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Highlights

What are the main findings?

• UAV-based multispectral vegetation indices accurately estimated fresh and dry above-
ground biomass in the Mediterranean “Sulla” pasture.

• Visible-band greenness indices were among the best-performing predictors of biomass.

What are the implications of the main findings?

• Inter-sensor harmonization enabled the combined analysis of data collected in two
different growing seasons.

• A simple single-index workflow may support grazing management through rapid and
non-destructive biomass assessment.

Abstract

The accurate estimation of pasture above-ground biomass (AGB) is critical for optimizing
stocking rates and ensuring the sustainable use of Mediterranean pastures. This study
developed empirical models to estimate fresh (AGBfresh) and dry above-ground biomass
(AGBdry) using multispectral imagery acquired by Unmanned Aerial Vehicles (UAVs) in
a Hedysarum coronarium pasture in Sicily, Italy. Field biomass was destructively sampled
simultaneously with UAV surveys in 28 georeferenced plots during pre- and post-grazing
phases over the 2023–2024 and 2024–2025 seasons. Data were collected with a DJI Mavic
3 Multispectral (for the 2024 test) and a DJI Matrice 300 + Altum-PT (for the 2025 test)
and radiometrically calibrated to surface reflectance. Because two different multispectral
sensors were used across years, an inter-sensor harmonization step was applied before
vegetation-index calculation. Thirty-three vegetation indices were extracted as mean
values within circular buffers of 1 m radius, centered on each sample plot to accommodate
GNSS/georeferencing uncertainty. For each vegetation index, linear and exponential
models were calibrated using 66% of the dataset and validated on the remaining 33% to
predict fresh and dry above-ground biomass, and model performance was assessed using
R2 and RMSE. On the validation dataset, ARVI2 and EVI2 showed the highest explanatory
power for AGBfresh (R2 = 0.89), with ARVI2 providing the lower RMSE (2047 g m−2). For
AGBdry, visible-band indices such as NGRDI and GRVI were among the best performers,
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reaching R2 = 0.85 with RMSE = 1371 g m−2. Visible-band greenness indices were among
the most competitive predictors, whereas several conventional NIR-based indices showed
only moderate performance. Overall, this UAV-based multispectral approach represents a
promising and interpretable tool for biomass estimation in heterogeneous Mediterranean
pastures, although further validation across additional seasons and sites is required to
strengthen its transferability.

Keywords: pasture; grassland monitoring; biomass estimation; vegetation indices; vegetation
analysis; empirical modeling

1. Introduction
Grasslands are a major terrestrial biome—covering ~25% of the global land area—and

provide essential ecosystem services, including forage provision, carbon sequestration,
biodiversity support, water regulation, and soil protection [1–3]. In the Mediterranean,
especially in semi-arid interiors such as the Sicilian hinterland, grasslands also sustain
extensive livestock systems and contribute to the socio-ecological resilience of rural com-
munities [4–6].

Productivity in Mediterranean pastures is highly variable and shaped by climate
variability, grazing management (stocking rates, timing, spatial patterns), and soil fertil-
ity [7,8]. Reliable estimates of available herbaceous biomass—dry and fresh above-ground
biomass (AGBdry and AGBfresh, respectively)—are therefore crucial to optimize grazing
pressure, prevent overgrazing or undergrazing, improve farm planning, and support agro-
environmental policies [9,10]. The two biomass definitions were considered complementary
in this study. AGBfresh is more closely related to the immediately available forage mass
and is influenced by plant water content, whereas AGBdry provides a more stable estimate
of structural biomass. Evaluating both variables, therefore, allows a more complete as-
sessment of pasture condition and helps to determine whether UAV-derived vegetation
indices respond differently to water-related versus structural biomass components. Tradi-
tional destructive sampling is accurate but labour-intensive and costly, limiting frequent or
large-scale monitoring [11,12].

Remote sensing (RS) offers a scalable alternative to destructive sampling by providing
repeated observations of vegetation status over time. In this context, the growing avail-
ability of high-revisit CubeSat constellations (e.g., PlanetScope Dove and SuperDove) is
further expanding precision-agriculture applications by enabling frequent multispectral
monitoring at fine spatial and temporal scales [13,14]. In grassland and pasture systems,
satellite platforms (e.g., Sentinel-1/2 and Landsat) have been widely used to estimate
biomass and related biophysical variables across broad areas and seasons, often coupled
with statistical or machine-learning approaches to improve predictive performance [15–17].
However, satellite-based monitoring can be limited at the farm scale by pixel size and cloud
constraints, particularly when pastures are heterogeneous, and grazing effects occur in
fine-grained patches. In these contexts, Unmanned Aerial Vehicles (UAVs) complement
satellite observations by enabling flexible acquisition timing and centimeter-level spatial
detail, which is especially valuable for supporting field-scale decisions in managed grazing
systems [18].
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Recent advances in UAV multispectral imagery allow detailed observation of vege-
tation, capturing fine spatial variability relevant to pasture dynamics [19–23]. Vegetation
indices such as NDVI, EVI/EVI2, NDRE, and SAVI are widely used for herbaceous biomass
estimation, although index saturation under dense vegetation cover remains a known
challenge, partly mitigated by red-edge-based or soil-adjusted formulations [24–30].

