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ABSTRACT

Determining grape quality through conventional methods is a destructive and costly laboratory
process that limits the understanding of spatial and temporal variability within vineyards. This
study proposes to validate non-destructive predictive approaches, grounded in precision
viticulture and machine learning, for monitoring technological maturity and delineating
microterroir zones. The research focuses on the double-pruning regime (winter wine
production) in subtropical regions of Brazil, investigated under two complementary
perspectives of scale and data acquisition. In the first study, the focus was on interseasonal
macroprediction (2024-2025) and microterroir zoning in a subtropical area. The integration of
Growing Degree-Days (GDD) and Vegetation Indices (VIs) revealed the Random Forest
algorithm as the most robust for the temporal prediction of Soluble Solids (SS, R?=0.73) and
Titratable Acidity (TA, R? = 0.71), although pH modeling exhibited performance degradation
on independent datasets. Concurrently, K-Means unsupervised clustering integrated multi-year
canopy vigor (via Google Earth Engine), topography, and soil proxies to delineate microterroir
zones, achieving high efficacy in the stratification of macrophysiological traits (Variance
Reduction of 33.62% for chlorophyll b). In the second study, a high-spatial-resolution
predictive framework was developed for the same management system. The fusion of
agrometeorological data with multispectral imagery acquired by an Unmanned Aerial Vehicle
(UAYV) significantly outperformed the isolated use of VIs. The XGBoost algorithm achieved
the highest accuracy (R? = 0.89 for SS; R? =0.77 for TA), demonstrating that GDD and cultivar
determine the primary maturation dynamics, while VIs capture the refinement of spatial
variability in vigor at a sub-metric scale. In summary, it is concluded that integrating climatic
data with remote sensing platforms (orbital and aerial) provides a robust analytical framework
for precision viticulture in double-pruning areas, optimizing the assessment of technological

maturity, the management of microterroir zones, and harvest decisions.

Keywords: Precision Viticulture; Machine Learning; Winter Wines; Remote Sensing;

Viticultural Zoning; Growing Degree-Days.



RESUMO

A determinagao da qualidade da uva por métodos convencionais ¢ um processo laboratorial
destrutivo e oneroso, que limita a compreensao da variabilidade espacial e temporal nos
vinhedos. Este trabalho propde validar abordagens preditivas ndo destrutivas, fundamentadas
em viticultura de precisdo e aprendizado de maquina, para o monitoramento da maturagao
tecnologica e a delimitacdo de zonas de microterroir. A pesquisa concentra-se no regime de
dupla poda (producao de vinhos de inverno) para regides subtropicais no Brasil, investigado
sob duas perspectivas complementares de escala e aquisicdo de dados. No primeiro estudo,
focou-se na macropredi¢do intersazonal (2024-2025) e no zoneamento de microterroir em area
subtropical. A integragdo de Graus-Dia Acumulados (GDA) e Indices de Vegetagdo (IVs)
revelou o algoritmo Random Forest como o mais robusto para a predi¢do temporal de So6lidos
Soluveis (SS, R?=0,73) e Acidez Tartarica (AT, R>=0,71), embora a modelagem do pH tenha
apresentado degradacdo em dados independentes. Concomitantemente, o agrupamento nao
supervisionado K-Means integrou o vigor multianual do dossel (via Google Earth Engine),
topografia e proxies de solo para delimitar zonas de microterroir, alcangando elevada eficacia
na estratificagdo de caracteristicas macrofisiologicas (Redugdo de Variancia de 33,62% para
clorofila b). No segundo estudo, desenvolveu-se uma estrutura preditiva de alta resolugao
espacial para o mesmo sistema de manejo. A fusdo de dados agrometeoroldgicos com imagens
multiespectrais obtidas por Veiculo Aéreo Nao Tripulado (VANT) superou significativamente
o uso isolado de IVs. O algoritmo XGBoost obteve a maior acurdcia (R* = 0,89 para SS; R? =
0,77 para AT), demonstrando que o GDA e a cultivar determinam a dinamica primaria de
maturagdo, enquanto os IVs capturam o refinamento da variabilidade espacial do vigor em
escala submétrica. Em sintese, conclui-se que a integrag¢ao de dados climaticos com plataformas
de sensoriamento remoto (orbital e aéreo) fornece um arcabouco analitico robusto para a
viticultura de precisdo em areas de dupla poda, otimizando a avaliagdo da maturidade

tecnologica, a gestdo de zonas de microterroir e as decisdes de colheita.

Palavras-chave: Viticultura de Precisdo; Aprendizado de Maquina; Vinhos de Inverno;

Sensoriamento Remoto; Zoneamento Viticola; Graus-Dia Acumulados.



