the data and predictors (called bagging), the method reduces
variance and mitigates overfitting, resulting in more stable and reliable predictions for both
classification and regression tasks [91]. Results consistent with those we found regarding
the best performance achieved by these three models in estimating forage resources in
pastures were presented in studies by Adar et al. [92] (SVM), Belgiu and Dra [93] (RF),
Alvarez-Mendoza et al. [94] (RF), Wang et al. [95] (RF), Pullanagari et al. [96] (RF), Mas and
Flores [97] (NN), and Mutanga et al. [98] (NN). With specific reference to the CP variable,
good performance by SVM was also observed by Wijesingha et al. [74].

In estimating the HDMI, the use of spectral information from both outside and inside
the grazing enclosures cages resulted in superior estimation performance for this variable
compared to that achieved for forage biomass estimation alone. This underscores the
importance of establishing ungrazed reference areas, or check plots, in the field for the
purpose of estimating this specific parameter. This approach mirrors the methodology
used in estimating the nitrogen requirements of herbaceous crops, where check plots with
varying nutrient levels are established to guide and improve the accuracy of crop demand
predictions (e.g., the NNI concept applied to remote sensing as presented in Liu et al. [99]).
Therefore, the present study demonstrates the suitability of integrating UAV multispectral
imagery with ML approaches, especially NN and RF models, to assess pasture depletion
for improved grazing animal management. In particular, the results showed that these two
approaches are more robust and better able to handle the larger amount of data, most likely
effects of multi-collinearity, used for HDMI estimation than the SVM approach, as observed
by Yue et al. [100]. Our findings are in agreement with those of Alvarez-Hess et al. [101],
who reported positive results from the use of UAV imagery and modelling techniques for
estimating pasture consumption; however, unlike their study, we relied on a less advanced
UAV platform using multispectral imagery.