Beyond purely spectral indices, UAV-based structural information derived from pho-
togrammetry (e.g., canopy surface models and height metrics) has also proved useful
for non-destructive biomass estimation in swards and pasture plots [31–33]. In several
grassland applications, combining structural metrics with spectral predictors can improve
robustness across phenological stages and management conditions. Nevertheless, the
added processing steps and the dependence on stable image geometry and surface recon-
struction may reduce simplicity and transferability in routine monitoring. For operational
adoption, there is therefore continued interest in compact multispectral workflows based
on interpretable indices and low-complexity empirical relationships.

Despite these advances, semi-arid Mediterranean pastures under rotational grazing
remain comparatively under-represented in the literature, even though they are common
in regional livestock systems and exhibit distinctive phenology, strong within-field hetero-
geneity, and climate sensitivity [5,6,9,34]. In addition, Mediterranean pastures are strongly
constrained by interannual climate variability, with rainfall-driven pulses of growth and
rapid shifts in vegetation structure that can alter the spectral–biomass relationship across
years. This reinforces the need to test model stability under variable seasonal condi-
tions [18,35]. Moreover, while modern machine-learning approaches can achieve high
accuracy, they often demand large training datasets and yield models that are harder to
interpret and transfer to farm-level decisions. Such models may also remain strongly site-
specific and may not generalize well to areas with different vegetation composition, soil
background, or environmental conditions than those used for calibration. In production
settings, there is a clear need for simple, transparent empirical models that can be replicated
with routine UAV flights and modest data requirements [10,36].

In this study, we investigated whether a UAV-based multispectral approach, relying on
single vegetation indices and simple empirical regressions, can provide reliable estimates of
fresh and dry above-ground biomass (AGBfresh and AGBdry) in a semi-arid Mediterranean
pasture of Hedysarum coronarium (“Sulla”) managed under rotational grazing. Specifically,
the study aimed to: (i) assess the strength of the relationships between field-measured
biomass and a broad set of UAV-derived vegetation indices; (ii) identify the most robust
indices for biomass estimation across contrasting pre- and post-grazing conditions and
across two growing seasons; and (iii) evaluate whether a simple and interpretable modelling
framework may offer an operational alternative for fine-scale pasture monitoring under
heterogeneous Mediterranean conditions. Rather than maximizing model complexity, our
objective was to test the practical usefulness and transferability of a low-complexity and
interpretable workflow that could be replicated with routine UAV acquisitions and limited
data requirements. In this context, more advanced approaches based on multiple predictors,
structural metrics, or machine-learning algorithms may provide additional predictive gains,
but they also require more complex processing chains, larger calibration datasets, and may
be less straightforward to interpret in operational applications.

2. Materials and Methods
2.1. The Experimental Site

The study was conducted in a 0.7-hectare pasture dominated by Hedysarum coronarium
L. (“Sulla”) near Villarosa (province of Enna), Sicily, Italy (37◦37′43.7′′N, 14◦11′02.0′′E)
(Figure 1). The pasture consisted of a 2–3-year-old stand of Hedysarum coronarium L. estab-
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lished by seeding at 100 kg ha−1. The sward also included a small amount of spontaneous
herbaceous species typical of Sicilian Mediterranean grasslands (e.g., Pulicaria vulgaris,
Echium italicum subsp. italicum, Dittrichia viscosa, and Cirsium spinosissimum).

Figure 1. (A) Location of the study area near Villarosa (Enna province, Sicily, southern Italy; 37.628851,
14.183906) and of the SIAS weather station in Enna used for meteorological data (37.566223, 14.260471).
(B) High-resolution UAV orthomosaic of the Hedysarum coronarium pasture (0.7 ha) acquired on 15
May 2025 at the study site.

The soils are predominantly clayey, with high water-holding capacity and low infil-
tration, which can lead to temporary waterlogging after rainfall and pronounced drying
during summer drought [37]. The site is located between 500 and 580 m above sea level,
with slopes that locally influence the water balance and the development of AGB.

The study area is characterized by a semi-arid Mediterranean climate, with rainfall
mainly occurring in autumn–winter and a marked summer drought [38]. Meteorological
data (air temperature and precipitation) were obtained from the SIAS (Sistema Informativo
Agrometeorologico Siciliano) weather station in Enna, located ~8 km from the study site
(straight-line distance).

The pasture was managed under rotational grazing with a flock of 150 Valle del
Belice sheep (adult ewes ≥ 2 years old; individual live weight 45–60 kg). Ewes were
lactating during the grazing period, and animal category/physiological stage and grazing
management were kept consistent across years. Grazing was conducted in spring for
10 consecutive days, with animals allowed to graze for 90 min day−1, typically from 08:00
to 09:30, to contain grazing pressure, promote regrowth, and limit overgrazing. Stocking
rate and grazing schedule were maintained consistently across both years.

2.2. Biomass Sampling and Processing

Four field campaigns were carried out in May and June 2024 and 2025, corresponding
to pre-grazing (20 May 2024 and 15 May 2025) and post-grazing (7 June 2024 and 3 June
2025) conditions. On each field date, the UAV survey and the destructive biomass sampling
were performed in immediate succession to ensure close temporal correspondence between
remotely sensed and ground-measured data. UAV imagery was acquired immediately be-
fore biomass harvesting. At each sampling date, biomass was collected at 28 georeferenced
locations and based on 1 m2.
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Quadrat positions were centered on permanent field markers and georeferenced using
a Stonex S850P GNSS receiver (WGS84; horizontal accuracy ± 0.50 m) (STONEX Srl, Milano,
Italy). This procedure ensured reliable relocation of sampling points across monitoring
dates and supported the UAV–ground linkage described in Section 2.3.