IMPACT INDICATORS

This dissertation presents potential and direct technological, economic, and social impacts,
focusing on the territory of the viticultural regions of southeastern Brazil and subtropical areas
producing winter wines. The directly benefited public encompasses rural producers,
oenologists, and agronomists inserted in the local productive arrangement, whose field routines
are optimized by reducing laboratory costs and time in determining grape maturity,
characterizing a direct technological and economic impact. The research has a strong
extensionist character by promoting the transfer of precision viticulture technologies from the
academic environment of UFLA to external society, using partner rural properties as
demonstrative and validation areas for algorithms and unmanned aerial vehicles, actively
integrating the producer into agronomic solutions. This extension and research action involved
the direct participation of 5 professors and 8 students, consolidating in situ scientific knowledge
diffusion. In accordance with the guidelines of the National Extension Policy, the research
impacts are primarily classified in thematic area 7, Technology and Production, for the
development of predictive tools applied to agribusiness. Additionally, the obtained results align
with the UN Sustainable Development Goals (SDGs), notably SDG 2 (Zero Hunger and
Sustainable Agriculture), by promoting resilient and precision agricultural practices and SDG
9 (Industry, Innovation and Infrastructure), through the adoption of machine learning models

and remote sensing in the modernization of the wine sector.



INDICADORES DE IMPACTO

A presente dissertacdo apresenta impactos potenciais e diretos de ordem tecnoldgica,
econdmica e social, com foco no territorio das regides vitivinicolas do Sudeste brasileiro e areas
subtropicais produtoras de vinhos de inverno. O publico diretamente beneficiado engloba
produtores rurais, enodlogos e agronomos inseridos no arranjo produtivo local, cujas rotinas de
campo sdo otimizadas pela reducao de custos laboratoriais € de tempo na determinacao da
maturidade da uva, caracterizando um impacto tecnoldgico e econdomico direto. O trabalho
possui um forte carater extensionista ao promover a transferéncia de tecnologias de viticultura
de precisdo do ambiente académico da UFLA para a sociedade externa, utilizando propriedades
rurais parceiras como areas demonstrativas e de validacdo de algoritmos e veiculos aéreos nao
tripulados, integrando ativamente o produtor nas solugdes agrondmicas. Esta a¢do extensionista
e de pesquisa envolveu a participagdo direta de 5 docentes e 8 estudantes, consolidando a
difusdo do conhecimento cientifico in loco. Em consonancia com as diretrizes da Politica
Nacional de Extensdo, os impactos da pesquisa classificam-se primordialmente na area tematica
7, Tecnologia e Producdo, pelo desenvolvimento de ferramentas preditivas aplicadas ao
agronegocio. Adicionalmente, os resultados obtidos alinham-se aos Objetivos de
Desenvolvimento Sustentdvel (ODS) da ONU, destacando-se o ODS 2 (Fome Zero e
Agricultura Sustentdvel), por promover praticas agricolas resilientes e de precisdao e o ODS 9
(Industria, Inovag¢do e Infraestrutura), mediante a adog¢do de modelos de aprendizado de

maquina e sensoriamento remoto na modernizagdo do setor vitivinicola.
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INTRODUCAO

A area mundial de vinhedos apresenta um declinio estrutural, com redugao de
0,8% em 2025, totalizando sete milhdes de hectares. Esta retragdo marca o sexto ano
consecutivo de queda, impulsionada pelo arranque de videiras em paises produtores de
ambos os hemisférios. Em contrapartida, a viticultura brasileira diverge dessa tendéncia
global ao registrar seu quinto ano consecutivo de expansao. A superficie cultivada no
Brasil atingiu 91 mil hectares em 2025, um crescimento interanual de 9,6%, o que
consolida a participagdo do pais com 1,3% da area viticola mundial (OIV, 2026).

No ambito produtivo, a elaboragdo global de vinho foi estimada em 227 milhdes
de hectolitros em 2025, um incremento marginal de 0,6% em relagdo ao ano anterior. Este
volume configura o terceiro ano consecutivo de baixa produgao, reflexo da volatilidade
climatica e de ajustes estratégicos frente a retracdo da demanda internacional. Em
contraste, a produgao vitivinicola brasileira apresentou forte recuperagdo, alcangando 2,8
milhdes de hectolitros no mesmo periodo. Esse resultado representa um salto de 80,6%
frente a safra de 2024 e situa-se 15,8% acima da média dos ultimos cinco anos,
desempenho viabilizado por condigdes climaticas favoraveis nas principais regides
produtoras do pais (OIV, 2026).

