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ARTICLE INFO ABSTRACT

Keywords: Determining pasture productivity and nutritional value through non-destructive approaches aimed at optimizing
Crude protein prediction forage resource management and improving efficiency in livestock systems has become an urgent priority. In this
Dry matter

context, the objective of this study was to evaluate the performance of machine learning models in predicting
biomass production and the nutritional contribution of different pasture species, as well as to assess the role of
vegetation indices (VIs) in these predictions. To this end, a multispectral sensor mounted on a DJI Matrice 350
RTK platform was used, together with agronomic, yield, and nutritional variables. The curated dataset was
subsequently analyzed using linear and polynomial models, as well as tree-based algorithms and support vector
machines. Model validation was performed using a group-constrained random partitioning scheme (Group
Shuffle Split), with species considered as the grouping variable. Model interpretability was addressed through the
SHAP (SHapley Additive Explanations) framework. The results indicated better predictive performance for yield-
related variables compared to nutritional attributes. In particular, the Extra Trees model achieved the highest
coefficients of determination (R?). SHAP analysis revealed that the Visible Atmospherically Resistant Index
(VARI) contributed more strongly to yield-related predictions, whereas the Normalized Difference Red Edge
(NDRE) showed a more consistent contribution to nutritional variables. In conclusion, these findings highlight
the potential of integrating vegetation indices and machine learning models as effective tools for forage man-
agement, supporting informed decision-making in livestock production systems.
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1. Introduction 443.71 ha; however, their management remains limited, as only 9% of

these areas are managed pastures, which limits productivity and land

Pastures represent the primary food resource for livestock, supply
essential nutrients in livestock production systems [1]. Globally, these
ecosystems occupy approximately 70% of arable land [2] and perform
key functions such as biodiversity conservation, soil structure
improvement, erosion prevention [3,4], water conservation, and carbon
sequestration [4]. Likewise, grasslands have the potential to contribute
to the achievement of sustainable development goals, reflecting their
relevance to the environment, economic growth, and community resil-
ience [5]. In the Peruvian context, in 2025 pastures covered 26,050,
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use efficiency [6]. In addition, there is a critical need for accurate,
non-destructive tools that enable timely estimation of both forage
biomass and nutritional quality under tropical conditions.
Conventional pasture sampling methods, which rely on in situ
assessment of morphophysiological traits, productive variables, and
nutritional contribution, are labor-intensive, time-constrained, and
insufficient to support precision-based pasture management [7,8].
Consequently, they are inadequate for high-frequency monitoring,
particularly in tropical environments where rapid phenological changes,
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structural heterogeneity, and regrowth dynamics compromise the reli-
ability of productivity and nutritive value estimations. On the other
hand, the integration of machine learning (ML) into agriculture has
enabled more accurate crop yield predictions and data-driven deci-
sion-making [9]. Likewise, remote sensing techniques, particularly
those based on multispectral imagery acquired through unmanned
aerial vehicles (UAVs) and satellite platforms, have emerged as prom-
ising alternatives for pasture monitoring [10,11]. Vegetation indices
(VIs) derived from multispectral imagery, such as the Normalized Dif-
ference Vegetation Index (NDVI), have been widely used to estimate
biomass and canopy characteristics; however, NDVI and other VIs tend
to saturate at high biomass levels, thereby reducing their sensitivity
[12]. In contrast, red-edge-based VIs have demonstrated greater sensi-
tivity to canopy structural changes, offering potential advantages for
estimating both biomass and forage quality; nevertheless, their effec-
tiveness in predicting nutritional parameters such as crude protein (CP),
crude fiber (CF), and ash remains inconsistent [13], particularly in
tropical systems.

Likewise, advances in machine learning (ML) have expanded the
capacity to model both linear and nonlinear relationships between
spectral predictors and agronomic responses. Tree-based algorithms,
such as Random Forest (RF), have demonstrated robustness to multi-
collinearity and nonlinear effects [14]. However, most studies on
pasture monitoring have focused primarily on biomass estimation,
limiting the understanding of the comparative performance of different
ML algorithms across tropical forage species and multiple phenological
stages. Furthermore, although remote sensing represents a valuable tool
for optimizing pasture management, its application to decision-making
processes such as determining optimal cutting age remains insuffi-
ciently explored. Early harvesting generally produces forages with
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higher protein content and lower fiber concentration, whereas delayed
cutting increases accumulated biomass but reduces digestibility and
overall nutritional quality [15].

Similarly, the assessment of key nutrients such as protein, ether
extract, fiber, and minerals is essential for selecting forage species that
more efficiently meet livestock nutritional requirements and enhance
animal productivity [1]. In this context, the present study evaluated the
performance of machine learning models based on vegetation indices to
estimate green forage yield (kg ha™), dry matter yield (kg ha™), and
nutritional composition (crude protein, ether extract, crude fiber, and
ash) in six tropical grass species. By providing a multispecies assessment
of UAV-based monitoring, this study contributes to precision livestock
management and expands the understanding of the capabilities and
limitations of spectral-nutritional modeling in tropical pasture systems.

2. Methodology
2.1. Study area

The study area was located at the geographic coordinates
5°40'35.12" latitude and 78°46'32.82" longitude, within the tropical
pasture agrostological garden at the Yanayacu Experimental Center of
the instituto Nacional de Innovacién Agraria (INIA), situated in the
district of Jaén, province of Jaén, Cajamarca region, northern Peru, at an
altitude of 727 m above sea level (Fig. 1). The evaluated area is char-
acterized by predominantly flat topography and slightly alkaline clay
loam soils (pH = 7.8). Soil chemical analysis, performed on composite
samples collected at a depth of 0 to 20 cm, revealed a total nitrogen
content of 1.05 mg g, available potassium of 92.31 mg kg™, and
available phosphorus of 18.31 mg kg™'. Laboratory determinations were

Fig. 1. Map showing the location and spatial distribution of sampling units in the tropical grass agrostological garden at the Yanayacu Experimental Center,
belonging to the National Institute for Agricultural Innovation (INIA). a) Experimental plot comprising the sampling units, organized randomly according to the days
established for evaluation. b) Spatial distribution of the experimental plots within the study area. The map was produced by the authors using open-access geospatial
resources. Provincial and district boundaries were obtained from the Geoportal of the Instituto Geografico Nacional del Pert (IGN) (https://www.idep.gob.pe/geovis
or/VisorDeMapas-3D/) in shapefile format, referenced to the WGS 1984 datum. This map is provided for illustrative purposes only.
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conducted at the Red de Laboratorios de Suelos, Aguas y Foliares
(LABSAF Yanayacu), accredited under the NTP-ISO/IEC 17,025:2017
standard, thereby ensuring analytical traceability and quality assurance
of the results.