Immediately after harvesting, the AGBfresh of each quadrat (n = 28 per campaign)
was weighed in the field. Samples were then oven-dried at 60 ◦C until constant weight
(approximately 60 h) to determine AGBdry.

The resulting ground dataset was used to calibrate and validate the empirical biomass
models based on UAV-derived vegetation indices.

2.3. Data Acquisition

In the year 2024, flights were carried out using a DJI Mavic 3 Multispectral (SZ
DJI Technology Co., Ltd., Shenzhen, in Guangdong province, China), equipped with an
integrated multispectral camera. In the second year (2025), surveys were conducted with
a DJI Matrice 300, with an Altum PT camera on board that combines high-resolution
multispectral sensors and a thermal sensor (Table 1). These two UAV imaging systems
were used following an upgrade in the imaging platform, while a calibration was carried
out to preserve spectral comparability between datasets.

Table 1. Characteristics of the imaging systems used in 2024 and 2025 (B: blue; G: green; R: red; RE:
red edge; NIR: near-infrared; MS: multispectral; PAN: panchromatic; LWIR: long-wave infrared).

Platform Sensor Multispectral Bands Thermal

DJI Mavic 3
Multispectral

Integrated
multispectral

camera

G (560 ± 16 nm); R
(650 ± 16 nm);

RE (730 ± 16 nm); NIR
(860 ± 26 nm)

(-)

DJI Matrice 300

AgEagle/MicaSense
Altum-PT

(MS + PAN +
LWIR)

B (475 ± 32 nm); G
(560 ± 27 nm);

R (668 ± 14 nm); RE
(717 ± 12 nm);

NIR (842 ± 57 nm)

LWIR
(7.5–13.5 µm)

For biomass modelling, only VIS–NIR reflectance bands (common to both systems)
were considered in the present study. Radiometric calibration—reflectance panel and
downwelling light sensor (DLS)—and flight altitude were kept consistent across missions
to minimize sensor-related bias.

To further reduce platform-related differences between years, an inter-sensor har-
monization step was applied between the DJI Mavic 3 Multispectral and the MicaSense
Altum-PT data. This harmonization was based on two additional UAV flights conducted
over the same experimental area on the same day and within a short time interval. A
total of 1000 points were randomly selected across the study area, and mean reflectance
values were extracted using a 1 m buffer around each point to reduce the effect of minor
georeferencing and co-registration mismatches between orthomosaics. A global linear
relationship between M3M- and Altum-PT-derived reflectance values was then used to
harmonize DJI Mavic 3 Multispectral reflectance to the Altum-PT reference scale before
vegetation indices were calculated. The corresponding calibration plot is reported in the
Supplementary Material (Figure S1).

Multispectral imagery was acquired on the same dates as field biomass sampling
and immediately before destructive harvesting, in order to ensure temporal consistency
between UAV-derived spectral data and ground measurements. Flights were planned at
a constant altitude of 50 m Above Ground Level (AGL), providing ultra-high-resolution
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coverage of the entire study area (2 cm pixel−1). All flights were conducted between
11:30 and 12:30 (local time) under low-to-moderate wind conditions (≤6 m s−1) to limit
platform-induced image blur and ensure stable acquisition. Forward and side overlap were
set to 80% and 70%, respectively, to ensure robust photogrammetric reconstruction, and
flight speed was set to 2 m s−1 to limit motion blur and optimize data quality.

2.4. Data Processing

UAV imagery was processed in Pix4DFields (Pix4D SA, Prilly, Switzerland) to produce
radiometrically calibrated, georeferenced multispectral orthomosaics using a reflectance
panel and a DLS. Orthorectification was performed via structure-from-motion (SfM), and
ground control points (GCPs) ensured accurate co-registration with plot locations. Sub-
sequent spatial processing and spectral data extraction were carried out in ArcGIS Pro
ver. 3.4 (Esri, Redlands, CA, USA).

To link UAV observations with field-measured biomass, a systematic extraction around
each georeferenced sampling point was applied. For every plot and date, a circular buffer
(radius = 1.0 m) was created in ArcGIS. The dimension of the buffer was selected inten-
tionally to better accommodate GNSS and georegistration uncertainty while capturing a
reflectance signal representative of the sampled biomass. Within each buffer, mean surface
reflectance from the multispectral bands was extracted for the 28 georeferenced locations
across the four acquisition dates (pre- and post-grazing in both 2024 and 2025).

Starting from VIS–NIR reflectance (green, red, red-edge, NIR), 33 vegetation in-
dices (VIs) were computed (Table S1). For presentation and interpretation purposes,
the calculated vegetation indices were also grouped into functional families according
to their spectral formulation and primary intended use, including NIR–red, NIR–green,
contrast-based, atmospherically resistant, soil-adjusted, red-edge/chlorophyll, visible-band,
water/pigment-stress, and triangular/geometry-based indices [39–69]. For each sampling
plot and date, VIs were computed as mean values within circular buffers centered on the
quadrat (r = 1.0 m). VI calculations were performed in ArcGIS, and datasets were assembled
and quality-checked in Microsoft Excel to ensure consistency across years and phases.