Neste contexto, a viticultura global tem testemunhado o surgimento de novas
regides produtoras que empregam técnicas de manejo inovadoras para obter vinhos de
alta qualidade em climas anteriormente considerados marginais. A viticultura brasileira,
particularmente na regido Sudeste (drea subtropical), tem sido impulsionada pela
expansao da produgdo de vinhos finos devido a implementagdo da técnica de dupla poda
(BRANT et al., 2020). Essa préatica viabiliza a produgdo dos vinhos de inverno, invertendo
o ciclo de colheita da videira da tradicional estacdo chuvosa de verdo para o periodo mais
seco de inverno, melhorando a qualidade do fruto sob condigdes climaticas tropicais
(FAVERO et al., 2011) e promovendo a concentragdo de actcares e compostos fenolicos
nas bagas (REGINA et al., 2019).

O sucesso desta e de outras praticas viticolas depende fundamentalmente da
capacidade de determinar com precisdao o momento ideal de colheita, ponto definido pelo
conceito de maturacdo tecnologica, o qual representa o equilibrio ideal entre acucares,
medidos como Sdélidos Soluveis (°Brix), e a Acidez Tartarica (AT), parametros que
governam diretamente o potencial alcodlico, a estabilidade e o perfil sensorial do vinho

(PENSO et al., 2014). A determinacdo precisa do ponto de colheita ¢ um fator decisivo
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na viticultura, pois a qualidade da uva no momento da colheita influencia diretamente o
potencial do vinho final (CHEN et al., 2015). Tradicionalmente, o0 monitoramento para
essa decisdo € realizado por meio de amostragem manual de bagas no campo para analise
laboratorial. Contudo, esse método apresenta limitagdes significativas: € destrutivo,
oneroso, exige muita mao de obra e oferece baixa representatividade espacial. Dada a alta
variabilidade intra-vinhedo que a maturag@o pode exibir, a amostragem pontual falha em
capturar a verdadeira condi¢do da cultura, podendo levar a decisdes de colheita
inadequadas que comprometem a qualidade e a homogeneidade do produto final
(BRAMLEY, 2010a).

Para contornar essas limitagdes, a viticultura de precisdo busca explorar a mais
ampla gama de observacdes disponiveis para descrever a variabilidade espacial do
vinhedo com alta resolugdo. Satélites tém sido utilizados na agricultura de precisdao ha
mais de 40 anos, quando o Landsat 1 foi lancado em orbita em 1972 (MATESE; DI
GENNARO, 2015). A primeira aplicagdo do sensoriamento remoto na agricultura de
precisao ocorreu quando imagens Landsat de solo exposto foram utilizadas para estimar
padrdes espaciais no teor de matéria orginica do solo (BHATTI; MULLA; FRAZIER,
1991). Baseada nesses preceitos, a Modelagem Preditiva dedica-se a predi¢dao temporal
de atributos enoldgicos chave. Esta fase busca desenvolver e validar modelos preditivos
robustos capazes de estimar atributos de maturagdo da uva, nomeadamente Concentracao
de Solidos Soluveis, pH e Acidez Tartarica (KASIMATI et al., 2021). A predi¢do baseia-
se na integracdo de dados de sensoriamento remoto (indices de vegetagdo) e variaveis
térmicas (Graus-Dia Acumulados) (PARKER et al., 2011). Esta capacidade preditiva
pode ser validada com sucesso utilizando uma estacdo de crescimento subsequente e
independente, demonstrando a generalizag¢ao temporal dos modelos.

Entretanto, enquanto a modelagem preditiva aborda a previsdo temporal dos
atributos enologicos, ela deve ser acoplada a delimita¢do de zonas de microterroir para o
manejo eficaz da variabilidade espacial dentro da parcela do vinhedo. Essa abordagem
espacial concentra-se na caracterizagdo da heterogeneidade estrutural por meio da
integracdo de fatores ambientais e respostas vegetativas de longo prazo (ACEVEDO-
OPAZO et al., 2008; PRIORI et al., 2013).

A hipotese central deste trabalho ¢ que a fusdo de preditores espaciais (IVs) e
temporais (GDA) por meio de modelos de aprendizado de méaquina pode superar as
limitagdes das abordagens individuais, gerando estimativas mais precisas e robustas da

maturidade tecnoldgica. Portanto, o objetivo primario deste estudo foi desenvolver
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modelos preditivos temporais para a maturagdo tecnologica da uva e delimitar zonas
espaciais de microterroir sob condig¢des subtropicais no Brasil, bem como desenvolver e
avaliar modelos de aprendizado de maquina para a predicdo ndo destrutiva de Solidos
Soluaveis (°Brix) e Acidez Tartarica cultivadas sob regime de dupla poda. Os objetivos
especificos foram: (i) investigar se a inclusdo do GDA como variavel preditora melhora
significativamente a acurdcia dos modelos baseados em IVs; (ii) identificar os IVs mais
influentes para a predicdo da maturagdo da uva; (iii) determinar o algoritmo de
aprendizado de maquina de melhor desempenho para esta tarefa; e (iv) identificar as

variaveis mais influentes para a geragao de zonas de microterroir.
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ABSTRACT

