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Introduction: Accurate estimation of aboveground biomass (AGB) is essential for
monitoring pasture productivity and supporting sustainable management of
integrated crop-livestock (ICL) systems. We hypothesized that integrating
multispectral, thermal, and canopy-structural information derived from
unmanned aerial vehicles (UAVs) would improve AGB prediction relative to
spectral information alone, and that Generalized Additive Models for Location,
Scale and Shape (GAMLSS) would accommodate seasonal heteroscedasticity
while maintaining predictive performance comparable to Random Forest (RF)
and Support Vector Machine (SVM) models.

Methods: We collected 280 destructive biomass samples from two ICL paddocks
and one continuously grazed pasture in the Brazilian Cerrado between 2022 and
2024. Twenty-four UAV-derived predictors, including spectral bands, vegetation
indices, canopy surface temperature, and canopy height, were evaluated using
repeated five-fold cross-validation. Model transferability was assessed by
withholding one management paddock at a time.

Results and discussion: Under repeated five-fold cross-validation, GAMLSS
achieved the lowest prediction error (R? = 0.69 + 0.01; RMSE = 2.15 + 0.04 Mg
ha=1), followed closely by SVM (R? = 0.68 + 0.01; RMSE = 2.19 + 0.03 Mg ha™%); RF
showed lower accuracy (R? = 0.53 + 0.01; RMSE = 2.63 + 0.02 Mg ha™}). In the
paddock-transferability assessment, GAMLSS also showed the lowest error (R? =
0.63 + 0.04; RMSE = 2.34 + 0.26 Mg ha™). For GAMLSS, the complete multisensor
configuration reduced RMSE by 6.2% compared with the spectral-only
configuration. The selected model was used to generate spatially explicit maps
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of AGB and standing aboveground biomass carbon, estimated from the mean
measured carbon concentration of forage biomass. Integrating multispectral,
thermal, and structural UAV data with distributional regression improves AGB
estimation and enables spatial monitoring of tropical pastures under contrasting
management conditions.

KEYWORDS

biomass carbon stock, Cerrado, multispectral imagery, palisade grass, thermal remote
sensing, tropical pasture, UAV

1 Introduction

Pastures are the predominant agricultural land use in Brazil,
occupying approximately 155 million hectares and supporting
livestock production across the country, particularly in the North
and Central-West regions, where Urochloa spp. are widely culti-
vated (MapBiomas, 2025; Pedreira et al., 2015). Because pasture
condition directly influences forage supply, livestock carrying
capacity, land demand, degradation risk, and carbon cycling, its
productive and environmental functions must be assessed jointly.
Integrated crop-livestock systems (ICL) are therefore recognized as
a sustainable intensification strategy that can improve soil cover,
nutrient cycling, resilience, and resource-use efficiency, consistent
with Brazilian low-carbon agriculture and degraded-pasture recov-
ery policies (Cortner et al., 2019; Oliveira et al., 2018; MAPA, 2021).

Aboveground biomass (AGB) is a key indicator of forage
availability, grazing capacity, pasture condition, and management
efficiency. In tropical pastures, AGB varies in response to rainfall,
temperature, solar radiation, soil fertility, grazing intensity, re-
growth interval, and canopy development, producing strong spatial
and seasonal heterogeneity. Destructive quadrat sampling provides
direct and reliable biomass measurements; however, it requires
intensive fieldwork, vegetation clipping, drying, and weighing,
making it laborious and time-consuming when repeated over
large areas or multiple sampling campaigns (Boukrouh et al.,
2024). These limitations restrict the spatial and temporal frequency
at which pasture biomass can be monitored.

Satellite remote sensing provides broad spatial and temporal
coverage for pasture monitoring, but moderate spatial resolution,
cloud contamination, and the reduced sensitivity of optical vegeta-
tion indices at high canopy density may limit the detection of
within-field biomass variability (Reis et al., 2020; Santos et al., 2022,
2023). UAVs can partially overcome these limitations by acquiring
centimetric-resolution spectral, thermal, and structural informa-
tion. Previous studies have estimated AGB in Brachiaria pastures
using satellite- and UAV-derived vegetation indices with machine-
learning algorithms (Alvarez-Mendoza et al., 2022), combined RGB
imagery and canopy height models with deep learning across
contrasting pasture management conditions (Vahidi et al., 2023),
and recently evaluated multispectral UAV indices in Mediterranean
pastures across grazing periods and sensors (Furnitto et al., 2026).
Collectively, these studies demonstrate the value of spectral and
structural information but also indicate that model transferability
across dates, management conditions, sensors, and environments
remains a major challenge.
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Random Forest (RF; Breiman, 2001) and Support Vector
Machines (SVM; Cortes and Vapnik, 1995) are established nonlin-
ear benchmarks for moderate-sized tabular datasets with correlated
remote-sensing predictors and have been applied to grassland AGB
estimation (Bazzo et al., 2023). However, their standard regression
implementations provide point predictions without explicitly mod-
elling response dispersion. This is relevant because residual AGB
variability may differ between wet and dry seasons. GAMLSS
complements these approaches by modeling both the conditional
mean and dispersion of positive, potentially skewed AGB distribu-
tions, with season included as a predictor of dispersion (Rigby and
Stasinopoulos, 2005). Thus, RF and SVM served as predictive
benchmarks, whereas GAMLSS addressed the distributional com-
ponent of the analysis.

Despite recent advances, the most closely related studies have
either combined vegetation indices with machine-learning models,
integrated RGB imagery and canopy height with deep-learning
approaches, or evaluated multispectral UAV indices across grazing
periods and sensors. To the best of our knowledge, no previous
study has jointly evaluated multispectral reflectance, canopy surface
temperature, and photogrammetric canopy height using a distribu-
tional regression framework that models both the conditional mean
and season-dependent dispersion of AGB in tropical pastures under
ICL and continuous grazing, while also comparing observation-
level predictive performance with leave-one-paddock-out transfer-
ability. This combination is agronomically relevant because wet-dry
seasonality, grazing pressure, senescence, exposed soil, and non-
photosynthetic vegetation may alter not only mean AGB but also its
variability and the spectral, thermal, and structural response of the
canopy. Spatially explicit AGB estimates may also be converted into
standing aboveground biomass carbon; however, this represents
only one ecosystem carbon pool and should not, in isolation, be
interpreted as evidence of net carbon sequestration or carbon-
credit generation.

Accordingly, this study aimed to: (1) integrate multispectral,
thermal, and structural variables obtained from UAV surveys to
estimate pasture AGB under ICL and continuous pasture systems;
(2) compare RF, SVM, and GAMLSS under validation approaches
designed to assess both observation-level predictive accuracy and
transferability among paddocks with contrasting management
conditions; and (3) produce spatially explicit maps of AGB and
standing aboveground biomass carbon under contrasting pasture
conditions. We tested three hypotheses: H1, adding thermal and
structural predictors to spectral variables reduces AGB prediction
error relative to spectral-only models; H2, GAMLSS explicitly
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represents season-dependent heteroscedasticity while maintaining
predictive performance comparable to RF and SVM; H3, model
transferability declines across paddocks with contrasting manage-
ment conditions.