The climate of the study area is semi-dry characterized by high
relative humidity throughout the year [16]. The study was conducted
from October 2024, when the pasture establishment cut was performed,
through January 2025. During the evaluation period, temperatures
ranged from 20.1 to 37.1 °C, with minimal precipitation between
October and mid-November and regular to heavy rainfall from
December to January (Fig. 2). These data were obtained from the Jaén
meteorological station of the Servicio Nacional de Meteorologia e
Hidrologia del Perti (SENAMHI), located 200 m from the tropical
pasture agrostological garden, at 5°40'35.99" latitude and 78°46'27.05"
longitude.

A randomized complete block design (RCBD) was implemented to
evaluate six forage grass species under six cutting frequencies, with
three replicates, resulting in a total of 108 experimental units (6 species
x 6 cutting frequencies x 3 replicates). Each experimental unit consisted
of a 1 m? quadrat demarcated to facilitate the assessment of response
variables. The species evaluated were Brachiaria decumbens (Brachiaria
decumbens), Brachiaria marandd (Brachiaria brizantha cv. Marandu),
Brachiaria mavuno (Brachiaria hybrida cv. Mavuno), Brachiaria Mulato
II (Brachiaria hybrida cv. Mulato II), Purple King Grass (Pennisetum
purpureum X Pennisetum typhoides), and Tanzania (Panicum
maximum cv. Tanzania). All grasses were established by continuous row
seeding, with 80 cm spacing between rows. No fertilization or pest
management practices were applied; however, drip irrigation was sup-
plied three times per week during the dry season. Six cutting frequencies
were evaluated for each species: 28, 42, 56, 70, 84, and 98 days after the
establishment cut. At the time of evaluation, pastures were at least six
months old after sowing; this criterion was adopted to ensure adequate
regrowth following the establishment cut.

The map was produced by the authors using open-access geospatial
resources. Provincial and district boundaries were obtained from the
Geoportal of the Instituto Geografico Nacional del Pert (IGN). (https
://www.idep.gob.pe/geovisor/VisorDeMapas-3D/) in shapefile format,
referenced to the WGS 1984 datum. This map is provided for illustrative

Smart Agricultural Technology 14 (2026) 102229

purposes only.

2.2. Methodological workflow

The methodological workflow of this study was divided into two
phases: data collection and data analysis, which are described below.

2.2.1. Data acquisition

2.2.1.1. Multispectral data acquisition. Multispectral data were acquired
using a MicaSense RedEdge-P multispectral sensor mounted on a DJI
Matrice 350 RTK unmanned aerial vehicle (UAV). Specifically, this
sensor incorporates a reflectance panel for radiometric calibration under
field conditions, as well as a downelling light sensor (DLS) designed to
record irradiance and solar angle during flights. In addition, it integrates
a high-spatial resolution panchromatic band that enables the generation
of pan-sharpened imagery. According to the manufacturer’s specifica-
tions, the system is capable of producing imagery with a spatial reso-
lution of approximately 2 cm at a flight altitude of 60 m. Furthermore,
the sensor captures data across five multispectral bands: Blue (475 nm
center wavelength, 32 nm bandwidth), Green (560 nm center, 27 nm
bandwidth), Red (668 nm center, 14 nm bandwidth), Red Edge (717 nm
center, 12 nm bandwidth), and Near-Infrared (842 nm center, 57 nm
bandwidth). To ensure geospatial accuracy, four ground control points
were surveyed using a South Galaxy G7 GNSS receiver. Flight missions
were conducted under cloud-free atmospheric conditions between 10:00
and 14:00 h, at an altitude of 15 m above ground level and a constant
flight speed of 2 m s7!, with both lateral and frontal overlap set at 70%. A
total of six flights were carried out, corresponding to each cutting in-
terval (28, 42, 56, 70, 84, and 98 days after the establishment cut).
The multispectral images were processed using Agisoft Metashape
Professional v.2.2.1 software. This process included photo alignment,
adjustment with four ground control points, dense point cloud genera-
tion, digital elevation model (DEM) construction, and the creation of a
multiband orthomosaic of the evaluation plots with an average pixel size
of 0.6 cm. Finally, the orthomosaic was analyzed in ArcGIS Pro v. 3.5
software, which produced vegetation indices (VIs) (Table 1). For each
experimental plot, the VIs values were averaged within the evaluated
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Fig. 2. Climate dynamics of the study area for the period between October 2024 and January 2025. The data were obtained from the Jaén weather station, which
belongs to the Servicio Nacional de Meteorologia e Hidrologia del Perti (SENAMHI).



J. Tafur-Culqui et al.

Smart Agricultural Technology 14 (2026) 102229

Table 1
Vegetation indices (VIs) obtained with the MicaSense Red-Edge-P coupled to a DJI Matrice 350 RTK from DJI.
Number Variable (Symbol) Meaning Equations Reference
1 EVI Enhanced vegetation index EVI — 2.5 NIR — RED [17]
~ 7" (NIR + 6RED — 7.5BLUE) + 1
2 GNDVI Green normalized difference vegetation index GNDVI — NIR — GREEN [18]
~ NIR + GREEN
. o A .
3 MSAVI Modified soil adjusted vegetation index MSAVI — 0.5(2NIR+ 1_ \/(ZNIR 1> —8(NIR— RED)) [19]
4 NDRE Normalized difference red edge index NIR — RED,qge [20]
NDRE = ——————
NIR + RED,qg
5 NDVI Normalized difference vegetation index NDVI — NIR — RED [21]
" NIR + RED
6 OSAVI Optimized soil adjusted vegetation index OSAVI — NIR — RED [22]
" NIR+RED +0.16
7 SAVI Soil adjusted vegetation index -~ NIR — RED [23]
SAVI = 15Nk +RED+0.5
8 VARI Visible atmospherically resistant index VARI — GREEN — RED [24]

GREEN + RED — BLUE

Note: The spectral bands used in the calculation of vegetation indices correspond to the BLUE, GREEN, RED, near-infrared (NIR), and red Edge (RED.4gc) bands.

quadrant to obtain representative spectral metrics. The VIs were
selected based on the study by [12], which emphasizes the indicesmost
commonly used to calculate biomass and nutritional quality of forages.