Traditional methods for determining wine grape quality rely on sample-based laboratory analyses,
which are time-consuming, expensive, and destructive. To overcome these limitations, this study
proposes a non-destructive approach based on precision viticulture and machine learning to predict
grape maturation and delineate microterroir zones. We analyzed a comprehensive spatiotemporal
dataset (n = 1116) across the 2024 and 2025 seasons, integrating vegetation indices (VIs), accumulated
growing degree-days (GDD), and key physicochemical attributes, including soluble solids content
(SSC), pH, and tartaric acidity (TA). Initial feature selection established GDD as the primary driver
for all quality attributes, showing strong correlations with both SSC and TA. Building upon these
temporal dynamics, we evaluated several machine learning models for inter-seasonal validation. The
Random Forest (RF) algorithm emerged as the most robust model for macro-prediction, yielding high
accuracy for SSC (R*=0.73) and TA (R*=0.71). Conversely, pH modeling proved highly challenging,
exhibiting critical temporal degradation and weak generalizability across independent seasons. In
parallel to the temporal predictions, unsupervised K-Means clustering (k = 3) was applied to define
spatial zones by integrating multi-year canopy vigor, terrain attributes, and soil proxies. This approach
effectively partitioned macro-physiological traits, such as chlorophyll 5, and maximized variance
reduction when combining annual insolation with soil properties. However, field validation
highlighted a limitation, as the model captures broad spatial zones but struggles to stratify highly
localized, sub-metric canopy variations. Ultimately, integrating climatic metrics with remote sensing
provides a reliable framework for forecasting macro-temporal trends in SSC and TA, as well as for
delineating robust microterroir zones. Nevertheless, improving inter-seasonal pH forecasting will

require the future inclusion of specific soil chemical properties.

Keywords: Cabernet Sauvignon, Cabernet Franc, Precision Viticulture, Spectral variability
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INTRODUCTION

The Brazilian viticulture, particularly in the Southeastern region (subtropical area) has been the
expansion of fine wine production driven by the implementation of the double pruning technique
(BRANT et al., 2020). This viticultural innovation aims to shift grape harvesting from the traditionally
rainy summer season to the drier winter months, thereby improving fruit quality under tropical climatic
conditions (FAVERO et al., 2011).

Among the cultivars benefiting from this approach, Cabernet Sauvignon and Cabernet Franc
have demonstrated satisfactory agronomic performance and promising enological potential under the
specific environmental conditions of southern Minas Gerais State. (REGINA et al., 2011)

Achieving uniform ripening, however, is made difficult by the spatial variability of the
vineyard. Viticultural productivity is spatially inconsistent, both in terms of vegetative vigor
(BRAMLEY; HAMILTON, 2007) (JOHNSON et al., 2003) and fruit quality (BRAMLEY;
HAMILTON, 2005). This heterogeneity largely derives from variations in the edaphic and topographic
attributes attributes of the site (BRAMLEY; OUZMAN; BOSS, 2011).

In the context of modern viticulture, this spatial heterogeneity presents a critical economic and
operational challenge (MATESE; DI GENNARO, 2015). The rising costs of specialized agricultural
labor demand more efficient management strategies. By identifying and delineating specific
management zones, vineyard managers can adopt precision practices, such as selective step-wise
harvesting. This approach not only mitigates the financial impact of labor inefficiencies but also
ensures that grapes are harvested at their optimal technological maturity, maximizing the enological
potential of each specific area (BRAMLEY; OUZMAN; THORNTON, 2011).

To address these challenges, predictive modelling is dedicated to the temporal prediction of
key enological attributes. This phase seeks to develop and validate robust predictive models capable
of estimating grape maturation attributes, namely Soluble Solids Concentration, pH, and Tartaric
Acidity (KASIMATI et al., 2021a). The prediction is based on the integration of remote sensing data
(vegetation indices) and thermal variables (Growing Degree Days) (PARKER et al., 2011). This
predictive capability can be successfully validated using an independent, subsequent growing season,
demonstrating the temporal generalization of the models.

While predictive modeling addresses the temporal forecasting of enological attributes, it must
be coupled with the delineation of microterroir zones to effectively manage the spatial variability
within the vineyard block. This spatial approach focuses on characterizing structural heterogeneity by
integrating environmental factors and long-term vegetative responses (ACEVEDO-OPAZO et al.,
2008), (PRIORI et al., 2013).
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Despite the advances in precision agriculture, the application of data-driven tools remains
scarce in the context of winter wine production. Filling this gap requires the development of a
pioneering computational prototype, designed to translate complex agrometeorological and remote
sensing data into practical decision-making tools for the viticultural sector.