The results of the relative importance analysis of VIs used in the tested model are
reported in Figure 6. In general, variable importance analysis highlighted differences
between models and, for each, between VIs. For LM and NN, the relative importance was
generally similar among VIs and only in some cases has exceeded the value of 60, like
RTVI for DM estimation, CVI and NDVI for ash estimation, and MSAVI2 and RTVI for EE
estimation. For the other models (RF, SVM, k-NN), the difference among VIs’ importance
was greater, with some indices showing greater importance and significance than others. In
addition, a selective importance of the different VIs was observed among the tested models
in the estimation of DM/HDMI and forage quality parameters. In those three models,
greater importance for the estimation of DM had MCARI2, MSAVI, MTVI, MTVI2, NDVI,
OSAVI, RDVI (only for RF), and SR, while for the estimation of HDMI, the most relevant
VIs were MSAVI, MTVI, MTVI2, NDVI, OSAVI, RDVI and SR. The estimation of forage
qualitative variables highlighted the greater importance of CVI, MCARI2, MSAVI, MTV],
MTVI2, OSAVI, RDVI and RTVI.
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Vegetation indices
Cvl GNDRE GNDVI MCARI2 MSAVI MSAVI2 MTVI MTVI2 NDRE NDVI OSAVI RDVI RTVI SR Srre
DM 374l 422 42.0 33.9 347 344 45.1 29.8 39.3 34.8 3241 449 66.9 43.1 37.5
Ccp 495 52.3 48.7 36.1 5919, 36.1 45.7 39.6 439 3919 38.5 36.3 3122 56.4 37.0
EE 474 527 49.2 34.0 53:5 60.7 34.0 39.5 48.7 353 32.6 31.8 66.2 45.1 392
M ASH 60.1 36.4 35.6 39.2 889 812 44.1 45.5 427 60.4 38.4 36.1 45.8 38.0 49.6
NDF 34.8 56.3 54.7 40.1 53.4 35.1 56.6 36.7 48.7 3515, 43.1 43.1 859 54.6 43.3
ADF 40.1 50.0 482 422 57.0 38.9 55.4 82:3 46.0 36.5 39.1 43.9 41.4 53.5 37.3
ADL 43.3 43.8 43.7 39.6 43.9 43.6 56.7 38.0 46.2 42.1 38.1 42.2 627 47.3 44.9
HDMI 2211 15.8 10.8 5] 18.4 17.0 22 Vi) 17.1 il 170 22! 125 13.5 18.5
DM 29.8 292 25.0 80.8 53.0 35.0 76.1 57.9 223 57:9, 63.7 77.6 36.6 61.3 215
(eig 912 259 21.1 47.6 34.8 40.6 69.2 49.6 16.5 29.4 85.11 49.2 52.3 34.2 15.4
EE 46.6 24.7 22.0 395 30.9 56.7 48.8 426 129 845 56.1 33.9 70.5 91.2 9.5
RE ASH 9159 185 22°2 56.7 285 34.5 57.4 55.0 218 51.9 50.3 82:1 445 56.7 21.1
NDF 94.9 15.8 129 535 33.4 27.0 66.4 51.8 29.1 198 29.0 43.6 8517 224 252
ADF 93.0 219 17.0 44.8 324 37.8 63.5 48.1 245 279 335 46.6 59.4 311 24.8
ADL 78.7 185 17.6 294 2355 629 46.2 33.6 2150 53.1 36.2 37.6 80.2 60.0 2211
HDMI 40.1 44.7 41.9 36.2 49.4 757 62.3 58.3 29.9 48.0 297 72.8 82.2 47.5 821
DM 32.8 288 46.6 89.7 70.2 253 59.1 68.3 379 77.5 7817 51.1 34.0 76.6 32.7
cp 68.7 114 7.4 77.6 721 45.5 9319, 76.9 36.1 54.1 824 839 513 56.1 35.4
EE 37.2 17.3 i) 45.6 45.1 36.5 73.0 48.1 212 Clil/ 78.3 782 6245} 95.2 208
SVM ASH 83.1 hk7/ 5.0 78.6 60.0 499 90.7 73.6 534 67.6 84.8 73.5 58.4 69.0 51.6
NDF 76.7 10.8 26 82.1 71T, 44.1 94.4 78.7 45.6 37.7 76.2 78.9 49.6 38.7 44.1
ADF 7048 10.0 4.0 77.6 68.9 54.0 914 77.0 54.2 50.8 80.1 793 63.9 53.3 525
ADL 63.3 9.0 29 48.1 51.2 69.5 89.9 64.9 46.7 67.2 64.3 79.8 68.8 68.1 46.2
HDMI 33.1 288 46.6 49.7 721 49.5 94.4 78.7 44.2 L7 74.8 83.9 48.8 85.2 42.5
DM 8217, 36.8 51.4 89.1 69.9 26.5 56.9 69.6 315 755 752 50.5 278 73.1 26.7
(eig 63.4 9.6 47 77.7 72.4 48.6 95.4 78.4 37.8 55:5 80.8 835 50.6 60.0 36.8
EE 29.9 15.0 14.4 45.2 453 354 70.1 47.5 2152 89.8 78.3 73.7 48.4 987 209
K-NN ASH 843 747 5.3 81.4 65.0 46.9 91.7 77.6 50.2 712 86.2 76.2 60.5 74.0 489
NDF 78.9 11.0 49 81.5 734 45.0 92.7 79.3 485 39.8 77.8 79.7 528 40.7 475
ADF 77.7 11.2 44 76.0 68.6 55.0 90.1 76.6 56.1 48.1 79.3 77:2 66.5 494 54.2
ADL 759 8.6 44 66.1 64.8 52.6 90.4 66.3 61.0 45.5 77.1 73.8 61.5 47.1 522
HDMI 33.3 143 12.8 789 65.6 243 73.9 70.7 33.8 60.8 79.2 5315 32.6 62.6 31.0
DM 48.9 234 23.5 28.4 29.9 39.0 29.3 19.2 42.0 344 36.2 53.7 64.3 33.8 39.1
CcpP 47.0 35.3 30.4 42.3 34.1 321 44.4 40.7 28.1 34.1 34.7 349 49.0 35.2 321
EE 36.3 242 247 30.4 41.4 44.9 39.4 34.0 30.4 34.6 29.5 333 57.3 33.6 342
NN ASH 45.1 324 242 33.6 36.7 42.0 42.0 40.1 32.0 47.2 38.5 32.0 453 49.0 39.0
NDF 50.4 404 324 423 43.5 41.1 50.2 423 45.0 317 36.4 48.5 41.2 448 46.2
ADF 434 354 28.1 46.0 413 43.1 8319 42.0 31.7 5312 459 40.6 41.9 43.7 38.0
ADL 33.8 279 22.0 27.0 322 44.6 47.2 43.2 26.6 36.4 43.3 42.3 48.8 40.9 26.7