2.2.1.2. Agronomic data acquisition. For each cutting frequency, a non-
destructive morphometric measurements and relative chlorophyll as-
sessments were conducted within a 1 m? quadrat established inside each
experimental unit. The variables recorded included plant height (cm),
number of clump density (clumps m~2), number of tillers per clump, leaf
length (cm), leaf width (cm), and relative chlorophyll content (SPAD
units). Within each quadrat, three clumps were selected to represent the
average canopy condition while minimizing border effects. Clumps
exhibiting mechanical damage or visible stress symptoms were
excluded. For each clump, three independent readings per variable were
obtained to reduce intra-individual variability and enhance measure-
ment precision. Plant height was measured from ground level to the
apical meristem, excluding inflorescences when present. Leaf length and
width were determined on fully expanded leaves located in the upper
third of the canopy. Relative chlorophyll content was measured using a
portable SPAD-502DL Plus meter (Konica Minolta, Japan), with read-
ings taken at the central portion of the same leaf used for morphometric
measurements and between 10:00 a.m. and 2:00 pm. to minimize
diurnal variability. Relative chlorophyll content was measuredusing a
portable SPAD 502DL Plus equipment (Konica Minolta, Japan). Mea-
surements were first averaged at the clump level and subsequently
across the three sampled clumps to obtain a representative value per
experimental unit and evaluation date. This procedure ensured corre-
spondence with UAV-derived vegetation indices calculated at the
quadrat scale.

2.2.1.3. Yield data acquisition. After completing the morphometric
evaluation at each phenological stage, destructive sampling was con-
ducted. To determine both fresh forage yield and dry matter yield, all
aboveground biomass contained within the 1 m* quadrat was cut at a
height of 10 cm above ground level. The fresh weight of the harvested
biomass was recorded immediately after cutting using a previously
calibrated digital balance. Although biomass was collected at the
quadrat scale (1 m?), yield values were initially expressed in kg m~? and
subsequently converted to kg ha™ to facilitate agronomic interpretation
and comparison with conventional forage productivity metrics. To
determine the dry matter (DM) percentage, a representative 500 g
subsample was taken from the previously homogenized fresh biomass of
each quadrat and replication. The subsamples were dried in a forced-air
oven (Memmert UF260 Universal Oven, Memmert GmbH, Germany) at
105 °C for 24 h, or until constant weight was achieved, following the
procedures established by the Association of Official Analytical Chem-
ists (AOAC 950.46) [25]. The dry matter percentage was calculated as

the ratio between dry weight and fresh weight, as shown in Eq. (1),
where DM (%) represents the percentage of dry matter, DW corresponds
to dry weight (g), and FW represents fresh weight (g). Finally, dry matter
yield (kg ha™) was estimated by multiplying the fresh forage yield by the
corresponding dry matter percentage.

DW
DM (%) = Z-x100 )}

2.2.1.4. Nutritional data acquisition. For nutritional analysis, an addi-
tional subsample independent from that used for dry matter determi-
nation was collected from the homogenized fresh biomass of each
quadrat. This subsample was dried in a forced-air oven at 65 °C for 48 h
until reaching approximately 7% residual moisture, a temperature
commonly used in forage analysis to minimize thermal degradation of
nitrogenous compounds and other heat-sensitive constituents. The dried
material was subsequently ground and passed through a 1 mm sieve to
obtain a uniform particle size suitable for laboratory analysis. The
nutritional composition of the forage samples was determined by the
“Laboratorio de evaluacion nutricional de alimentos (LENA)” of the
“Universidad Nacional Agraria La Molina”, Peru; following protocols
established by the Association of Official Analytical Chemists (AOAC)
[26]. The procedures used to determine the nutritional value of the
pastures are detailed below.

2.2.1.4.1. Crude protein analysis. Crude protein content was deter-
mined using the Kjeldahl method (AOAC 984.13) [27]. Prior to analysis,
catalysts and indicators were prepared, and the hydrochloric acid so-
lution (0.05 N HCI) was standardized using sodium carbonate (Na2COsz)
as a primary standard. Samples were oven-dried in a forced-air oven
(VENTICELL, 111 L, digital temperature control), then ground and ho-
mogenized. Approximately 0.2 g of dry sample was weighed in duplicate
using an analytical balance (Elicrom, 0.1 mg precision) with a protective
enclosure. Digestion was performed in a protein digestion unit by adding
concentrated sulfuric acid (H2SO4) and a catalyst mixture (K=SO4 and
CuSO0a), followed by heating at 420 °C for approximately 120 min under
a fume hood until a clear solution was obtained. Ammonia distillation
was subsequently carried out by adding 50% sodium hydroxide (NaOH)
using a manual distillation unit. The released ammonia was captured in
a boric acid solution (HsBOs) containing mixed indicators (methyl red
and bromocresol green). The distillate was then titrated with 0.05 N HCl
until the endpoint was reached. Reagents were dispensed using volu-
metric dispensers to ensure precision. Quality control included acid
standardization, reagent blanks to correct for external nitrogen contri-
butions, and duplicate analyses to assess method repeatability.