Therefore, the objective of this study was to develop temporal predictive models for grape
technological maturation and to delineate spatial microterroir zones under subtropical conditions in

Brazil.
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MATERIAL E METHODS

The experimental site was a commercial vineyard, located in Bom Sucesso, south of Minas
Gerais State, Brazil (21°09', 44°53"; altitude: 865 m above sea level). The regional climate is classified
as Cwa (humid subtropical with dry winters) according to Koppen, with mean annual temperature of
19.4 °C, annual rainfall of 1,529.7 mm, and relative humidity of 76.2%, with dry winters and rainy
seasons between October and March, with greater intensity rain events between December and
February (Alvares et al., 2013).

Vitis vinifera (L.) cultivar Cabernet Sauvignon (2.4 ha) and Cabernet Franc (1.4 ha) grapevines
were planted in 2022, on rootstock IAC 766 ‘Campinas’ and trained to a vertically shoot-positioned
(VSP) trellis system, under a double pruning management regime, and drip irrigated. Rows were
orientated northwest-southeast and row and vine spacing was 2.6 and 1.0 m, respectively. Production
pruning was performed on 3 March 2024 and 3 March 2025 for Cabernet Sauvignon and on 17
February 2024 and 17 February 2025 for Cabernet Franc.

The vineyard area presents a heterogeneous distribution of soil classes, described according to
the Brazilian Soil Classification System — SiBCS (SANTOS et al., 2025). The predominant soils are
Red Latosols (LV1, LV2, and LV3), ranging from typical to stony and gravelly phases. In smaller
proportions, Haplic Cambisols (CX) and Fluvic Cambisols (CY) occur. Additionally, Yellow Argisols
stony (PA) and Red-Yellow Argisols stony (PVA) were identified (Figurel).

Figure 1 - Distribution of soil classes of the vineyard experimente.

CX - Haplic Cambisol

CY - Fluvic Cambisol

LV1 - Red Latosol

LV2 - Red Latosol gravelly

LV3 - Red Latosol stony

PA - Yellow Argisol stony

PVA - Red-Yellow Argisol stony

>Phhoe

A total of 93 georeferenced sampling points were established (45 for Cabernet Sauvignon and
48 for Cabernet Franc, enclosed within red and orange polygons, respectively). These points were used
both for collecting grape ripening data in the field and for extracting spectral information from

multispectral imagery (Figure 2).

Figure 2 - Location of the study area in the municipality of Bom Sucesso, south of Minas Gerais State, Brazil. (a) Map of
Brazil highlighting the state of Minas Gerais;(b) Map of Minas Gerais highlighting the municipality of Bom Sucesso;(c)

High-resolution satellite image of the vineyard experimente.
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The data collection was carried out during the grape ripening phase, specifically after the onset
of veraison. The sampling spanned six consecutive dates in and six consecutive dates in 2025, at
weekly intervals up to harvest. At each georeferenced sampling point and on each date, 20 grape berries
were manually harvested from three distinct vertical positions within the grape cluster (top, middle,
and bottom), evenly distributed across both sides of the vertically shoot-positioned (VSP) trellis system
and placed in labeled plastic bags immediately.

Following collection, the berries were homogenized and gently crushed to prevent seed damage
and minimize the release of undesirable phenolic compounds. The resulting juice was subjected to
laboratory analysis to quantify three key physicochemical parameters of grape maturity: soluble solids
content, measured in degrees Brix (°Brix); pH, using a calibrated digital pH meter; and tartaric acidity
(TA), results were subsequently converted into tartaric acid equivalents (g/L).

In parallel with field sampling, a series of high-resolution multispectral satellite images were
acquired from Planet Labs Inc., each with a spatial resolution of 3 meters and containing surface
reflectance data across eight spectral bands (coastal blue, blue, green I, green, yellow, red, red edge,
and near-infrared), exported in GeoTIFF format. These images were selected to coincide precisely
with the dates of field data collection to ensure temporal correspondence. The satellite imagery

projected on WGS 84 / UTM zone 23S was subsequently processed in QGIS 3.4 (Free Software
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Foundation, Boston, MA, USA) using the Raster Calculator tool to compute 16 vegetation indices for
each sampling date and georeferenced location.

In addition to remote sensing and field measurements, a climatic variable accumulated degree-
days (GDD) were computed following the method proposed by Villa Nova et al. (1972), using a base
temperature of 10°C for grapevine development, as suggested by (BACK; BRUNA, 2012).