2.5. Statistical Analysis and Biomass Estimation Modeling

The modelling framework was designed to test whether single UAV-derived veg-
etation indices could provide reliable and operationally simple predictors of AGB in a
heterogeneous Mediterranean pasture. For this reason, each vegetation index (VI) was
evaluated individually against the two response variables, fresh above-ground biomass
(AGBfresh) and dry above-ground biomass (AGBdry), rather than combining multiple pre-
dictors within more complex multivariate models. This modelling choice was intended to
preserve interpretability, reduce the risk of over-parameterization in relation to dataset size,
and facilitate the identification of indices with potential practical applicability in routine
UAV-based pasture monitoring.

For each VI, two empirical regression forms were tested: (i) a linear model,
AGB = a + b·VI, and (ii) an exponential model, AGB = a·(b·VI). The exponential formu-
lation was fitted after log-transformation. Model parameters were estimated by ordinary
least squares. Model performance was assessed using a hold-out calibration/validation
procedure, in which 66% of the observations were used for calibration and the remaining
33% for independent validation. The same modelling procedure was applied separately
for AGBfresh and AGBdry. The modelling dataset consisted of 112 plot-date observations
for AGBfresh and 112 for AGBdry, derived from 28 georeferenced plots sampled across four
acquisition dates. Under the 66% and 33% hold-out strategy, approximately 74 observations
were used for calibration and 38 for independent validation for each response variable.
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The distinction between AGBfresh and AGBdry is also relevant for interpretation, as spectral
relationships may partly differ depending on the relative influence of vegetation water
content versus structural biomass. Predictive performance was quantified for both subsets
using the coefficient of determination (R2) and the root mean square error (RMSE, g m−2).
Because each regression model was based on a single vegetation index, the number of fitted
parameters remained low, which helped limit over-parameterization relative to more com-
plex multivariate approaches. Model stability was assessed by comparing calibration and
independent validation performance across the hold-out split. For each VI, the functional
form retained in the results tables corresponds to the model providing the best balance
between explained variance and prediction error.

Climate data were not included as predictor variables in the biomass models. Instead,
temperature and precipitation data were used as contextual information to interpret sea-
sonal and interannual differences in pasture growth conditions, particularly because the
study aimed to assess the predictive value of UAV-derived spectral information alone.
Given the limited number of monitoring dates and the strong temporal coupling between
climatic conditions and acquisition year/season, including climate variables directly in the
regression framework would have introduced an additional source of complexity beyond
the scope of the present study.

Differences in ground-measured AGB between the two sampling campaigns within
each period (pre- versus post-grazing) were assessed using one-way ANOVA, with statisti-
cal significance set at α = 0.05, using StataSE software ver. 19.5.

3. Results
3.1. Environmental Conditions and Ground Biomass Variability

Weather conditions during the two monitored seasons (October 2023–September 2025)
are summarized in Figure 2 to provide an environmental context for biomass dynamics. Air
temperature followed the expected Mediterranean seasonal pattern, with winter minima
and summer maxima above 30 ◦C. Rainfall was concentrated in discrete events, with a
marked summer drought in both years. Overall, the 2024–2025 season showed higher
rainfall than 2023–2024, especially during the autumn–early spring period.

Figure 2. Climate conditions (air temperature and daily rainfall) at the study site during the 2023–2024
and 2024–2025 growing seasons. The flight dates are highlighted.
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Ground-measured biomass showed clear differences between years and grazing
phases (Figure 3). In 2024, AGBfresh decreased from 903 ± 521 g m−2 before grazing
to 164 ± 88 g m−2 after grazing, while AGBdry decreased from 406 ± 199 to 121 ± 51 g m−2.
In 2025, biomass levels were markedly higher, with AGBfresh declining from 9143 ± 3074 to
3939 ± 1415 g m−2 and AGBdry from 5992 ± 2231 to 2771 ± 1019 g m−2 between pre- and
post-grazing conditions. In both years, differences between grazing phases were significant
(one-way ANOVA, p < 0.001). These results show a strong interannual contrast between
the two monitored seasons and a consistent reduction in both fresh and dry above-ground
biomass after grazing.

Figure 3. Fresh (A) and dry (B) mean above-ground biomass (AGB; g m−2) measured under pre- and
post-grazing conditions in 2024 and 2025. Different letters indicate significant differences between
phases for each year and biomass variable (p < 0.001).

3.2. Calibration Performance of AGB Prediction Models
3.2.1. Model Calibration

After inter-sensor harmonization, calibration performances were more conservative
than in the initial analysis, but they likely provide a more realistic estimate of model
behavior across tests. The best calibration results were distributed across different VI
families, including visible-band, soil-adjusted, red-edge, and atmosphere-resistant indices,
rather than being restricted to a single group (Table 2).

For AGBfresh, the highest calibration performances were obtained with GI, NGRDI,
SAVI2, TSAVI, and MSRRE, with R2 values ranging from 0.72 to 0.75 and RMSE values from
2063 to 2176 g m−2. GI provided the best calibration performance for AGBfresh (R2 = 0.75;
RMSE = 2063 g m−2), followed by NGRDI and GRVI (R2 = 0.74; RMSE = 2079 g m−2), while
SAVI2 and TSAVI showed comparable accuracy (R2 = 0.73; RMSE = 2144 g m−2), while
MSRRE also provided good calibration performance (R2 = 0.72; RMSE = 2176 g m−2).