2.2.1.4.2. Ether extract analysis. Ether extract was quantified using a
continuous solvent extraction method with a Soxhlet apparatus (AOAC
2003.05) [28]. The initial weight (tare) of 250 mL round-bottom flasks,
previously cleaned and dried, was recorded. Samples were weighed in
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duplicate on grease-free filter paper (Whatman No. 1) using an analyt-
ical balance (Elicrom, 0.1 mg precision). The samples were placed in the
Soxhlet apparatus and extracted with hexane as the organic solvent for
approximately 3 h, allowing the solubilization and recovery of lipid
compounds. After extraction, the solvent was recovered, and the flasks
were dried in a forced-air oven (VENTICELL, 111 L) to completely
remove residual hexane. The flasks were then cooled in a desiccator
containing silica gel for 20 min to prevent moisture absorption. Ether
extract content was determined gravimetrically as the difference be-
tween initial and final flask weights. Quality control procedures
included duplicate analyses, the use of grease-free filter paper to prevent
contamination, verification of complete solvent evaporation, stabiliza-
tion in a desiccator, and periodic calibration of the analytical balance.

2.2.1.4.3. Crude fiber analysis. Crude fiber was determined by
sequential acid and alkaline digestion [29]. Dried and ground samples
were first defatted using a Soxhlet apparatus with hexane to remove
lipids that could interfere with the analysis. The samples were then
digested in a fiber digestion unit using sulfuric acid (H2SO4), followed by
sodium hydroxide (NaOH), under controlled boiling conditions and
within a fume hood. After each digestion step, the residue was filtered
and washed until neutral pH was achieved. The resulting material was
dried in a forced-air oven (VENTICELL, 111 L) at 105 °C and weighed
using an analytical balance (Elicrom, 0.1 mg precision). It was subse-
quently incinerated in a muffle furnace at 600 °C to remove organic
matter. Crude fiber content was calculated as the difference between the
dried residue and the ash obtained. Quality control included duplicate
analyses to ensure repeatability, strict control of digestion times, reagent
concentrations, and boiling conditions, as well as prior defatting and
final ashing to ensure that only the structural fiber fraction was
quantified.

2.2.1.4.4. Ash analysis. Ash content was determined by dry ashing
in a muffle furnace as an indicator of total mineral content [30]. Be-
tween 1.5 and 2.0 g of dry sample was weighed in duplicate into
pre-calcined and tared porcelain crucibles. Samples were incinerated at
700 °C for 5-7 h until a white or light gray residue was obtained, indi-
cating complete combustion of organic matter. The crucibles were then
removed using tongs and placed in a desiccator containing silica gel for
approximately 20 min to prevent moisture absorption. Final weights
were recorded using an analytical balance, and ash content was calcu-
lated gravimetrically. Quality control included duplicate analyses,
verification of complete incineration (absence of carbonized residues),
constant weight determination to ensure complete removal of organic
matter, use of a desiccator to prevent moisture variation, and regular
calibration of the analytical balance and thermal stability of the muffle
furnace.

2.2.2. Data analysis

Statistical analyses were performed using Python version 3.10 within
the Google Colaboratory execution environment, employing the
following libraries: NumPy [31], pandas [32], matplotlib [33],
scikit-learn [34], seaborn [35], scipy [36], skbio [37] y scikit-posthocs
[38]. The dataset, which integrated vegetation indices (Table 1), agro-
nomic variables, yield variables, and nutritional parameters (Table 2),
was subjected to the Shapiro-Wilk normality test. For this analysis, a
p-value > 0.05 was considered indicative of a normal distribution.

2.2.2.1. Criteria for selecting predictive variables. The selection of pre-
dictor variables (VIs) was performed using principal component analysis
(PCA), complemented by Spearman’s correlation analysis. PCA loadings
were used to identify the most influential variables within the first three
principal components (PC). Subsequently, to detect potential re-
dundancies and mitigate collinearity, Spearman’s correlation co-
efficients were evaluated. Based on this combined approach, VIs
exhibiting the highest loadings across the first three principal compo-
nents and the lowest degree of intercorrelation were selected.

Smart Agricultural Technology 14 (2026) 102229

Table 2
Types of variables, variables, abbreviations, and units of measurement for the
study variables.

Variable type Variable Abbreviation Unidad

Agrondmics (AV) Chlorophyll (relative value) CL SPAD
Clumps Clumps -
Leaf length LL cm
Leaf width Lw cm
Plant height pH cm
Tillers Tillers -

Yield (YA) Dry matter yield DMY kg ha™!
Green forage yield GF kg ha™!
Percentage of dry matter DM %

Nutritional (NV) Ash ASH %
Crude fiber CF %
Crude protein Ether extract CP %
Ether extract EE %

Note: The variables “Clumps” and “Tillers” are defined as the numerical values
obtained in the assessment area.

Subsequently, a descriptive analysis of both predictor and response
variables was conducted. For this purpose, the non-parametric Kruskal-
Wallis test was applied to compare pasture species for each variable as a
function of evaluation days (28, 42, 56, 70, 84, and 96 days), using
significance thresholds of p < 0,05 (*), p < 0,01 (**) y p < 0001 (***).
To complement this analysis, Dunn’s post hoc test with Bonferroni
correction was performed to identify significant differences between
pairs of groups (p < 0.05), and boxplots were generated for the VIs. To
characterize the behavior of agronomic, yield, and nutritional variables
throughout the evaluated period, trend lines were constructed, where
each line represents the mean value at each evaluation date, and the
adjacent shaded area denotes the standard error of the mean (SEM).

2.2.2.2. Implementation of predictive models. The response variables
were classified into two groups. The first group comprised production-
related parameters, including dry matter yield (kg ha™), dry matter
percentage, and fresh forage yield (kg ha™). The second group included
nutritional variables such as crude protein (CP), ether extract (EE),
crude fiber (CF), and ash content (ASH).