TM+Tm

If Tm > Tb GD = _ 10
IfTm<Tb<TM GD = (TM—-10)?

2x(TM—Tm)
IfTM <Tb GD =0

TM = daily maximum temperature; Tm = daily minimum temperature; Tb = base temperature
(10°C)

Daily temperature data were obtained from the NASA POWER platform, aligned temporally
with the six field sampling dates. The reliability of NASA POWER data for environmental and

agrometeorological applications has been validated in previous studies (BARBOZA et al., 2024).

In this study, 16 vegetation indices were used, as detailed in Table 1. (Table 1).

Table 1 - Vegetation Indices (VIs) selected as predictors for the grape maturation attributes models, their mathematical

equations, and original references.

V.L Name

Formula

Ref.

Normalized Difference Vegetation

NDvI  Index npyr = MR =R) (ROUSE et al., 1974)
(NIR+R) ?
Normalized Green-Red Difference G -R)
NGRDI  Index NGRDI = TUCKER, 1
G G G+R (TUC , 1979a)
Soil-Adjusted Vegetation Index
SAVI SAVI = M *(1+1L) (HUETE, 1988)
T (NIR+R+1L) ’
Redness Index
RI _R-0) (ESCADAFAL
T (R+6) RICHARD, 1991)
Excess Green Index EBBECKE .
EXG EXG = ((2+g) —7 —b) (WOEBBECKE et al,
1995)
Excess Red Index
EXR EXR=(14xR)—G (MEYER et al., 1998)
Excess Green minus Red Index
EXGR EXGR = EXG — EXR (NETO, 2004)
Green Leaf Index .
(G =R) + (G —B)) (LOUHAICHL
GLI GLl =——F—F—— BORMAN; JOHNSON,
(G+R+G+B) 20012)
Color Index of Vegetation Extraction CIVE 0441 % R 08116 0.385 + B
CIVE = (0441 R) = (0811 x G) + (0,385 * B) (KATAOKA et al., 2003)

+18,78745)
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Plant Cell Density Index
PCD

PCD = (NIR/R)

(LAMB, 2003)

Pigment Vegetation Ratio
PVR

PVR = (G/R)

(LAMB, 2003)

Normalized Difference Red Edge
NDRE Index

NIR — RedEdge
NIR + RedEdge

(TUCKER, 1979b)

Green  Normalized  Difference

(LOUHAICHI;

. NIR -G
GNDVI  Vegetation Index - BORMAN; JOHNSON,
Green Chlorophyll Index
GCl NIR 1 (GITELSON;  GRITZ;
< MERZLYAK, 2003)

Modified Chlorophyll Absorption in
MCARI Reflectance Index

((NIR—R) = 0.2 (NIR— G)) NRﬁ

(DAUGHTRY et al,
2000)

Non-Linear Index (NIR? — R)

NLI - GOEL; QIN, 1994
(NIRZ + R) ( Q )

Table 1.Legend: L = 0,5

G Fo_R B
9= (R+G+B) ~ (R+G+B) ~ (R+G+B)

To extract vegetation index values at the point scale, all satellite scenes were further processed
in QGIS 3.4 (Free Software Foundation, Boston, MA, USA). To extract vegetation index values, a
circular buffer with a 1.5-meter radius was applied to each georeferenced sampling point. Mean
vegetation index values were extracted from each buffer area, ensuring spatial alignment between
ground-based observations and remote sensing data. This procedure resulted in a temporally and
spatially explicit dataset suitable for subsequent statistical analyses.

Vegetation indices, accumulated growing degree-days (GDD), and physicochemical
measurements of grape maturity (soluble solids content (SSC), pH, and tartaric acidity) were integrated
to construct the dataset. For each georeferenced sampling point, all predictor variables (vegetation
indices and GDD) were temporally aligned and linked to the corresponding response variables (grape
composition attributes). The resulting data matrix comprised 1116 observations (93 sampling points x
12 dates), each representing a unique spatiotemporal condition of the vineyard canopy and fruit
development.

A preliminary descriptive statistical analysis was conducted to explore the potential of
vegetative indexes and climatic variables in predicting grape quality parameters. In this exploratory
phase, spearman correlation coefficients were computed to assess the linear associations between all
predictor variables (vegetation indexes and accumulated degree-days) and the target attributes (soluble

solids content, pH, tartaric acidity).
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The initial phase of the machine learning (ML) modeling process involved the selection of the
most relevant predictor variables. For this purpose, the Recursive Feature Elimination (RFE) method
was applied, which iteratively assesses attribute importance (GUYON et al., 2002).