For AGBdry, the best calibration performances were obtained with EVI2, SAVI2,
TSAVI, NGRDI, GRVI, and GI, with R2 values ranging from 0.71 to 0.75 and RMSE val-
ues from 1472 to 1517 g m−2 (Table 2). EVI2 showed the highest calibration (R2 = 0.75;
RMSE = 1517 g m−2), whereas NGRDI and GRVI yielded the lowest RMSE (1472 g m−2)
with R2 = 0.72. GI and SAVI2 also performed well, with R2 values of 0.71–0.72 and RMSE
values of 1486–1494 g m−2.
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Table 2. Regression models (equations) obtained between field-measured AGBfresh and AGBdry and
the different vegetation indices (VIs). For each VI, the R2 and RMSE (g m−2) from the calibration
models are reported.

Group Index
AGBfresh Calibration AGBdry Calibration

Equation R2 RMSE Equation R2 RMSE

NIR–Red

NDVI 42.0525.6836x 0.70 2370 31.5145.416x 0.65 1800
SR 281.43x + 833.68 0.65 2434 182.48x + 571.58 0.59 1766

DVI 26,639x − 472.33 0.66 2396 17,333x − 121.43 0.67 1591
IPVI 11.9827.1232x 0.70 2313 9.35446.815x 0.65 1734

MNDVI 52.3635.6682x 0.68 2415 39.085.3905x 0.63 1826

NIR–Green GNDVI 12.5897.0668x 0.44 3370 11.8256.4802x 0.39 2444

Contrast

RDVI 18,197x − 1706.6 0.67 2360 11,928x − 920 0.69 1549
RTVI 277.1x + 3692.4 0.10 3875 124.22x + 2337.8 0.05 2706
PVI 37,674x − 472.33 0.66 2396 24,512x − 121.43 0.67 1591

WDRVI 7804.1x + 5512.3 0.69 2298 5100.9x + 3615.1 0.64 1664

Atmospherically
resistant

EVI 14,077x − 781.3 0.64 2468 9138.8x − 285.95 0.66 1624
EVI2 15,834x − 860.76 0.69 2295 88.6925.7719x 0.75 1517

ARVI2 100.824.8578x 0.70 2370 72.5064.629x 0.65 1806
GEMI −50,358x + 49,972 0.08 3929 −16,524x + 21,359 0.01 2755

Soil-adjusted

SAVI 173.347.3189x 0.55 3705 141.896.9139x 0.56 2318
SAVI2 105.846.0549x 0.73 2144 88.6925.7719x 0.72 1486
OSAVI 128.717.0046x 0.68 2485 108.346.6445x 0.68 1684
MSAVI 91.249x + 137.27 0.23 5336 65.286x − 112.56 0.26 3698

GOSAVI 94.0497.7886x 0.69 2316 86.0177.3434x 0.69 1556
TSAVI 105.846.0549x 0.73 2144 88.6925.7719x 0.72 1486

Red-
edge/Chlorophyll

NDRE 95.5345.6785x 0.67 2439 68.9585.4087x 0.61 1826
Cl_RE 91.249x + 137.27 0.23 5266 65.286x − 112.56 0.26 3698

MSRRE 10,195x − 1502.7 0.72 2176 6714.1x − 995.29 0.68 1569

VIS

NGRDI 14,933x + 3787.8 0.74 2079 9937.9x + 2490.1 0.72 1472
GLI 311.746.6752x 0.62 3017 185.016.9797x 0.58 2072

GRVI −14,933x + 3787.8 0.74 2079 −9937.9x + 2490.1 0.72 1472
GI 5503.9x − 2577.4 0.75 2063 3631.8x − 1711 0.71 1494

GCI 632.08x − 155.94 0.45 3042 402.67x − 27.445 0.4 2151
CVI −165.51x + 4713 0.02 4045 −133.73x + 3263.7 0.03 2723

Water/Pigment-stress NDWI 12.589−7.067x 0.44 3370 11.825−6.48x 0.39 2444
SIPI2 16.7336.8005x 0.61 2763 14.016.3766x 0.56 2073

Triangular/Geometry-
based

TriVI 475.35x − 858.27 0.70 2242 281.68x − 64.583 0.68 1570
TVI 0.03928.2726x 0.68 2562 0.0437.8422x 0.64 1940

Model calibration scatterplots for the selected indices are shown in Figures 4 and 5 for
AGBfresh and AGBdry, respectively. In the calibration dataset, most high-performing soil-
adjusted indices, including SAVI, OSAVI, GOSAVI, SAVI2 and TSAVI, were best described
by exponential relationships for both AGBfresh and AGBdry (Table 2 and Figures 4 and 5).

In contrast, several visible-band greenness indices, including GI, NGRDI, GRVI, fol-
lowed linear relationships while maintaining relatively high R2 values.