Given that measurements were collected at multiple time points (28,
42, 56, 70, 84, and 98 days), the dataset (predictor and response vari-
ables) was reshaped from a wide to a long format, allowing temporal
observations to be integrated into a unified structure suitable for lon-
gitudinal analysis. Additionally, new categorical variables were gener-
ated, including base species and their functional grouping (Brachiaria
spp., Tanzania, and King Grass). This approach was motivated by the
fact that, in agricultural contexts, the presence of correlated predictors
and limited sample sizes can compromise model stability, particularly
when data are distributed across multiple categories [39]. In this regard,
species within the genus Brachiaria share physiological and morpho-
logical similarities, supporting their aggregation into a single group.
Accordingly, the Brachiaria spp. group included Brachiaria decumbens,
Brachiaria hybrid cv. Mavuno, Brachiaria brizantha cv. Marandd, and
Brachiaria hybrid cv. Mulato II. This strategy facilitated the capture of
general patterns and reduced species-specific variability, thereby mini-
mizing noise in predictive models.

Data preprocessing included the removal of observations with
missing values in both predictor and response variables. Only subsets
with at least 20 valid observations were retained to ensure statistical
stability during model training. Subsequently, a range of regression al-
gorithms representing different learning paradigms was evaluated: a)
linear models, including Ridge regression, Elastic Net, and polynomial
regression (degree 2 with Ridge regularization); b) non-parametric dis-
tance- and kernel-based models, including K-Nearest Neighbors (KNN)
and Support Vector Regression (SVR); c) tree-based methods, such as
Random Forest and Extra Trees; and, d) boosting approaches including
Extreme Gradient Boosting (XGB). For scale-sensitive models (Ridge,
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Elastic Net, K-Nearest Neighbors, Support Vector Regression, and
polynomial regression), variables were standardized (zero mean and
unit variance) using transformations implemented within machine
learning pipelines. The evaluation of these diverse algorithms aimed to
compare different predictive frameworks capable of capturing the
complex dynamics of agricultural systems [40].

2.2.2.3. Evaluation and selection of predictive model. Model validation
was performed using a repeated random partitioning scheme with group
constraints (Group Shuffle Split). In this approach, the variable “species”
was used as the grouping criterion, ensuring that observations belonging
to the same species were not simultaneously included in both training
and testing sets. A total of 100 independent random splits were gener-
ated, in which 80% of the data were allocated for training and 20% for
validation. This strategy reduced the bias associated with a single data
partition and provided more stable estimates of predictive performance,
while preventing information leakage between datasets [34].

To assess the performance of the predictive models, the coefficient of
determination (R?) Eq. (2), the standard deviation of R?, the root mean
square error (RMSE) Eq. (3), and the normalized root mean square error
(NRMSE) based on the data range Eq. (4) were calculated, where Ypax
represents the maximum observed value, Ypi, the minimum observed
value, and N the sample size [41,42]. The R? metric indicates the pro-
portion of variation in the dependent variable explained by the inde-
pendent variables; a value of R? > 0.5 was established as indicative of
good model performance, meaning that the model explains >50% of the
data variability [43,44]. The analysis of R> was complemented by its
standard deviation, which allowed assessment of model stability across
multiple cross-validation splits. Meanwhile, the NRMSE quantifies
model error as a percentage of the observed data range; in this study,
simulation accuracy was classified as “excellent” when NRMSE ( 0.1,
“good” when values ranged between 0.1 and 0.2, “acceptable” when
between 0.2 and 0.3, and “poor” when NRMSE ) 0.3 [45].

2
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The best models were selected using a multi-metric approach,
prioritizing those with the highest coefficient of determination (R?) and
lowest standard deviation, supplemented by the normalized root mean
square error (NRMSE) as an additional performance criterion. To ensure
model interpretability, the SHAP (SHapley Additive Explanations)
method was used, which breaks down predictions into the individual
contributions of each variable. TreeExplainer was used for tree-based
models, and model-agnostic approaches were used for other algorithms.

3. Results
3.1. Variable selection

Variable selection was based on the factor loadings derived from
principal component analysis (PCA) and Spearman’s correlation anal-
ysis. PCA enabled the identification of the most influential vegetation
indices (VIs) within eachprincipal component (PC). In PC1, the indices
OSAVI and SAVI exhibited the highest contributions, in PC2, GNDVI and
VARI; whereas in PC3, NDRE was identified as the most influential index
(Fig. 3a and b). Overall, the first three PCs explained a cumulative
variance of 98.49% (Fig. 3a). Spearman’s correlation analysis revealed
strong associations among EVI, MSAVI, OSAVI, and SAVI, with co-
efficients exceeding 0.90, as well as between GNDVI and NDRE (r =
0.96) (Fig. 4). In this context, variables with lower inter-correlation
were selected to mitigate collinearity. Accordingly, the indices with
the highest factor loadings from each of the first three PCs were retained
(Fig. 3a and b). Furthermore, these indices represent distinct spectral
regions; for instance, OSAVI (PC1) captures soil-adjusted reflectance,
VARI (PC2) corresponds to the visible spectrum, and NDRE (PC3) rep-
resents the red-edge region. This selection enabled an integrated char-
acterization of canopy structure, chlorophyll content, and soil
background effects.

Asterisks indicate levels of statistical significance: p < 0.05 (*), p <
0.01 (**), p < 0.001 (***).

3.2. Temporal dynamics of vegetation indices, agronomic, yield, and
nutritional variables

The Chi-square test showed that the data were not normally
distributed; therefore, nonparametric tests were chosen. To determine
significant differences among groups, the Kruskal-Wallis test was used,
followed by Dunn’s post hoc tests to identify significant differences

b) Heatmap of PCA factor loadings
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Fig. 3. Principal component analysis (PCA) of vegetation indices (VIs). (a) Biplot representing the distribution of vegetation indices as a function of the first three
principal components, indicating the proportion of variance explained by each component. (b) Factor loadings of the vegetation indices corresponding to the first,

second and third principal components.
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Fig. 4. Spearman correlation matrix showing vegetation indices: EVI, GNDVI, MSAVI, NDRE, NDVI, OSAVI, SAVI, VARI; agronomic variables: relative chlorophyll
value (CL), clumps (CLUMPS), leaf length (LL), leaf width (LW), plant height (pH), tillers (TILLERS); yield variables: percentage of dry matter (DM), dry matter yield
(DMY), green forage yield (GF); and nutritional variables: ash (ASH), crude fiber (CF), crude protein (CP), ether extract (EE).

considering the following values: p < 0,05 (*), p < 0,01 (**) y p < 0001
(3’:*:’:).