2 Materials and methods

2.1 Study area

The study area is located at Capivara Farm Platform, owned by
the National Rice and Beans Research Centre of the Brazilian
Agricultural Research Corporation (Embrapa Rice and Beans)
(Figure 1), in the municipality of Santo Antonio de Goias, Brazil.
The area is also a Technological and Research Reference Unit
(URTP) of the ILPF Network (Associagdo Rede ILPF: a public-
private partnership to promote crop-livestock-forestry throughout
Brazil, https://redeilpf.org.br/#). Since the 2003/2004 crop season,
the Capivara Farm Platform has been managed under an integrated
crop-livestock system (ICL) heavily monitored. The URTP consists
of two paddocks under ICL: the first identified as “C4”, with 7.45 ha,
and the second as “C5”, with 8.00 ha. In addition to these, there is a
third paddock (C6), under continuous pasture (5.04 ha), considered
degraded, with the presence of termite mounds, invasive plants, and
some patches of bare soil, used here as a baseline. Another baseline
is a forest adjacent to the ICL areas, characterized by the
phytophysiognomic type Semideciduous Dry Forest, covering ap-
proximately 300 ha and representing the Legal Reserve (LR) area. A
detailed description of the URTP paddocks is provided in Oliveira
et al. (2022). The land use and management of the areas during the
years evaluated in this study are presented in Table 1.
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This study was divided into four stages: field and laboratory
work (Section 2.2), image processing (Section 2.3), model develop-
ment and evaluation (Section 2.4), and mapping of AGB and the
corresponding carbon stock (Section 2.5).

2.2 Field and laboratory work

Biomass sampling was conducted during the pasture phase of
the integrated crop-livestock paddocks C4 and C5 and the contin-
uous pasture paddock C6 from November 2022 to February 2024,
covering both the dry and rainy seasons. Field sampling was
conducted concurrently with UAV image acquisition. Twenty
biomass sampling points were evaluated in each experimental
paddock during each campaign, resulting in 14 paddock-campaign
combinations and a total of 280 observations used for model
development and evaluation. The temporal distribution of the
sampling campaigns, the experimental paddocks evaluated, and
the corresponding number of biomass samples are summarized
in Table 2.

Sampling locations were newly selected during each field
campaign; therefore, the same physical locations were not repeat-
edly sampled over time. This procedure was necessary because
biomass collection was destructive and prevented subsequent mea-
surements at the exact harvested locations. Consequently, the
observations represented distinct physical sampling units nested
within each paddock and campaign rather than repeated measure-
ments of the same quadrats. Nevertheless, observations collected
within the same paddock-campaign combination shared
common environmental, management, and UAV image-acquisition
conditions.

At each sampling point, canopy height was measured using a
graduated ruler positioned at the curvature of the upper leaves,

-49°17'42"

495,62091-

-49°17'42"

Location of the Capivara Farm platform and distribution of sampling points for biomass measurement in integrated crop-livestock (ICL; C4 and C5)
and continuous pasture (C6) of Embrapa Rice and Beans in Santo Anténio de Goias, Goias State, Brazil. The permanent set-aside area (Legal
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TABLE 1 Land use and management history of study paddocks C4 and C5
under integrated crop-livestock systems (ICL) at Capivara Farm
Platform, Embrapa Rice and Beans, Santo Anténio de Goias, Goias State,
Brazil, during the study period (2022-2024).

ICL paddock
Growing ca c5
season
Summer Winter Summer Winter
Common bean?/
2022/2023 uE)! u(P)! rainfed rice® + U(P)}, u(p)!
NT*
. . 3 1
2023/2024 uP)! ypy | Reinfed r;:;f VBT Gy

'U(P), palisade grass (Urochloa brizantha) cultivar BRS Paiaguas cultivated as pasture;
2Common bean (Phaseolus vulgaris) cultivar BRS FC104; *Rainfed rice (Oryza sativa) cultivar
BRS A501 CL; *NT, no-tillage system. Summer: November to April, rainy season; Winter:
May to October, dry season.

following Frame (1981). The standing aboveground biomass of the
cultivated forage was then harvested at ground level within a 0.5 x
0.5 m quadrat. Each sampling point was individually georeferenced
using geodetic-grade GNSS receivers to enable spatial correspon-
dence with the UAV-derived imagery (Supplementary Material).
Only the aboveground tissues of the cultivated forage were in-
cluded, whereas roots, litter, weeds, and other non-forage species
were excluded.

The harvested material was weighed fresh, and a subsample was
dried in a forced-air oven at 55°C for 72 h, or until constant weight,
to determine dry aboveground biomass, expressed in Mg ha™. An
aliquot of the dried biomass was analyzed for total carbon concen-
tration (%) using a PerkinElmer 2400 Series II CHNS/O elemental
analyzer (Nelson and Sommers, 1996). Aboveground biomass

TABLE 2 Distribution of aboveground biomass (AGB) samples across
sampling campaigns and experimental paddocks.

. Study
Samplin Number of
PING  Season paddocks .
month biomass samples
sampled
November Rainy C6 20
2022
December .
Rainy C4 20

2022
March 2023 Rainy C4 and C6 40
May 2023 Dry Cé 20
June 2023 Dry C4, C5, and C6 60
Septemb

cptember Dry | C4,C5, and C6 60
2023
D

ecember Rainy | C4 20
2023
Feb

ebruary Rainy C4 and C6 40
2024*

14 paddock-
Overall total campaign 280 samples
combinations

C4 and C5 correspond to integrated crop-livestock (ICL) paddocks, whereas C6 corresponds
to the paddock under continuous pasture. The C4 and C6 samples listed for *February 2024
were collected in separate campaigns within the same month.

Twenty biomass samples were collected per paddock in each campaign.
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carbon stock (Mg ha™) was subsequently calculated by multiplying
dry AGB by the corresponding carbon concentration. Results are
expressed as the variability of C concentration and stocks only for
the cultivated U. brizantha (cv. BRS Paiaguas) between seasons
(rainy and dry), regardless of paddock sample (C4, C5 and C6).

2.3 UAV image acquisition and processing

Fifteen ground control points (GCPs) were established and
strategically distributed around and within the three study areas
(Figure 1). These points were georeferenced using a pair of geodetic
GNSS receivers (Topcon Hiper Lite+) operating in post-processed
kinematic (PPK) mode, with corrections from the IBGE geodetic
station network within the Brazilian Geodetic System (SGB). The
use of GCPs optimized the geometry of the orthomosaics and
ensured centimetre-level accuracy for the aerophotogrammetric
products generated in the experiment.

Image acquisition was performed using a rotary-wing UAV
(quadcopter), a DJI Matrice 200, equipped with a MicaSense Altum
multispectral sensor coupled to a Downwelling Light Sensor (DLS)
for radiometric correction. The sensor has five bands distributed
across the visible, red-edge, and near-infrared regions of the
spectrum, with band centres at approximately 475 nm (blue), 560
nm (green), 668 nm (red), 717 nm (red edge), and 842 nm (near-
infrared, NIR), in addition to a thermal long-wave infrared (LWIR)
sensor centred at 11, 000 nm.