RFE was executed independently for each of the three target maturation variables: SSC
(Soluble Solids Content), pH, and TA (Tartaric Acidity). The primary objective was to identify
optimized predictor subsets tailored individually for each target attribute. This analysis utilized the
complete dataset, encompassing both studied cultivars across the entire vineyard area (N=93
observation points). Following the RFE selection criteria, the top five predictor variables were retained
for subsequent modeling and analysis.

To assess the model's ability to generalize to future seasons (temporal validation), this study
adopted a sequential data splitting strategy. The dataset corresponding to the 2024 season was used for
model fitting (training). The dataset from the 2025 season was held out entirely as an independent
dataset for final testing and validation.

Consistent with methodological best practices (SHINE; MURPHY, 2021) hyperparameter
tuning was conducted exclusively within the 2024 training set, employing an inner 10-fold CV process
to select the optimal model configuration before the final validation on the 2025 data.

Predictive models were developed using three supervised machine learning techniques:

Random Forest: A supervised learning approach in which the ensemble learning
method is used for regression. This combines numerous decision tree regressors into a
single model trained on many data samples collected on the input feature using the bootstrap sampling
method (BREIMAN, 2001).

Support Vector Regression: It is one of the most robust prediction methods. The (non-linear)
model produced by this algorithm depends only on a subset of the training
data because the cost function does not take into account any training data close to the
model predictions (CORTES; VAPNIK; SAITTA, 1995).

Extreme Gradient Boosting (XGBoost): It is a high-performance, scalable machine learning
algorithm based on decision tree ensembles. It incorporates a sparsity-aware learning strategy and an
efficient weighted quantile sketch algorithm for handling structured and sparse data (CHEN;
GUESTRIN, 2016).

The predictive performance of the models was evaluated using the coefficient of determination
(R?) (1), root mean square error (RMSE) (2), and mean absolute error (MAE) (3), calculated based on

an independent validation subset. In addition, a 10-fold cross-validation was performed within the
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training data for each regression model to assess its generalization ability and ensure robustness

(CHAIL DRAXLER, 2014)

Soil Electrical Conductivity (EC) is defined as the inverse of Electrical Resistivity (ER)
(Rabello et al., 2014). Consequently, soil EC is obtained from the potential difference measured
between electrodes as a result of the current emitted and received by the system. The operating

principle is based on the relationship expressed in Equation (1):

1
CEa=—
pa

where CEa is the soil apparent electrical conductivity (S m™) and pa is the soil apparent
electrical resistivity (Q2 m).

Data acquisition is performed in real time using the Fieldbox system, developed by the same
company. Measurements were conducted with the device pulled by a tractor at an approximate speed
of 5 km h™', moving along the vineyard interrows. Due to the spacing between discs, the effective
reading depth corresponds to 0.30 m.

Apparent electrical conductivity (CEa) was calculated as the inverse of electrical resistivity
(pa), determined according to the four-electrode method described by Wenner (1915), as shown in
Equation (2):

%4
pa = 27ra7

The Soil Brightness Index (SBI) map was generated using a high-resolution (3m spatial
resolution) Planet Labs satellite image acquired on March 22, 2022. This specific date was selected to
ensure bare soil conditions within the vineyard block, minimizing interference from vegetation spectral
signature. The SBI was calculated within the QGIS environment using the Raster Calculator tool and

the following established spectral index formula:

(KAUTH; THOMAS, 1976)

(Blue* + Green® + Red® + NIR?)
SBI = 2

The Google Earth Engine (GEE) platform (GORELICK et al., 2017) was used to characterize
the multiyear vegetative potential associated with each sampling point. A cloud-free median composite
image was generated on the platform from the Sentinel-2 MSI surface reflectance dataset (Level-2A)
(DRUSCH et al., 2012) covering the period from January 2023 to January 2025. Applying a median

reducer to the time series enabled the synthesis of a single representative mosaic, reducing the
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influence of seasonal variability and atmospheric artifacts. From this composite image, the Enhanced
Vegetation Index (EVI) was computed as an indicator of the spatial pattern of vegetation vigor.

The use of the Enhanced Vegetation Index (EVI) is recommended for vineyard monitoring
because it captures vegetative growth and phenological stages of grapevines. Previous studies have
demonstrated that EVI-derived metrics correlate significantly with critical stages such as flowering
and veraison, and that multiyear EVI time series allow assessment of vegetative variability across
years, supporting large-scale vineyard monitoring (FRAGA et al., 2014) .