3.2.1. Temporal dynamics of vegetation indices

The behavior of vegetation indices for each evaluated species by
assessment day is shown in Fig. 6. Regarding NDRE, a progressive in-
crease in normalized values was observed up to day 42, followed by a
slightly decreasing trend at later stages of the grass development
(Fig. 5a). In the case of OSAVI, significant differences among species
were observed, with B. decumbens and B. marandd exhibiting the
highest values (Fig. 5b).Finally, VARI showed marked variability among
species, with purple King Grass consistently presenting the lowest
normalized values throughout the evaluation period (Fig. 5c).

3.2.2. Agronomic, yield, and nutritional variables

Regarding agronomic, yield, and nutritional variables, significant
differences were observed across all variables and grass species (Sup-
plementary Table 1). Concerning chlorophyll value, significant differ-
ences (p < 0.05) were found among species throughout the evaluation
period; for example, at 28 days after the establishment cut, Brachiaria
mulato II and Tanzania showed significant differences compared to the
other grass species (Fig. 6a). Purple King grass stood out among the

species, exhibiting the highest chlorophyll levels (Fig. 6b). Regarding
the number of clumps, a progressive decrease was observed in most of
the evaluated species; however, purple King grass maintained relative
stability throughout all analyzed periods. Among the Brachiaria species,
Brachiaria decumbens had the lowest number of clumps, while Bra-
chiaria mavuno exhibited the highest value (Fig. 6b). For leaf length
(Fig. 6¢) and leaf width (Fig. 6d), a more pronounced growth pattern
was observed in Tanzania and purple King grass, which consistently
exceeded the other species at all assessment dates. Similarly, plant size
showed a parallel trend, again highlighting Tanzania and purple King
grass as the species with the greatest structural development throughout
the experiment (Fig. 6e). Finally, the number of tillers per clump
remained relatively constant over time (Fig. 6f). This result suggests
that, despite the reduction in total clump numbers, there is a tendency
for increased tiller production per plant unit, which could partially
compensate for the loss of individuals.

Regarding yield, it was observed that older grasses exhibited a higher
percentage of dry matter; however, slight decreases were noted in Bra-
chiaria mavuno (day 56), Brachiaria mulato II (day 70), and Tanzania
(day 70) when evaluating this parameter (Fig. 7a). Concerning dry
matter yield per hectare (Fig. 7b) and green forage yield (Fig. 7c¢), a
progressive increase in production was observed as the grasses aged.
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Similarly, an increase in crude fiber content was evident (Fig. 7d),
accompanied by a decrease in the percentage of ether extract (Fig. 7e)
and crude protein (Fig. 7f). However, purple King grass exhibited a
particular behavior. However, purple King grass exhibited a particular
behavior. Although an increasing trend was observed for most yield
parameters (percentage of dry matter, dry matter yield, and green forage
yield), the nutritional quality followed a different pattern, with purple
King grass showing a slight increase in protein levels (Fig. 7f).

3.3. Selection of predictive models by forage species

The machine learning models exhibited a high predictive capacity,
with normalized errors (NRMSE) classified as “excellent” and “good”. In
addition, the standard deviation of R? was in most cases, below 0.15,
indicating good stability and consistency of the predictive models for
estimating the target variables.

Tree-based algorithms (Extra Trees, Random Forest, and XGB)
consistently exhibited the best performance for yield-related variables,
including dry matter percentage, achieving R* values above 0.73 and
NRMSE below 0.17 across all three species (Fig. 8a). For dry matter yield
(kg ha™), the Extra Trees algorithm achieved the best performance with
R? values exceeding 0.77 and NRMSE below 0.14 (Fig. 8b). Similarly, for
fresh forage yield (kg ha™'), Extra Trees consistently outperformed the
other models attaining R* values of 0.73 for Brachiaria spp., 0.84 for
purple King grass, and 0.76 for Tanzania grass (Fig. 8c).

Regarding the nutritional composition of the grasses, the Extra Trees
algorithm again outperformed the other models. For ash content, Extra
Trees achieved R? values greater than 0.55 and NRMSE below 0.23 for
both purple King grass and Tanzania grass. In contrast, Brachiaria spp.
showed lower performance, with R?> = 0.43 and NRMSE = 0.17 (Fig. 9a).
Differences among species were also observed for crude fiber and crude

protein. For crude fiber, purple King grass exhibited the highest pre-
dictive performance, reaching R* = 0.79 and NRMSE = 0.17 (Fig. 9b). In
the case of crude protein, Extra Trees achieved its best performance in
Tanzania grass, with R? = 0.71 and NRMSE = 0.15 (Fig. 9¢). Regarding
ether extract, Extra Trees once again showed consistent results, with R?
values above 0.54 and NRMSE below 0.19 for both Brachiaria spp. and
purple King grass; however, in Tanzania grass, a lower performance was
observed (R? = 0.25) (Fig. 10).

The evaluated metrics included the coefficient of determination (R?)
with standard deviation and the normalized root mean square error
(NRMSE), both represented within the bars of the chart. The models
assessed were Extra Trees, Random Forest (RF), eXtreme Gradient
Boosting (XGB), K-Nearest Neighbors (KNN), Polynomial Regression
(PR), Ridge, Elastic Net, and Support Vector Regression (SVR). The best-
performing models for each species were highlighted using colored ar-
rows corresponding to the evaluated species: Brachiaria spp. (orange
arrow), purple King grass (green), and Panicum maximum cv. Tanzania
(blue).

The evaluated metrics included the coefficient of determination (R?)
with standard deviation and the normalized root mean square error
(NRMSE), both represented within the bars of the chart. The models
assessed were Extra Trees, Random Forest (RF), eXtreme Gradient
Boosting (XGB), K-Nearest Neighbors (KNN), Polynomial Regression
(PR), Ridge, Elastic Net, and Support Vector Regression (SVR). The best-
performing models for each species were highlighted using colored ar-
rows corresponding to the evaluated species: Brachiaria spp. (orange
arrow), purple King grass (green), and Panicum maximum cv. Tanzania
(blue).