Flights were conducted at an altitude of 90 m above ground
level, with 70% frontal and lateral overlap, resulting in a ground
sampling distance (GSD) of approximately 5 cm pixel’. Image
acquisition was performed between 10:00 a.m. and 1:00 p.m. from
November 2022 to February 2024 (Figure 2), under clear-sky
conditions and stable illumination. This time window was selected
to standardize acquisitions near solar noon, reduce variations in
solar angle and shadowing, and improve the comparability of
spectral and thermal measurements across campaigns. Wind
speed was not systematically recorded or controlled and was not
included as a flight-selection criterion or modelling variable. Before
each flight, images of a grayscale calibration panel with known
reflectance values were acquired and subsequently used for radio-
metric correction, allowing illumination conditions to be normal-
ized across acquisition dates.

Image processing was carried out in Pix4Dmapper software
(version 4.4.12, Pix4D SA, Lausanne, Switzerland), following a
standard photogrammetric workflow that included image align-
ment, dense point cloud generation, and block adjustment with
incorporation of the GCPs. From these products, digital surface
models (DSMs), digital terrain models (DTMs), and reflectance-
calibrated orthomosaics were generated, all projected in the WGS
1984 UTM Zone 22§ coordinate system.

The canopy height model (CHM) was calculated as the differ-
ence between the digital surface model (DSM) and the digital
terrain model (DTM). The DSM and DTM were used exclusively
to derive the CHM and were not included as independent predic-
tors in the models. The final predictor set comprised 24 variables:
five reflectance bands and one thermal band blue, green, red, red
edge, near-infrared, and thermal, 17 vegetation indices derived from
the spectral bands (Table 3), and one structural variable represented
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FIGURE 2

70{ 1 i i i | | i | i
sl o sl o o b o 2
. | o | | N
01 wmm Daily rainfall i i | | ! P
—— Mean daily air temperature : H | i i i i k35
Daily temperature range | H | | | |
50 1 T 1 : : : : : :
E : ; : : : ' : bl
E ! : : : : ! LS
= oI : Y : o
© 40 =
T LR gl : = | §
= ' L ' ! i &
3 301 : | o
= ; =
© 1 [
g i L20%
° ! : =
20 i H
] !
) 1
i ; L 15
10 i
1 1
1
1
i J L 10
0- . L
) 3
S S S N% N% N% N% N% N N
R N ) g & & & & &
® 4 3 79 a [6) ® ¥ <&
Date

Local daily meteorological data: air temperature and rainfall conditions during the 2022-2024 UAV flight campaigns conducted in the integrated
crop-livestock system (ICL: areas C4 and C5), continuous pasture (C6) and the permanent set-aside area (Legal Reserve) in Santo Antonio de Goias,
GO, Brazil. Dashed vertical lines and UAV icons indicate the dates of image acquisition used for biomass sampling and pasture monitoring.

by the CHM. For each biomass sampling point, mean pixel values of
the 24 predictor variables were extracted from the corresponding
sampling area in the UAV-derived imagery. The vegetation indices
were selected to represent complementary canopy properties, in-
cluding greenness and biomass-related variation, chlorophyll and
red-edge responses, sensitivity to soil background, and visible-band
responses associated with senescence, non-photosynthetic vegeta-
tion, and bare soil.

TABLE 3 Vegetation index formulas used in this study.

2.4 Model development and evaluation

Aboveground biomass (AGB) was modelled using three
approaches: RF, SVM, and GAMLSS. RF and SVM were selected
as nonlinear machine-learning benchmarks, whereas GAMLSS
was used to model the positive, asymmetric, and potentially
heteroscedastic distribution of AGB. All 280 field observations
described in Section 2.2 were included in model development

Vegetation index Abbreviation Formula Reference
Green Chlorophyll Index Clgreen (PnIR/PGREEN) — 1 Gitelson et al., 2003
Chlorophyll Vegetation Index CVI (Pnir X pRED)/pGREENz Vincini et al., 2008
Enhanced Vegetation Index EVI 2.5 X (pPnir — PreD)/(PNIR + 6PrED — 7.5PBLUE + 1) Huete et al., 2002
Excess Green Index ExG 2PGREEN — PRED — PBLUE ‘Woebbecke et al., 1995
Green Leaf Index GLI (2pGRreEN — PrED — PBLUE)/ (2PGREEN + PRED + PBLUE) Louhaichi et al.,, 2001
Green Normalized Difference Vegetation Index GNDVI (Pnir = PGrREEN)/(PNIR + PGREEN) Gitelson et al., 1996
Intensity Index Intensity (1/30.5) X (Prep + PGREEN + PBLUE) Escadafal et al., 1994
Modified Photochemical Reflectance Index MPRI (PGrEEN — PRED)/(PGREEN + PRED) Yang et al., 2008
MERIS Terrestrial Chlorophyll Index MTCI (Pnir — PrE)/(PRE — PRED) Dash and Curran, 2004
Normalized Difference Red-Edge Index NDRE (PR — PRE)/(PNIR + PRE) Fitzgerald et al., 2006
Normalized Difference Vegetation Index NDVI (PnIR — PrED)/(PNIR + PRED) Rouse et al., 1974
Normalized Difference Red-Edge/Red Index NDVlIre (Pre — PreD)/(PRE + PRED) Gitelson and Merzlyak, 1994
Soil-Adjusted Vegetation Index SAVI [(1 + L) x (pxir — PreD))/(PNIR + PrED + L) Huete, 1988
Triangular Greenness Index TGI pPereen — 0.39prep — 0.61ppLuE Hunt et al., 2011
Triangular Vegetation Index TVI 0.5 x [120(pnir — PGrEEN) — 200(PRrED — PGREEN)] Broge and Leblanc, 2001
Visible Atmospherically Resistant Index VARI (PGrEEN — PrED)/(PGREEN + PRED — PBLUE) Gitelson et al., 2002
Wide Dynamic Range Vegetation Index WDRVI (0.2pNir — PrED)/(0.2PNIR + PRED) Gitelson, 2004

p denotes reflectance; BLUE, GREEN, RED, RE, and NIR denote the blue, green, red, red-edge, and near-infrared bands, respectively. For SAVI, L = 0.5. For WDRVI, o = 0.2.
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and evaluation. All statistical modelling and computational
analyses were performed in R software version 4.5.2 (R Core
Team, 2025), utilizing the data.table, caret, randomForest,
e1071, gamlss, and gamlss.dist packages.

2.4.1 Predictor variables and model development

The complete predictor set comprised the 24 UAV-derived
variables described in Section 2.3 and Table 3: five spectral reflec-
tance bands, 17 vegetation indices, canopy surface temperature
(TEMP), and the canopy height model (CHM). These variables
represented complementary spectral, thermal, and structural infor-
mation related to pasture AGB.