Overall, visible-band greenness indices remained among the most competitive calibra-
tion predictors, whereas several conventional NIR-based indices showed only moderate
performance. Contrast-based and red-edge/chlorophyll indices, such as RDVI and MSRRE,
also provided relatively strong results, although they generally did not exceed the best
visible-band formulations. In contrast, GEMI, RTVI, and CVI showed negligible explana-
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tory power and high prediction errors and were therefore not considered further among
the most informative predictors.

Figure 4. Model calibration (panels (A–E), measured AGBfresh vs. VI) and validation scatterplots
(panels (F–J), measured vs. predicted AGBfresh) for the five selected indices in terms of AGBfresh.
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Figure 5. Model calibration (panels (A–E), measured AGBdry vs. VI) and validation scatterplots
(panels (F–J), measured vs. predicted AGBdry) for the five selected indices in terms of AGBdry.

In contrast, the NIR–green index GNDVI showed lower calibration accuracy than the
best-performing indices, with R2 = 0.44 and 0.38; RMSE values of 3383 and 2444 g m−2 for
AGBfresh and AGBdry, respectively.
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Red-edge/chlorophyll indices offered intermediate performances, with NDRE (ex-
ponential fit) and MSRRE (linear fit) yielding R2 values of 0.67–0.72 and RMSE varying
between 2176 and 2443 g m−2 for AGBfresh, and R2 values of 0.61–0.68 and RMSE ranging
from 1570 to 1826 g m−2 for AGBdry (Table 2). Indices showing near-zero explanatory
power included GEMI, RTVI and CVI, which yielded R2 ≤ 0.03 in both AGBfresh and
AGBdry (Table 2), with correspondingly high errors (e.g., RMSE = 4092–4095 g m−2 for
AGBfresh and 2723–2755 g m−2 for AGBdry).

For example, Figure 6 shows the spatial representation of predicted AGBfresh for the
four monitoring dates, highlighting the reduction in biomass after grazing and the greater
spatial heterogeneity under post-grazing conditions.

Figure 6. Spatial representation of predicted AGBfresh for the four monitored dates under pre- and
post-grazing conditions during 2024 and 2025. The figure illustrates the relative spatial distribution
of biomass classes within the study pasture based on the ARVI2-derived modelling framework.

3.2.2. Model Validation

In the independent validation subset (33% hold-out), model performance showed
patterns generally consistent with those observed during calibration (Section 3.2.1). Several
visible-band, atmosphere-resistant, contrast-based, and soil-adjusted indices remain among
the best AGB predictors in the pooled validation dataset (Table 3, Figure 7). Validation
metrics were computed on the hold-out subset pooled across the 2024 and 2025 seasons,
providing an overall assessment of model performance across contrasting biomass ranges.

For AGBfresh, the highest validation R2 values were obtained with EVI2 and ARVI2
(R2 = 0.89), although ARVI2 provided a lower RMSE (2047 g m−2) than EVI2 (2484 g m−2)
(Table 3, Figure 4). GOSAVI also showed high explanatory power (R2 = 0.87), but
with a markedly higher RMSE (3759 g m−2), indicating lower predictive precision.
Among the visible-band indices, NGRDI and GRVI were particularly competitive, with
R2 = 0.86 and RMSE = 2008 g m−2, while GI showed a similar performance (R2 = 0.86;
RMSE = 2099 g m−2).

For AGBdry, validation accuracy remained high for several indices. EVI and EVI2 both
reached R2 = 0.86, with RMSE values of 1551 and 1662 g m−2, respectively, whereas DVI and
PVI reached R2 = 0.87 but showed higher prediction errors (RMSE = 1838 g m−2) (Table 3,
Figure 5). Among the visible-band indices, NGRDI and GRVI showed one of the best
overall performances, with R2 = 0.85 and RMSE = 1371 g m−2, while GI also remained stable
(R2 = 0.84; RMSE = 1432 g m−2). RDVI provided a similar result in terms of explanatory
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power (R2 = 0.85), but with a higher RMSE (1565 g m−2). Soil-adjusted indices showed
moderate validation performance compared with the best visible-band and atmospherically
resistant indices. SAVI2 and TSAVI reached R2 = 0.82 and RMSE = 2143 g m−2 for AGBdry,
while GOSAVI reached R2 = 0.82 and RMSE = 2578 g m−2, and OSAVI reached R2 = 0.80
and RMSE = 3388 g m−2. For AGBfresh, GOSAVI showed high R2 (0.87), although with
a relatively high RMSE (3759 g m−2), whereas SAVI2 and TSAVI reached R2 = 0.82 and
RMSE = 3214 g m−2.

Overall, validation results indicated that a limited group of visible-band, atmospheri-
cally resistant, and contrast-based indices provided the most robust biomass predictions
across the pooled dataset (Table 3; Figure 7).

Table 3. Comparison between the AGB (AGBfresh and AGBdry) estimated from the developed models
and the AGB values measured in the field. For each VI, the R2 and RMSE (g m−2) from the models’
validation are reported.