The evaluated metrics included the coefficient of determination (R?)
with standard deviation and the normalized root mean square error
(NRMSE), both represented within the bars of the chart. The models
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Fig. 6. Temporal dynamics of agronomic variables for each species evaluated. The trend lines represent the mean value of the evaluations performed, while the
shaded region adjacent to each line indicates the Standard Error of the Mean (SEM) corresponding to the following variables: agronomic variables: a) relative
chlorophyll value (SPAD); b) clumps, c) leaf length (cm) d) leaf width (cm); e) plant height (cm); f) tillers. Each color in the boxplots represents a grass species:
Brachiaria decumbens (green), Brachiaria marandi (yellow), Brachiaria mavuno (brown), Brachiaria mulato II (orange), purple king grass (lilac), and Tanzania

(light blue).

assessed were Extra Trees, Random Forest (RF), eXtreme Gradient
Boosting (XGB), K-Nearest Neighbors (KNN), Polynomial Regression
(PR), Ridge, Elastic Net, and Support Vector Regression (SVR). The best-
performing models for each species were highlighted using colored ar-
rows corresponding to the evaluated species: Brachiaria spp. (orange
arrow), purple King grass (green), and Panicum maximum cv. Tanzania
(blue).

3.4. Importance of variables in the model, determined using SHAP
analysis

The comparative analysis using SHAP values enabled the assessment
of the relative contribution of vegetation indices (NDRE, OSAVI, and
VARI) in predicting yield and nutritional variables across the evaluated
forage species. For dry matter percentage, NDRE showed the highest
relative contribution in Brachiaria spp. (Fig. 11a) and Tanzania grass
(Fig. 11c), whereas VARI exhibited higher contributions in purple King
Grass (Fig. 11b). Regarding dry matter yield (kg ha™), VARI presented

the greatest contributions in both Brachiaria spp. (Fig. 11d) and purple
King Grass (Fig. 11e); in contrast, OSAVI and NDRE showed higher
contributions in Tanzania grass (Fig. 11f). For fresh forage yield (kg
ha'), VARI showed the highest contributions in Brachiaria spp.
(Fig. 11g) and purple King Grass (Fig. 11h), while NDRE was the most
influential index in Tanzania grass (Fig. 11i).

For nutritional variables, vegetation indices exhibited differentiated
patterns. For ash content, NDRE showed the highest contributions across
Brachiaria spp., purple King Grass, and Tanzania grass (Fig. 12a-c,
respectively). In the case of crude fiber, NDRE predominated in Bra-
chiaria spp. and Tanzania grass (Fig. 12d and f), whereas OSAVI was
more influential in purple King Grass (Fig. 12e). With respect to crude
protein, VARI exhibited the highest SHAP values in Brachiaria spp.
(Fig. 12g) and purple King Grass (Fig. 12h), while in Tanzania grass,
NDRE showed a broader contribution range (Fig. 12i). For ether extract,
NDRE had the highest contributions across all three forage species. In
Brachiaria spp., the three indices showed moderate and balanced con-
tributions (Fig. 12j). In purple King Grass, SHAP values were generally
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lower, with a slight predominance of NDRE (Fig. 12k). In contrast, in
Tanzania grass, NDRE was the most consistent predictor, although with
lower magnitude compared to the other vegetation indices (Fig. 121i).

4. Discussion

4.1. Relationships between vegetation indices, agronomic variables, and
nutritional composition

Vegetation indices showed clear associations with key agronomic
and productive variables. In particular, indices incorporating the Red-
edge region, such as NDRE, exhibited correlations with leaf width,
with leaf length, plant size, and green forage yield (kg ha™). These re-
sults are consistent with studies reporting that Red-edge-based indices
can explain a significant proportion of the variability in foliar nitrogen
concentration and chlorophyll content, both closely linked to the
physiological status of the plant [46,47]. This supports the notion that
spectral signals integrate both structural and biochemical information.

In contrast, indices derived from the visible spectrum, such as VARI, are
primarily influenced by canopy structure, vegetation cover, and illu-
mination conditions, whereas indices like NDRE capture physiological
traits associated with chlorophyll and nitrogen content [46,48].Agro-
nomic variables such as plant height, leaf length, and leaf width clus-
tered closely with dry matter yield (DMY), reflecting their structural
dependence. In contrast, nutritional variables particularly CP and CF,
exhibited opposing patterns, highlighting the inverse relationship be-
tween forage quality and physiological maturity, which reflects the
progressive lignification of foliar tissues over time [49,50].

However, not all pasture species followed this trend. In the case of
purple king grass, a slight increase in CP levels and a decrease in CF
levels were observed, which may be associated with the emergence of
new tillers that introduce younger, protein-rich tissues, thereby buff-
ering the progressive decline in CP [51]. Additionally, a higher number
of clumps may limit morphological development, possibly as a result of
increased competition for light. In this regard, as noted by [52], greater
plant density per unit area tends to reduce individual plant size;

10
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winds or intense rainfall causing lodging [53] which can be considered

an indirect indicator of forage maturity.

however, the effect of shading on growth is more influential than soil
nutrient depletion. Furthermore, although pasture size generally

showed an increasing trend, a slight reduction in plant height was
observed in Tanzania grass and Brachiaria mavuno at 84 days. This
response may be attributed to stem weakening or the action of strong

11
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such as Random Forest and Extra Trees showed superior performance,

4.2. Performance of machine learning-based predictive models

which can be attributed to their ability to model complex nonlinear
relationships and handle the collinearity inherent to spectral data [54,

55].