Four predictor configurations were evaluated to quantify the
incremental contribution of thermal and structural information:
spectral predictors only (S); spectral predictors plus canopy surface
temperature (S + TEMP); spectral predictors plus the canopy height
model (S + CHM); and the complete multisensor configuration,
comprising spectral predictors, TEMP, and CHM (S + TEMP
+ CHM).

TEMP represented the thermal predictor, whereas CHM rep-
resented the structural predictor. The digital surface model and
digital terrain model were used only to derive CHM and were not
included as independent predictors.

Before model fitting, the dataset was checked for missing, non-
finite, and non-positive AGB values. No imputation was performed.
All analyses required complete observations with finite predictor
values, and AGB was required to be strictly positive because a
Gamma response distribution was used for GAMLSS.

To avoid information leakage, predictor filtering and standard-
ization were repeated separately within every training subset created
by the validation procedures. Spectral predictors with zero or near-
zero variance were first removed using the nearZeroVar function.
Pairwise correlations were then calculated among the remaining
spectral predictors. When the absolute correlation between two
predictors exceeded 0.95, the findCorrelation algorithm, with exact
= TRUE, removed the predictor with the greater mean absolute
correlation with the remaining predictor set. TEMP and CHM were
not subjected to correlation-based filtering, but they were removed
from a configuration when they had zero variance in the corre-
sponding training subset.

The retained predictors were centred and scaled using means
and standard deviations calculated only from the training data.
These same parameters were then applied to the held-out observa-
tions. For each validation split, RF, SVM, and GAMLSS used the
same training and test observations and the same retained predictor
set, allowing direct comparison under equivalent conditions.

2.4.2 Random forest

RF models were fitted using the randomForest package with 500
regression trees. The number of predictors randomly considered at
each split (mtry) was tuned within each external training set using
internal three-fold cross-validation. Candidate values corresponded
approximately to \p, p/4, p/3, p/2, and p, where p was the number
of predictors retained in that training set. The value producing the
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lowest internal RMSE was selected. MAE and, subsequently, the
smaller mtry value were used as tie-breaking criteria. The minimum
terminal node size was five observations. No maximum number of
terminal nodes was imposed, and no post-pruning was applied.

RF performance was evaluated using two external validation
schemes. First, repeated five-fold cross-validation was used to assess
observation-level predictive performance within the dataset. In each
repetition, the 280 observations were divided into five folds. Four
folds were used for training (n=224), and the remaining fold was
used for testing (n=56). The complete five-fold procedure was
repeated ten times, resulting in 50 external training-test evalua-
tions. Within each external training set, predictor filtering, stan-
dardization, and mtry tuning were completed before predictions
were generated for the held-out fold.

Second, leave-one-paddock-out validation was used to assess
the model’s ability to predict an unseen management paddock
within the same experimental farm. Paddocks C4, C5, and C6
were excluded one at a time and used exclusively for testing. When
C4 or C6 was excluded, 160 observations were used for training and
120 for testing. When C5 was excluded, 240 observations were used
for training and 40 for testing. All predictor preprocessing and mtry
tuning were performed using only observations from the two
retained paddocks.

Repeated five-fold cross-validation represented within-dataset
predictive performance because observations from the same pad-
dock or sampling campaign could occur in both the training and
test folds. Leave-one-paddock-out validation represented transfer-
ability to an unseen paddock within the same experimental farm
and was not considered validation across independent farms,
regions, or environmental conditions.

2.4.3 Support vector machine

SVM models were fitted as epsilon-support vector regressions
with a radial basis function kernel using the e1071 package. Cost
and gamma were tuned within each training subset by three-fold
cross-validation. Candidate cost values were 271, 2°, 21, 22, 23, and
2*. Candidate gamma values were 0.25/p, 0.5/p, 1/p, 2/p, and 4/p,
where p was the number of retained predictors. The cost-gamma
combination with the lowest internal RMSE was selected, with MAE
used as a secondary criterion. Because predictors were standardized
before model fitting, additional scaling within the SVM function
was disabled. Epsilon was not tuned and was retained at the package
default value of 0.1.

SVM performance was evaluated using the same two validation
schemes. In repeated five-fold cross-validation, each model was
trained with 224 observations and tested with 56 observations in
each fold. The five-fold procedure was repeated ten times, resulting
in 50 evaluations. Predictor filtering, standardization, and cost-
gamma tuning were performed separately within each training set
before the held-out fold was predicted.

In leave-one-paddock-out validation, one complete paddock
was excluded at a time. C4 and C6 were each evaluated using 160
training and 120 test observations, whereas C5 was evaluated using
240 training and 40 test observations. The excluded paddock was
not used during preprocessing, hyperparameter tuning, or model
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fitting. Repeated five-fold cross-validation was used to assess
within-dataset predictive performance, whereas leave-one-pad-
dock-out validation was used to assess transferability among
paddocks within the same experimental farm.

2.4.4 GAMLSS

Before model validation, candidate response distributions for
positive continuous data were screened using the fitDist function
from the gamlss package with type = “realplus”. Distributions were
ranked using the generalized Akaike information criterion (GAIC)
with k = 2. The Gamma distribution (GA) produced the lowest
GAIC and was therefore selected for the subsequent GAMLSS
analyses. This choice was also consistent with the continuous,
strictly positive, and right-skewed distribution of AGB.

The conditional mean parameter (1) was modelled from the
retained UAV-derived predictors using Ridge-penalized regression
through the ri() function, with Lp = 2. The Ridge penalty was
estimated by maximum likelihood separately within each training
subset. The dispersion parameter (G) was modelled as a function of
season so that conditional AGB variability could differ between the
rainy and dry periods. Season was included only in the dispersion
submodel and not as a predictor of the conditional mean. No
nonparametric smoothing terms were used, and logarithmic link
functions were adopted for both pt and ©.

AGB; " GA(W;, o)
log(w;) = By + ri(X;, L, = 2, method = “ML”)

log(c;) = v, + 7, Season;

where X_i denotes the predictor set retained in the correspond-
ing training subset. Models were fitted using the gamlss and
gamlss.dist packages, with a maximum of 300 fitting cycles. AGB
predictions were obtained on the response scale from the fitted
conditional mean, L.

GAMLSS performance was evaluated using the same repeated
five-fold and leave-one-paddock-out schemes. In repeated five-fold
cross-validation, 224 observations were used for training, and 56 for
testing in each fold, and the complete procedure was repeated ten
times. Predictor filtering, standardization, ridge-penalty estimation,
and estimation of the mean and dispersion parameters were
performed only with the training observations before the held-out
fold was predicted.

In leave-one-paddock-out validation, C4, C5, and C6 were
excluded one at a time. The corresponding training-test sizes
were 160-120 for C4, 240-40 for C5, and 160-120 for C6. The
excluded paddock did not contribute to predictor filtering, stan-
dardization, ridge-penalty estimation, or model fitting.