HDMI 33.0 87:3 35.7 22.0 30.3 57.6 27.1 26.5 36.6 37.0 22.1 31.5 527 41.1 37:5

Figure 6. Results of variance importance analysis performed on 15 different vegetation indices used
in five different predictive models (linear model—LM, random forest regression—RF, linear support
vector machines—SVM, k-nearest neighbours—k-NN, and neural networks—NN) for the estimation
of forage dry matter (DM) and herbage dry matter intake (HDMI), crude protein (CP) ether extract
(EE) ash, neutral detergent fibre (NDF), acid detergent fibre (ADF) and acid detergent lignin (ADL).

4. Conclusions

This study demonstrated the effectiveness of integrating field measurements, UAV-
based multispectral remote sensing, and ML techniques to assess pasture productivity and
quality, as well as animal intake dynamics in Mediterranean extensive grazing systems.
The combined approach enabled the characterisation of spatial and temporal variability
in pasture resources, highlighting a progressive seasonal decline in forage biomass and
nutritional quality across the investigated plots. This decline was associated with increasing
fibre fractions and decreasing crude protein and ether extract contents, primarily driven
by seasonal climatic conditions characterised by increasing temperatures and reduced
precipitation. These conditions accelerated plant senescence and reduced the contribution
of high-nutritional-value species, such as white clover, with direct implications for grazing
system productivity and stability.

Correlation analysis confirmed that several vegetation indices were moderately associ-
ated with forage biomass and quality parameters, particularly indices integrating green
reflectance and normalized red and near-infrared bands. Among the evaluated indices,
MCARI2, MTVI2, MTVI, MSAV], and OSAVI consistently showed the highest predictive
performance across multiple forage variables, demonstrating strong suitability for mon-
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itoring heterogeneous mixed-species grasslands where soil background variability and
botanical composition complexity represent key limiting factors for traditional remote
sensing approaches.

Machine learning approaches outperformed conventional correlative methods, con-
firming their ability to capture nonlinear relationships between spectral data and pas-
ture biophysical variables. Support Vector Machines achieved the highest overall pre-
dictive accuracy for forage biomass and quality parameters, while Neural Networks
and Random Forest models showed slightly superior performance for herbage dry mat-
ter intake estimation. Importantly, the integration of spectral information derived from
grazed and ungrazed reference areas significantly improved intake prediction accuracy,
highlighting the relevance of exclusion cages or control plots for operational grazing
monitoring frameworks.

The results confirm the strong potential of UAV multispectral data combined with
advanced modelling approaches to support precision grazing management. The integration
of forage availability, nutritional quality indicators, and intake estimation into digital data
management systems provides robust decision-support tools capable of improving grazing
efficiency, preventing overgrazing, and reducing nutritional stress in grazing livestock.
From a land system perspective, this contributes to improving resource use efficiency,
maintaining vegetation functionality, and supporting the long-term sustainability of low-
input pastoral systems.

From a management and environmental perspective, the proposed approach provides
a scalable and transferable framework for Mediterranean agro-pastoral landscapes, where
forage resources are highly heterogeneous and strongly influenced by climatic variability.
The integration of remote sensing, machine learning, and animal response data represents
a key step toward data-driven pasture management, contributing to the maintenance
of ecosystem services such as soil protection, carbon storage, and biodiversity conserva-
tion. This approach supports the transition toward climate-resilient grazing systems and
sustainable land use strategies under increasing climate pressure.

Future research should focus on scaling UAV monitoring to larger spatial extents and
diverse botanical compositions, integrating additional environmental variables, and incor-
porating emerging sensor technologies to improve model robustness and generalization
capacity. Further efforts should also address the development of integrated indicators
linking pasture productivity, soil health, biodiversity, and carbon sequestration potential.
These advancements will support the implementation of multifunctional, climate-resilient,
and environmentally sustainable grazing systems within Mediterranean and other climate-
vulnerable pastoral regions.
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