Machine learning based predictive models demonstrated a high ca-
pacity to estimate yield and nutritional quality variables using vegeta-

Differences in predictive accuracy among variables reflect the

tion indices as the sole predictors. In particular, tree-based algorithms
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Fig. 11. Comparative analysis of the relative contribution of vegetation indices (NDRE, OSAVI, VARI) using SHapley Additive exPlanations (SHAP values) in the
prediction of productive yield variables (dry matter percentage, dry matter yield, and green forage yield).

intrinsic nature of the evaluated attributes. Yield-related variables,
being directly associated with canopy structure and biomass accumu-
lation, exhibit more robust and consistent spectral signals likely due to
their range of variability. This behavior has been previously reported in
forage systems, where variables with greater dispersion tend to be better
captured by predictive models [56]. In contrast, variables such as dry
matter percentage or specific nutritional components depend on more
complex physiological processes and are less directly observable, which
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limits their detectability through optical sensors.

Furthermore, the effect of phenological stage on predictive model
performance highlights the importance of structural stability, as canopy
structure determines the quality of the spectral response. At early
growth stages, spatial heterogeneity, combined with the influence of
exposed soil and limited foliar development, results in less representa-
tive signals. Conversely, as the crop advances toward more mature
stages, increased vegetation cover and canopy consolidation enhance
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Fig. 12. Comparative analysis of the relative contribution of vegetation indices (NDRE, OSAVI, VARI) using SHapley Additive exPlanations (SHAP values) in the
prediction of nutritional variables (ash, crude fiber, crude protein, and ether extract).

spectral signal capture, leading to significant improvements in predic-
tive performance. This pattern has been documented in remote sensing
studies applied to agricultural systems [57].

The consistent performance of NDRE underscores the importance of
the red-edge region for monitoring crops with high vegetation density.
Unlike traditional indices such as NDVI, which tend to saturate under
high biomass conditions, NDRE maintains sensitivity to variations in
chlorophyll and nitrogen content, making it a more reliable indicator of
plant physiological status [24]. In contrast, the behavior of OSAVI
highlights the importance of soil background correction, particularly
under conditions of partial canopy cover or during intermediate stages
of crop development [22,58,59].

4.3. Interpretation of variable contribution using SHAP values

The SHAP-based analysis enabled interpretation of the relative
contribution of vegetation indices (VIs) for both yield and nutritional
variables. Clear differences were identified between structural and
nutritional responses. This approach has been widely used to interpret
complex models and to understand the individual influence of predictor
variables, particularly in nonlinear frameworks. Regarding yield-related
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variables, VARI generally exhibited higher-magnitude SHAP values,
especially in Brachiaria spp. and purple King Grass, suggesting greater
sensitivity to canopy structure and biomass accumulation. This behavior
is consistent with the nature of the index, which is derived from the
visible spectrum and is strongly influenced by vegetation cover, canopy
architecture, and soil background reflectance [24]. In this sense,
visible-spectrum indices tend to be associated with structural variables
due to their sensitivity to the fraction of green cover and the spatial
distribution of vegetation.

In contrast, NDRE showed more consistent contributions for nutri-
tional variables such as crude fiber (CF), crude protein (CP), and ash
content. This is associated with its sensitivity to the red-edge region,
which is closely linked to chlorophyll and foliar nitrogen content [24].
Consequently, the ability of NDRE to capture physiological and nutri-
tional variation is related to the role of nitrogen as a key component of
proteins and its involvement in fundamental metabolic processes [60,
61].

Although coefficients of determination above 0.61 were achieved
indicating that >60% of the variability in the dependent variable was
explained by the regression models protein estimation exhibited greater
complexity. Notably, variability in the contribution of indices was
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observed depending on the pasture species. This suggests that protein
content is influenced by multiple interacting factors, including plant
physiological status, canopy structure, illumination conditions, and
environmental variability [47]. Furthermore, the absence of a dominant
index for this variable highlights the need to integrate remote sensing
data with additional spectral and non-spectral information sources.

Additionally, the coexistence of positive and negative SHAP values
within similar index ranges may indicate the presence of nonlinear re-
lationships and interactions among variables. This behavior is charac-
teristic of complex biological systems, where multiple factors act
simultaneously. In this context, tree-based models are particularly
suitable, as they can capture such dynamics without assuming pre-
defined linear relationships [55].

4.4. Limitations and future perspectives

Despite the promising results obtained, this study presents several
limitations that should be acknowledged. First, the models were devel-
oped using data from a single experimental site, which may restrict their
applicability under different agroclimatic conditions. Second, although
vegetation indices constitute valuable tools for spectral characteriza-
tion, their exclusive use may limit predictive performance for more
complex variables, such as ether extract and protein content. This aspect
should not be interpreted as a definitive limitation, but rather as an
opportunity to enhance model performance through the integration of
additional information sources. Incorporating complementary spectral
and non-spectral data could strengthen the estimation of nutritional
attributes and improve overall model robustness. In this context, vege-
tation indices can be regarded as a fundamental component within a
broader, integrated framework aimed at the comprehensive character-
ization of forage systems.

5. Conclusions

This study demonstrated that the use of machine learning models
based on vegetation indices constitutes a robust and effective approach
for the non-destructive estimation of yield and nutritional quality vari-
ables in tropical pastures. Tree-based algorithms, particularly Extra
Trees, exhibited superior performance, highlighting their capacity to
capture nonlinear relationships inherent to biological systems. It was
confirmed that the predictive performance of the models depends not
only on the target variables, but also on the grass species and the
phenological stage of the crop. Yield-related variables, which are closely
associated with canopy structure, showed higher predictive accuracy,
whereas nutritional variables especially those lacking a direct spectral
signature displayed greater variability. This pattern was supported by
SHAP-based analysis, which enabled the identification of functional
differences among vegetation indices. Visible-spectrum indices such as
VARI were primarily associated with structural and productivity-related
variables, whereas NDRE, which is more sensitive to the red-edge re-
gion, showed greater consistency in estimating variables related to
physiological status, such as protein and fiber content. However, crude
protein exhibited a multicausal behavior, with no single index consis-
tently dominating its prediction. Overall, these findings highlight the
potential of integrating remote sensing and machine learning as effec-
tive tools for pasture monitoring, thereby supporting improved decision-
making in livestock production systems. Nevertheless, the extrapolation
of these models requires validation across diverse agroecological con-
ditions, as well as the incorporation of additional variables to enhance
the robustness and generalizability of the predictions.
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