The season-dependent dispersion specification (G ~ season) was
also compared with a constant-dispersion model (¢ ~ 1). Both
models used the same Gamma family and conditional-mean spec-
ification. Their fit was compared using the Akaike information
criterion and a likelihood-ratio test. The fitted 1L and ¢ parameters
were used to derive 95% distributional prediction intervals from the
0.025 and 0.975 quantiles of the fitted Gamma distribution.
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2.4.5 Contribution of thermal and structural
predictors

For each modelling approach, the contribution of thermal and
structural information was evaluated by comparing the RMSE of
the S + TEMP, S + CHM, and S + TEMP + CHM configurations
with the RMSE of the spectral-only configuration. The relative
reduction in RMSE was calculated as:

RMSE reduction (%) = 100 x [(RMSE, - RMSE;)/RMSE]

where RMSE_S is the prediction error of the spectral-only
configuration, and RMSE_j is the error of the evaluated configura-
tion. Positive values indicate lower prediction error than the
spectral-only model, whereas negative values indicate higher pre-
diction error.

2.4.6 Performance metrics

Predictive performance was quantified using the cross-validated
coefficient of determination (Rzpred), root mean square error
(RMSE), mean absolute error (MAE) (Equations 1-4), and predic-
tion bias:

n ~\2
Rzzl_E,’:l(yi_yi) 1
> _&)2 W
n _ )2
RMSE = M% 2
MAE= LSl 9
‘ 1y -
Bias = ;21«:1()’{ - ¥i) (4)

where y; is the observed AGB, ¥; is the corresponding held-out
prediction, ¥ is the mean observed AGB in the evaluated data, and n
is the number of evaluated observations. Negative bias indicates
overall underestimation, whereas positive bias indicates overesti-
mation. Differences among RF, SVM, and GAMLSS were inter-
preted descriptively because no formal paired statistical comparison
of prediction errors was performed.

For repeated five-fold cross-validation, metrics were calculated
from held-out predictions and summarized as the mean and
standard deviation across the ten repetitions. For leave-one-pad-
dock-out validation, results were summarized as the mean and
standard deviation across the three excluded paddocks.

2.5 AGB and biomass carbon mapping

After completion of all validation analyses, the model-predictor
configuration with the lowest numerical mean RMSE under leave-
one-paddock-out validation was selected for spatial prediction. The
selected specification was subsequently refitted using all 280 field
observations. Predictor filtering and standardization were repeated
using the complete dataset, and the resulting preprocessing param-
eters were applied to the corresponding raster predictors.
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The selected model was applied to the spatially continuous
predictor rasters to generate pixel-level AGB estimates for each
study paddock. Before prediction, all predictor layers were
resampled and aligned to a common spatial extent, coordinate
reference system, and pixel grid. Pixels containing missing predictor
values or representing areas outside the evaluated pasture areas
were excluded from the predictions.

Aboveground biomass carbon was calculated from predicted
AGB using the mean measured carbon concentration of the dry
matter (0.42 = 0.01 g C g'). The same value of the carbon
concentration was therefore applied to all predicted pixels:

Aboveground biomass carbon
= Predicted AGB X carbon concentration

Where aboveground biomass carbon stock is expressed in Mg C
ha™, and predicted AGB is expressed in Mg dry matter ha™".

The resulting AGB and AGB carbon rasters were processed and
displayed in QGIS version 3.30. The maps represent the spatial
distribution of standing forage biomass and its associated above-
ground biomass carbon stock at the time of the corresponding UAV
survey. They do not represent net carbon sequestration, total
ecosystem carbon stocks, or changes in carbon storage over time.
The final maps were generated with a pixel size of 0.05 m.

3 Results

3.1 Statistical analysis of field variables and
spectral bands

Figure 3; Table 4 summarize the seasonal variation in field-
measured AGB and canopy height. Compared to the dry season,
both variables were significantly higher during the rainy season.
Rainy-season AGB was 26.5% higher than dry-season AGB, corre-
sponding to a moderate effect size. Canopy height decreased by
44.2% from the rainy to the dry season, corresponding to a very
large effect size. On the other hand, measured carbon concentration
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in AGB was virtually identical in the rainy and dry seasons, at 42.2 g
Ckg' dry matter in both cases, and this was reflected in the biomass
carbon stocks in the rainy (0.32 + 0.08 Mg C ha™'; n = 60) and in the
dry seasons (0.29 + 0.14 Mg C ha''; n = 140), which did not differ
significantly (Welch’s test, t = 1.53, df = 176, p > 0.1).

At the paddock level, C4 descriptively exhibited the highest
AGB and canopy height values and the widest distributions,
particularly following animal exclusion and pasture regrowth. In
contrast, C6, which was maintained under continuous grazing,
showed lower central values and a narrower range of variation.
Paddock C5 was not represented during the rainy season because
the area was occupied by annual crops during that period. These
paddock-level patterns should be interpreted descriptively because
no formal statistical comparison among management systems
was performed.

Figure 4 summarizes the seasonal variation in spectral reflec-
tance and canopy temperature derived from UAV imagery. During
the dry season, reflectance increased in the visible bands, particu-
larly in the RED band, whereas NIR and red-edge reflectance were
higher during the rainy season. Mean NIR reflectance decreased
from approximately 0.39 in the rainy season to 0.28 in the dry
season, while mean canopy temperature increased from about 30°C
to more than 32°C. Maximum temperatures exceeded 39°C during
the dry season but remained close to 34°C during the rainy season.
Greater dispersion in the visible bands and temperature was also
observed during the dry season, indicating increased spectral and
thermal heterogeneity.

3.2 Model performance

Model performance under observation-level repeated five-fold
cross-validation and paddock-level leave-one-paddock-out valida-
tion is summarized in Table 5. Under repeated five-fold cross-
validation, GAMLSS yielded the lowest numerical prediction errors
(R%pred = 0.69 + 0.01, RMSE = 2.15 + 0.04 Mg ha™', and MAE =
1.72 + 0.03 Mg ha'"), followed closely by SVM. Random Forest
showed lower predictive accuracy, with R’pred = 0.53 £ 0.01 and
RMSE = 2.63 + 0.02 Mg ha™.

Canopy height (cm)

25

—1&a

Rainy season Dry season

Mean -® Median

Seasonal variation in aboveground biomass (AGB) and canopy height under rainy- and dry-season conditions. Box-and-whisker plots show the
distribution of field measurements obtained in the integrated crop-livestock paddocks C4 and C5 and the continuous pasture paddock C6. The
dataset comprised 140 observations from rainy-season campaigns and 140 observations from dry-season campaigns.
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TABLE 4 Seasonal differences in aboveground biomass and canopy height based on Welch’s t-tests.

Variable Rainy season Dry season Mean difference Welch's t-test, p-value 95% Cl Cohen'sd
mean + SD mean + SD t (df)
AGB 10.11 * 4.67 7.99 + 3.83 212 4.15 p <0001 | 111-3.12 053
(Mg ha) (267.74)
Canopy height (cm) 55.76 + 17.88 31.09 + 11.15 24.66 13.85 p <0001 | 21.15-28.17 1.65
(232.92)

Prediction accuracy decreased when entire paddocks were
excluded from model fitting. Under leave-one-paddock-out valida-
tion, GAMLSS retained the lowest numerical RMSE and MAE,
followed by SVM and Random Forest. Relative to repeated five-fold
cross-validation, RMSE increased by 8.8% for GAMLSS, 4.2% for
Random Forest, and 12.3% for SVM. These results show that
transferring predictions to a paddock not represented during
model fitting was more challenging than predicting randomly
withheld observations. Because no formal paired statistical com-
parison among model errors was performed, differences among
algorithms are interpreted as numerical rather than statistically
significant evidence of model superiority.