Group Fresh Validation Dry Validation
Index Equation R2 RMSE Equation R2 RMSE

NIR–Red

NDVI 0.9619x 0.82 2047 1.0761x 0.80 1462
SR 0.8599x 0.81 2253 0.8596x 0.78 1598

DVI 0.6866x 0.85 2809 0.6866x 0.87 1838
IPVI 0.8855x 0.82 2150 0.9876x 0.80 1462

MNDVI 0.9474x 0.82 2119 1.0609x 0.79 1501

NIR–Green GNDVI 1.2343x 0.70 2811 1.3878x 0.66 2044

Contrast

RDVI 0.7803x 0.86 2269 0.7627x 0.85 1565
RTVI 0.8833x 0.55 3335 0.9376x 0.52 2280
PVI 0.6866x 0.85 2809 0.6866x 0.87 1838

WDRVI 0.8828x 0.83 2121 0.8472x 0.81 1537

Atmospherically resistant

EVI 0.7687x 0.86 2322 0.7594x 0.86 1551
EVI2 0.8404x 0.89 2484 0.7287x 0.86 1662

ARVI2 0.944x 0.89 2047 1.0762x 0.80 1462
GEMI −0.4231x 0.46 11,754 0.9066x 0.45 2438

Soil-adjusted

SAVI 0.2407x 0.70 13,265 0.2709x 0.74 7743
SAVI2 0.6477x 0.82 3214 0.6447x 0.82 2143
OSAVI 0.4752x 0.78 5333 0.4895x 0.80 3388
MSAVI 188.86x 0.63 4796 126.81x 0.64 3325

GOSAVI 0.8768x 0.87 3759 0.5771x 0.82 2578
TSAVI 0.6477x 0.82 3214 0.6447x 0.82 2143

Red-edge/Chlorophyll
NDRE 0.9097x 0.82 2161 1.022x 0.80 1483
Cl_RE 188.86x 0.63 4724 126.81x 0.64 3325

MSRRE 0.8173x 0.83 2274 0.8111x 0.80 1621

VIS

NGRDI 0.853x 0.86 2008 0.8532x 0.85 1371
GLI 1.1953x 0.78 2399 1.1547x 0.77 1610

GRVI 0.853x 0.86 2008 0.8532x 0.85 1371
GI 0.8306x 0.86 2099 0.8334x 0.84 1432

GCI 0.8704x 0.71 2733 2.9346x 0.59 3483
CVI 0.9512x 0.49 3527 0.9532x 0.48 2363

Water/Pigment-stress NDWI 1.2341x 0.70 2811 1.388x 0.66 2045
SIPI2 1.0746x 0.79 2288 1.2099x 0.76 1688

Triangular/Geometry-
based

TriVI 0.6397x 0.84 3214 0.6796x 0.86 1875
TVI 1.0953x 0.83 2066 1.2181x 0.80 1542
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Figure 7. Correlation between R2 and RMSE (g m−2) obtained in the validation process for AGBfresh

(A) and AGBdry (B). Metrics are computed on the 33% validation subset pooled across 2024 and 2025
(models trained on the 66% calibration set).

4. Discussion
The strong interannual contrast observed in ground-measured biomass highlights the

sensitivity of Mediterranean pastures to seasonal rainfall distribution and water availability.
The higher rainfall recorded during the 2024–2025 season, particularly during the autumn–
early spring period, likely contributed to the markedly greater biomass values observed in
2025. This broader biomass range was useful for testing UAV-derived spectral relationships
under contrasting pasture conditions, including both low-biomass post-grazing conditions
and dense pre-grazing canopy cover.

After inter-sensor harmonization, calibration and validation performances were dis-
tributed across different vegetation-index families, including visible-band, soil-adjusted,
red-edge/chlorophyll, atmospherically resistant, and contrast-based indices, rather than
being restricted to a single group. This behavior indicates that soil-adjusted indices, ex-
plicitly developed to reduce the influence of soil brightness and background contributions
in the red–NIR feature space, remain relevant under heterogeneous cover and partial ex-
posure of bare soil, but that visible-band greenness indices may perform equally well or
better under the observed pasture conditions [53]. Likewise, EVI2 was introduced to retain
improved sensitivity relative to NDVI while avoiding the blue band, which supports stable
performance in multispectral UAV workflows [50].

The validation results also showed that the best-performing index depended on the
target biomass variable and on the balance between explained variance and prediction
error. For AGBfresh, ARVI2 combined the highest validation R2 with a lower RMSE than

https://doi.org/10.3390/rs18101594

https://doi.org/10.3390/rs18101594


Remote Sens. 2026, 18, 1594 15 of 20

EVI2, whereas visible-band indices such as NGRDI, GRVI, and GI showed similarly strong
and stable performance. For AGBdry, NGRDI and GRVI provided the lowest validation
RMSE, despite EVI, EVI2, DVI, and PVI reaching comparable or slightly higher R2 values.
Therefore, model selection should not be based only on R2, but should also consider RMSE,
especially when models are intended for operational biomass estimation.

The strong performance of visible-band greenness indices is particularly relevant from
an operational perspective. These indices are simple to compute and rely on spectral regions
that are commonly available across UAV sensors. Their competitive performance suggests
that biomass variability in this pasture could be captured effectively even without relying
exclusively on NIR-based combinations. In contrast, several conventional NIR-based
indices showed only moderate performance, probably reflecting the combined influence
of canopy density, soil exposure, and saturation effects across the wide biomass range
considered in the study.