Figure 5 presents the relationship between observed and pre-
dicted AGB under leave-one-paddock-out validation. Predictions
from all three models generally followed the observed variation in
AGB, but deviations from the 1:1 line increased at higher biomass
values. GAMLSS showed the closest overall numerical agreement
with the 1:1 relationship, whereas SVM showed intermediate
agreement. Random Forest produced the strongest compression
of the predicted range and the most pronounced underestimation of
high-AGB observations. This pattern indicates that all models had
greater difficulty representing the upper tail of the biomass

distribution when predictions were transferred to an excluded
paddock. The shaded areas represent 95% confidence bands
around the fitted observed-predicted relationships and should not
be interpreted as the distributional prediction intervals generated
by GAMLSS.

The contribution of canopy surface temperature and CHM to
AGB prediction under leave-one-paddock-out validation was
model-dependent (Figure 6). Values were expressed as percentage
changes in RMSE relative to the spectral-only configuration and
summarized across the three paddock exclusions. For GAMLSS,
adding canopy surface temperature reduced RMSE by 5.3%,
whereas adding CHM reduced RMSE by 2.2%. The complete
multisensor configuration produced the largest improvement for
GAMLSS, reducing RMSE by 6.2%. Random Forest showed com-
paratively small gains, with RMSE reductions ranging from 0.6% to
2.1%. The largest reduction was obtained with the addition of
TEMP alone, whereas the complete TEMP+CHM configuration
produced a smaller improvement, indicating that the contribution
of the additional structural predictor was not cumulative. In
contrast, the inclusion of thermal and structural predictors in-
creased SVM prediction error, with the complete multisensor
configuration increasing RMSE by 9.0%.
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FIGURE 4
Seasonal variation in spectral reflectance bands and canopy surface temperature under rainy- and dry-season conditions. Box-and-whisker
paddocks show the distribution of UAV-derived measurements obtained in the integrated crop-livestock paddocks C4 and C5 and the continuous
pasture paddock C6. The dataset comprised 140 observations from rainy-season campaigns and 140 observations from dry-season campaigns.
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TABLE 5 Predictive AGB (Mg ha™) performance of GAMLSS, random forest, and radial support vector machine under observation-level repeated 5-fold
cross-validation and paddock-level leave-one-paddock-out validation.

Validation scheme R2pred RMSE MAE Bias RMSE change
(Mg ha™) (Mg ha™) (Mgha™) (Mg ha™; %)

Observation-level interpolation GAMLSS 0.69 + 0.01 2.15 + 0.04 1.72 £ 0.03 0.02 + 0.02 —
(Repeated 5-fold cross-validation)

Random Forest 0.53 + 0.01 2.63 +0.02 2.11 £ 0.02 0.02 + 0.02 —

SVM Radial 0.68 + 0.01 2.19 £ 0.03 1.75 £ 0.02 —-0.06 = 0.03 —
Paddock-level transferability GAMLSS 0.63 + 0.04 2.34 +£0.26 1.87 £ 0.07 —-0.05 = 0.69 +0.19 (+8.8%)
(Leave-one-paddock-out validation)

Random Forest 0.49 + 0.02 2.74 £ 0.36 2.15+0.22 -0.18 £ 0.70 +0.11 (+4.2%)

SVM Radial 0.59 + 0.10 246 £ 0.17 1.89 + 0.04 -0.28 + 0.44 +0.27 (+12.3%)

Rzpred, cross-validated coefficient of determination; RMSE, root mean square error; MAE, mean absolute error. Bias was calculated as predicted minus observed AGB; therefore, negative values
indicate overall underestimation. RMSE change was calculated relative to repeated 5-fold cross-validation, with positive values indicating increased prediction error under leave-one-paddock-out

validation.

The final GAMLSS model accounted for seasonal heteroscedas-
ticity by allowing the dispersion parameter, G, to vary across seasons
(Figure 7). Across the resampling folds, mean dispersion was lower
during the rainy season, approximately 0.19, and increased to
approximately 0.30 during the dry season. This pattern indicates
greater conditional relative variability in AGB during the dry
season, even after accounting for the spectral, thermal, and struc-
tural predictors included in the model.

In the models fitted to the complete dataset, allowing dispersion
to vary by season improved model fit relative to the constant-
dispersion formulation (AIC = 1200.50 versus 1214.64; AAIC =
14.14; likelihood-ratio % = 16.10, df = 1, p = 5.78 x 107°). These
results support the use of a distributional framework in which
seasonal differences are represented not only in expected biomass
but also in its conditional variability.

3.3 Spatial distribution of predicted
biomass and aboveground biomass carbon

After completion of the validation procedures, the final Gamma
GAMLSS model using the complete multisensor predictor

configuration was refitted with all 280 field observations and applied
pixel by pixel to the aligned UAV-derived raster predictors. The
resulting spatial products represent conditional mean predictions of
standing aboveground biomass for the dates of the corresponding
UAV surveys. Aboveground biomass carbon stock was estimated by
applying the mean carbon concentration measured in the dry matter of
the palisade grass (0.42 + 0.01 g C g”') uniformly to all pixels, paddocks,
and sampling seasons. Therefore, the carbon-stock maps directly reflect
the spatial patterns of GAMLSS-predicted biomass rather than predic-
tions from an independently fitted carbon model. Figure 8 shows the
spatial distribution of predicted aboveground biomass and the corre-
sponding standing aboveground biomass carbon stock for the dry- and
rainy-season surveys in the integrated crop-livestock paddocks C4 and
C5 and the continuous pasture in the paddock C6. Paddock C5 is not
shown in the rainy-season map because it was under the crop phase
(rainfed rice) of the integrated system.

For the paddocks under both seasonal conditions, particularly
C4 and C6, predicted AGB and aboveground biomass carbon stock
were generally higher during the rainy-season surveys and lower
during the dry-season surveys. During the dry-season surveys, C5
showed comparatively high predicted AGB and carbon stock in
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FIGURE 5

Observed versus predicted aboveground biomass under leave-one-paddock-out validation for GAMLSS, random forest, and radial support vector
machine using the complete multisensor configuration (n = 280 held-out predictions per model). The dashed line represents the 1:1 relationship, the
solid blue line represents the fitted observed—predicted relationship, and the shaded area represents its 95% confidence band.
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Contribution of canopy surface temperature (TEMP) and the canopy height model (CHM) to AGB prediction under leave-one-paddock-out validation.
Positive values indicate RMSE reduction relative to the spectral-only configuration, whereas negative values indicate increased prediction error.

several portions of the paddock. The ICL paddocks showed rela-
tively continuous zones of predicted biomass in some portions of
the fields, whereas C6 displayed a more heterogeneous spatial
distribution, including patches with comparatively lower predicted
biomass and carbon stock. These contrasts are descriptive because
no formal spatial or paddock-level statistical comparison
was performed.

4 Discussion

4.1 Seasonal patterns in field and UAV-
derived variables

The observed seasonal pattern is biologically consistent with the
climatic seasonality of the Cerrado. Greater water availability and

03
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FIGURE 7
Season-specific dispersion parameter (o) estimated by the final
Gamma GAMLSS using the complete multisensor configuration. Bars
represent mean estimates across resampling folds, and error bars
represent the corresponding standard deviations. Higher ¢ values
indicate greater conditional relative variability in AGB.
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favorable growing conditions during the rainy season promote leaf
expansion, tillering, photosynthetic activity, and biomass accumu-
lation. In contrast, during the dry season, water deficit reduces leaf
growth, accelerates senescence, and increases the presence of non-
photosynthetically active material in the canopy, thereby reducing
both canopy height and dry matter accumulation (Boukrouh et al.,
2023). These ecophysiological responses help explain the lower
AGB and canopy height observed during the dry season.

Comparable seasonal responses have been reported for tropical
pastures in the Cerrado, where water availability strongly controls
vegetation structure, biomass production, and spectral dynamics
(Becerra et al., 2009; Meirelles et al., 2006; Santos et al., 2022, 2023).
Boukrouh et al. (2023) also demonstrated that climatic and edaphic
variability, including differences in precipitation, affected forage
morpho-agronomic traits and dry matter production. Together, these
findings indicate that the seasonal differences observed in the present
study likely reflect the combined influence of water availability, pasture
management, regrowth stage, and canopy architecture.

The spectral and thermal patterns are also consistent with the
ecophysiological response of tropical grasses to seasonal water
availability. During the rainy season, greater leaf water content,
photosynthetic activity, and canopy development increase radiation
scattering in the NIR while maintaining lower visible-band reflec-
tance because of stronger pigment absorption. In contrast, dry-
season water deficit accelerates leaf senescence, reduces leaf water
content, and increases the proportion of dry vegetation, litter, and
exposed soil. These changes increase visible-band reflectance,
reduce the NIR response associated with vigorous vegetation, and
promote greater canopy heating. This pattern appeared particularly
pronounced in C6, where continuous grazing and greater soil
exposure may have increased the contribution of dry litter and
soil background to the spectral signal.

These findings agree with the principles described by Gausman
et al. (1969), according to which visible reflectance is mainly
controlled by pigment absorption, whereas NIR reflectance is
strongly influenced by leaf internal structure and canopy
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FIGURE 8

was not part of the study.

Spatial distribution of aboveground biomass (AGB) estimated using the GAMLSS model during the dry (A) and rainy season (B), and biomass carbon
stock of forage grass of the paddocks under integrated crop-livestock systems (C4 and C5) and under continuous pasture system (C6). In the rainy
season (B), the picture shows the C5 area under crop phase (rainfed rice at the harvest stage) of the integrated crop-livestock system. Crop phase

organization. Studies conducted in Cerrado pastures have similarly
shown that dry-season water deficit increases spectral mixing
among green vegetation, non-photosynthetically active vegetation,
and exposed soil, thereby reducing the stability of conventional
optical indices (Becerra et al., 2009; Santana et al., 2017; Bretas et al.,
2021; Silva et al., 2024). Consequently, integrating spectral, thermal,
and structural information may improve the robustness of AGB
estimation in heterogeneous tropical pastures (Alvarez-Mendoza
et al., 2022; Bazzo et al., 2023).

4.2 Model performance, multisensor
contributions, and seasonal dispersion

The results partially supported the hypothesis that thermal and
structural variables would improve AGB prediction. Their contri-
bution was positive for GAMLSS, modest for Random Forest, and
negative for SVM. Although the isolated contribution of CHM to
GAMLSS was modest, its inclusion provided complementary struc-
tural information for AGB estimation. This result is consistent with
Batistoti et al. (2019), who demonstrated the usefulness of UAV
photogrammetry-derived canopy height for estimating pasture
biomass in the Brazilian Savanna. More broadly, Costa et al.
(2021) showed that high-density UAV-LiDAR structural informa-
tion can support aboveground biomass mapping across Cerrado
vegetation. A recent study in wheat also supports the complemen-
tary contribution of spectral and structural UAV variables. Zhao
et al. (2026) found that integrating canopy height with spectral
information improved biomass estimation and that the relative
contribution of these predictors varied across biomass levels, with
canopy height becoming particularly informative at higher biomass
levels. Although wheat differs from tropical pastures in canopy
architecture and growth dynamics, these findings reinforce the
complementary structural information provided by CHM in
UAV-based biomass estimation.
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The greater dry-season dispersion may reflect heterogeneous
pasture responses to water limitation and grazing pressure.
Differences among paddocks in senescence, residual green vegeta-
tion, litter accumulation, exposed soil, and regrowth stage may
increase biomass variability during this period. By allowing disper-
sion to vary with season, GAMLSS directly represented part of
this heterogeneity.

The favorable numerical performance of GAMLSS may there-
fore be related not only to its representation of nonlinear predictor-
response relationships, but also to its ability to model both the
conditional mean and season-dependent dispersion of AGB under a
Gamma distribution. Cerrado pastures exhibit pronounced tempo-
ral and spatial heterogeneity associated with changes in canopy
density, senescent material, soil exposure, and regrowth stage
throughout the year (Bretas et al., 2021; Bazzo et al., 2023; Silva
et al.,, 2024). These processes may generate asymmetric and het-
eroscedastic biomass distributions that are not fully described by
models focused exclusively on conditional mean prediction.
Random Forest and SVM can represent complex nonlinear rela-
tionships between predictors and AGB, which may explain their
generally consistent predictive performance. For Random Forest,
however, the contribution of additional predictor groups was not
monotonic. The addition of thermal variables produced the largest
reduction in RMSE, whereas the subsequent inclusion of CHM did
not provide further improvement. This suggests that the structural
information captured by CHM was only partially complementary to
the spectral and thermal predictors in this dataset. However, their
standard implementations do not explicitly parameterize season-
dependent response dispersion in the same manner as the fitted
GAMLSS model. Thus, the numerical advantage observed for
GAMLSS in this dataset may be partly associated with its distribu-
tional representation of seasonal biomass variability.

The prediction errors obtained in the present study were within
the broad range reported for pasture biomass estimation using
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remote-sensing data. Previous studies have shown that RF and SVM
can provide useful biomass predictions in structurally heteroge-
neous pastures (Bispo et al., 2020; Alvarez-Mendoza et al., 2022).
Studies using multispectral UAV or satellite data have also reported
substantial variation in predictive accuracy depending on pasture
type, biomass range, sensor configuration, sampling support, and
validation design (Azubuike et al., 2025; Furnitto et al., 2026).

Direct numerical comparisons among studies should neverthe-
less be made cautiously because RMSE and MAE depend strongly
on the biomass range, measurement units, field-sampling scale, and
validation strategy. In particular, random observation-level valida-
tion primarily evaluates interpolation within the sampled system,
whereas paddock-level exclusion provides a more demanding
assessment of transferability among management units within the
study site.