Additionally, other UAV-based pasture studies [70,71] reported that vegetation indices
can provide reliable biomass estimates, although model robustness may be influenced by
sward heterogeneity and background effects and may improve when spectral predictors
are combined with UAV-derived structural metrics, such as sward height. In the present
study, most high-performing soil-adjusted indices were best described by exponential
relationships for both AGBfresh and AGBdry. This pattern is consistent with a progressive
loss of sensitivity at higher canopy densities. Specifically, exponential models capture a
rapid response at low–intermediate biomass followed by a flattening at high VI values,
whereas linear models imply a more uniform sensitivity across the observed range [49,56].

From an ecological perspective, the observed model behaviour is consistent with the
structural and management characteristics of the study pasture [54]. Grazing reduced
canopy biomass and increased the exposure of soil and shadowed background elements,
especially under post-grazing conditions, thereby increasing spectral heterogeneity within
the field [72]. Under these conditions, indices based on visible-band greenness and soil-
adjusted formulations may retain good sensitivity because they respond not only to canopy
vigour but also to changes in background contrast and partial cover [45,68]. Comparable
background effects on VI performance have been documented in rangeland studies, where
OSAVI offered more reliable biomass/cover estimates than NDVI under sparse vegetation
and high soil exposure [73]. UAV-based grazing experiments also reported that increased
soil background after grazing altered spectral responses and can potentially limit the
sensitivity of traditional indices, supporting the use of approaches that reduce background
influence [74].

In addition, the marked biomass differences between the two monitored growing sea-
sons suggest that canopy density and vertical structure also influenced index performance,
with denser and more productive conditions likely increasing the risk of saturation for
some conventional NIR-based indices. These ecological and structural factors help explain
why no single index was universally superior across all conditions and why a small group
of robust indices performed more consistently across seasons and grazing phases.

Overall, these findings support the selection of a small set of operationally useful
candidate indices rather than a single universally superior predictor. This is important
for practical pasture monitoring because index selection may need to be adapted to the
target biomass variable, sensor configuration, and management objective. The proposed
workflow has the advantage of being simple, interpretable, and compatible with routine
UAV acquisitions. Compared with approaches based on multiple predictors, structural
metrics, or machine-learning algorithms, single-index empirical models require fewer input
variables and are easier to interpret at the farm scale. However, this simplicity also involves
some limitations. Broader validation across additional sites, seasons, pasture types, and

https://doi.org/10.3390/rs18101594

https://doi.org/10.3390/rs18101594


Remote Sens. 2026, 18, 1594 16 of 20

grazing intensities is required to strengthen model transferability. Although inter-sensor
harmonization was applied, the use of two different UAV multispectral systems may still
introduce residual uncertainty. Future studies should therefore assess whether lightweight
multivariate approaches, structural descriptors, or environmental covariates can improve
prediction reliability without compromising operational simplicity.

5. Conclusions
This study demonstrated that multispectral UAV imagery can provide a promising and

interpretable approach for estimating fresh and dry above-ground biomass (AGBfresh and
AGBdry, respectively) in a semi-arid Mediterranean Hedysarum coronarium (“Sulla”) pasture
managed under rotational grazing using a simple single-index approach. Validation on
an independent hold-out subset confirmed good model performance across contrasting
grazing phases and growing seasons, with several indices showing competitive results
rather than a single universally superior predictor. In particular, EVI2, RDVI, GOSAVI,
NGRDI, and GI emerged among the most reliable candidates, depending on the target
biomass variable and the balance between explained variance and prediction error.

Strengths of the proposed workflow include low computational complexity, inter-
pretability, and ease of replication with routine UAV flights, making it suitable for farm-
scale monitoring and spatial decision support. Compared with studies that integrate
structural descriptors, multiple predictors, or machine-learning approaches, the present
study prioritizes operational simplicity and transparency while still delivering good pre-
dictive performance.

Limitations include non-negligible absolute prediction errors across the widest
biomass ranges, sensitivity to soil/shadow/background effects under post-grazing hetero-
geneity, and potential saturation at high canopy density.

In addition, model comparison was restricted to single-index linear and exponential
regressions. Although this choice was consistent with the objective of testing a simple and
interpretable UAV-based workflow, alternative multivariate approaches such as multiple
linear regression may capture complementary information and should be assessed in future
research based on broader datasets. A further limitation is the relatively limited sample
size in relation to the number of evaluated vegetation indices, despite the use of simple
single-predictor models and independent validation. Although the results were consistent
enough to identify a restricted group of robust candidate indices, broader datasets covering
more dates, seasons, pasture types, and environmental conditions will be necessary to
strengthen model stability, transferability, and generalizability.

Future work should test the robustness of the proposed approach across additional
Mediterranean pasture systems and evaluate whether combining spectral indices with
lightweight structural information, environmental covariates, or multivariate modelling
strategies can improve prediction reliability without compromising field applicability
and interpretability.

Supplementary Materials: The following supporting information can be downloaded at https:
//www.mdpi.com/article/10.3390/rs18101594/s1. Figure S1: Cross-sensor radiometric calibration
between MicaSense RedEdge-MX and DJI Phantom 4 Multispectral bands. Relationship between
band reflectance values extracted from the two sensors (p_M3M vs. p_ALTUM) for the NIR, RedEdge,
Green, and Red bands. The dashed yellow line represents the fitted linear regression used to
harmonize the datasets acquired in different years; the equation and coefficient of determination (R2)
are reported in the figure. Table S1: Summary of the vegetation indices identified in the scientific
articles included in the present review and the formula for their calculation.
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