4.3 Spatial patterns of biomass and
aboveground biomass carbon

The seasonal patterns shown in the maps were consistent with
the differences observed in the field dataset. Greater water avail-
ability during the rainy season favours pasture growth and re-
growth, whereas dry-season water limitation may restrict biomass
accumulation and increase spatial heterogeneity. Nevertheless, the
mapped contrasts may also reflect differences in grazing conditions,
management history, regrowth stage, and campaign-specific envi-
ronmental conditions.

The comparatively high predicted AGB and carbon stock observed
in portions of C5 during the dry season may be associated with pasture
regrowth and residual plant material following the crop phase.
However, no formal analysis was conducted to isolate the effect of
the production system from other differences among paddocks.
Therefore, contrasts among C4, C5, and C6 should not be interpreted
as direct evidence of greater biomass or carbon accumulation caused by
integrated crop-livestock management. This cautious interpretation is
also supported by recent evidence on carbon storage in Brazilian
pasture-based systems. dos Santos et al. (2026) concluded that inte-
grated systems do not inherently increase soil carbon stocks relative to
pastures because their effects depend strongly on pasture management,
soil fertility, nitrogen availability, and grazing intensity.

Although the present study evaluated standing aboveground
biomass carbon rather than soil carbon, this evidence reinforces
that differences among production systems should not be attributed
solely to system configuration. Likewise, the more heterogeneous
distribution observed in C6 may be related to differences in grazing
pressure, canopy structure, forage regrowth, soil exposure, and
vegetation vigour. Previous studies have reported that seasonal
water stress and continuous grazing may reduce aboveground
biomass and increase pasture heterogeneity, whereas integrated
systems may improve vegetation cover and recovery (Batlle-Bayer
et al., 2010; de Carvalho et al., 2023; Santos et al., 2023).

The spatial products should also be interpreted in light of their
uncertainty. The maps represent conditional mean predictions and
do not display pixel-level prediction uncertainty. Although
GAMLSS allowed the calculation of distributional prediction inter-
vals, these intervals were not spatially propagated. Likewise, the
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observed variability in carbon fraction (0.42 £ 0.01 g C g™') was not
propagated to the spatial estimates because the mean value was
applied uniformly. Seasonal and paddock-level differences in
carbon fraction were not formally evaluated. Because the study
included only palisade grass (Urochloa brizantha cv. BRS Paiaguas),
variability among forage species could not be assessed.

The carbon estimates represent only the standing aboveground
carbon contained in forage biomass at the time of each UAV survey,
excluding roots, soil organic carbon, and other ecosystem carbon
pools. They should not be interpreted as total ecosystem carbon
stocks, net carbon sequestration, carbon-credit estimates, or tem-
poral changes in carbon storage. Within these limitations, UAV-
based mapping provides a useful representation of within-field
variability, consistent with the application of UAV multispectral
imagery for biomass and aboveground carbon mapping previously
demonstrated by Lima et al. (2022) at the same experimental farm.

4.4 Applicability, transferability, and
limitations

Opverall, the results indicate the potential of multisensor UAV
data combined with distributional regression for monitoring bio-
mass variability within the evaluated experimental system. The
complete multisensor GAMLSS configuration may support pasture
monitoring and stocking-management assessments under condi-
tions similar to those represented in the dataset. However, leave-
one-paddock-out validation evaluates transfer among management
units within the same experimental farm and should not be
interpreted as external validation across independent farms,
forage species, or biomes.

Accordingly, the findings should be regarded as a site-specific
proof of concept. Broader operational application will require
validation at independent farms, evaluation under additional envi-
ronmental and management conditions, and explicit propagation of
prediction uncertainty into the resulting spatial products.

5 Conclusions

This study showed that UAV-derived spectral, thermal, and struc-
tural information can be combined to estimate aboveground forage
biomass under the heterogeneous and seasonally contrasting conditions
of Cerrado pastures. However, the contribution of multisensor integra-
tion was model-dependent. The addition of canopy surface temperature
and canopy height improved GAMLSS predictions, with the complete
multisensor configuration reducing the leave-one-paddock-out RMSE
by 6.2% relative to the spectral-only model. Random Forest showed
smaller improvements, whereas the same predictor additions increased
the prediction error of SVM. Therefore, the hypothesis that thermal and
structural information would universally improve AGB prediction was
only partially supported.

Among the evaluated approaches, GAMLSS produced the
lowest numerical errors under both validation schemes. It achieved
an R*pred of 0.69 and an RMSE of 2.15 Mg ha™ under repeated five-
fold cross-validation, and an R*pred of 0.63 and an RMSE of 2.34
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Mg ha' under leave-one-paddock-out validation. Nevertheless,
these differences should be interpreted as numerical rather than
as evidence of statistically demonstrated superiority because no
formal paired comparison of prediction errors was performed.
Prediction accuracy decreased when complete paddocks were
excluded, confirming that transfer to a management unit not
represented during model fitting was more challenging than inter-
polation among observations from the sampled dataset.

The results also supported the use of a distributional regression
framework. The GAMLSS formulation explicitly represented the
greater conditional variability of AGB during the dry season, when
the estimated dispersion parameter increased from approximately 0.19
in the rainy season to 0.30. The season-dependent dispersion model
substantially improved model fit relative to the constant-dispersion
formulation, indicating that seasonal differences in these pastures
affected not only expected biomass but also its residual variability.

Seasonality was consistently reflected in field observations and
UAV-derived variables. Rainy-season conditions were generally asso-
ciated with greater biomass, canopy development, NIR and red-edge
reflectance, whereas the dry season showed higher visible reflectance,
canopy temperature, senescence, exposed soil and spectral-thermal
heterogeneity. These responses demonstrate the relevance of combining
complementary sensor information when monitoring tropical pastures
affected by water limitation, grazing and variable regrowth conditions.

The resulting maps represented spatial variation in standing
aboveground forage biomass and its corresponding biomass carbon
at the dates of the UAV surveys. They should not be interpreted as
estimates of total ecosystem carbon, net carbon sequestration,
carbon credits, or evidence that integrated crop-livestock manage-
ment directly caused greater carbon accumulation. The carbon
estimates excluded roots, litter, soil organic carbon and other
ecosystem pools, and uncertainty associated with model predictions
and carbon concentration was not propagated spatially.

Opverall, the study provides a site-specific proof of concept for
combining multisensor UAV data with distributional regression to
monitor forage biomass variability in Cerrado pastures. Leave-one-
paddock-out validation demonstrated transferability among man-
agement paddocks within the same experimental farm, but not
across independent farms, forage species, regions or biomes.
Broader application will require external validation under addi-
tional environmental and management conditions, spatial propa-
gation of prediction uncertainty, evaluation of temporal
transferability and assessment of carbon-fraction variability.
Within these limitations, the proposed approach should be inter-
preted as a site-specific proof of concept for field-scale pasture
monitoring and as a basis for the development of more robust
biomass and aboveground biomass-carbon assessment systems.
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