EVI = 2.5 « (NIR = RED) (HUETE, A.e colab.,2002)
" (NIR + 6  RED — 7.5 * BLUE + 1) o v

Terrain attributes were extracted from the Digital Elevation Model (DEM) provided by the
Alaska Satellite Facility, generated by the ALOS PALSAR sensor (ROSENQVIST et al., 2007) with
a corrected spatial resolution of 12.5 meters (ALASKA SATELLITE FACILITY, 2015). Terrain
insolation values were derived for the geographic coordinates of the polygon using the SAGA GIS
platform (CONRAD et al., 2015), aiming to identify terrain-related differences.

To characterize the physiological status of the plants, two complementary attributes were
measured at each sampling point. The relative leaf chlorophyll index, used as an indicator of nutritional
status, was estimated with a portable meter (ClorofiLOG®, Falker) on three distinct and fully expanded
leaves. NDVI was used as an indicator of vegetative vigor and was obtained with an active optical
sensor (GreenSeeker®), positioned approximately 1 meter from the canopy side, with three
independent readings per point. Physiological assessments (chlorophyll and NDVI) were conducted
on April 17 and May 22, 2025. For all attributes, the final value assigned to each sampling point
corresponded to the arithmetic mean of the respective triplicate measurements.

The delineation of microterroir zones was conducted in QGIS 3.4 (Free Software Foundation,
Boston, MA, USA) using the Precision Zones plugin (MELO; CUNHA; AMARAL, 2025). Four
distinct models were structured and compared based on different combinations of input variables. The
biannual Enhanced Vegetation Index (EVI) time series was used as the baseline variable in all models
to represent the spatial variability of vegetative vigor. Model differentiation followed a 2x2 factorial
design: two Topography hypotheses (Elevation vs. Insolation) crossed with two Surface hypotheses
(Electrical Conductivity vs. Soil Brightness). The biannual EVI was kept constant as a base vigor
variable.

Models:

* Model 1 (Elevation + EC): Elevation, biannual EVI time series, and soil electrical conductivity.
* Model 2 (Insolation + EC): Annual terrain insolation, biannual EVI time series, and soil electrical

conductivity.
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*Model 3 (Elevation + SBI): Elevation, biannual EVI time series, and soil brightness.
* Model 4 (Insolation + SBI): Annual terrain insolation, biannual EVI time series, and soil brightness.

Principal Component Analysis (PCA) was employed in each approach to normalize variable
contributions, eliminate multicollinearity, and weight the inputs according to their contribution to the
total spatial variance of the study area (AGGOGERI; PELLEGRINI; TAGLIANI, 2021).

The selection of the number of components retained for clustering followed a quantitative
criterion: the first two principal components (PCs) were selected, which consistently explained at least
70% of the total data variability across analyses. This approach preserves the most significant spatial
patterns while minimizing noise associated with lower-order components.

The clustering stage, responsible for generating the zones, was performed using the
unsupervised K-Means algorithm. Determination of the optimal number of clusters (k) was supported
by a combined evaluation of the Elbow method and the Silhouette score. Based on these indicators,
and considering agronomic interpretability and operational applicability, three management zones (k
= 3) were adopted as the standard for all models, enabling direct comparison among the zoning
approaches.

Subsequently, a post-processing step was applied to enhance spatial cohesion of the zone maps.
A modal filter (majority filter) was used to smooth boundaries and remove salt-and-pepper noise. For
this procedure, an analysis window with a radius of 5 was defined, corresponding to an 11x11-pixel
neighborhood, in which the central pixel value is replaced by the mode (most frequent value) of its
surroundings. The final output of this workflow consisted of microterroir maps with more
homogeneous and operationally feasible zones.

To objectively compare the efficacy of the four models, a statistical validation was performed
using the "Analysis" tool within the Precision Zones plugin.

This process involved overlaying the 93 ground-truth points onto the final zone maps of each
of the four models. The plugin then calculated the Variance Reduction (VR%) for each of the six
validation variables (Chl A, Chl B, and Greenseeker NDVI at two dates) (YUAN et al., 2022).

The VR% is a key metric of clustering efficacy, defined as:

SStotal — SSwithin
SStotal

VR% = < > * 100, MCBRATNEY e WEBSTER, 1986.
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RESULTS
The Spearman correlation coefficients computed for Field 5 (Cabernet Sauvignon) and Field 6
(Cabernet Franc) (Figure 3) revealed strong and consistent relationships between predictor variables

and the primary grape quality parameters.

Figure 3 - Spearman correlation matrices (heatmaps) illustrating the relationships between multispectral vegetation indices,
thermal variables (growing degree days), and grape maturation attributes. (A) Field 5, corresponding to the Cabernet
Sauvignon cultivar. (B) Field 6, corresponding to the Cabernet Franc cultivar. The color gradient denotes the strength and
direction of the correlation coefficients (7y), ranging from strong negative (dark blue) to strong positive (dark red)

associations.
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Accumulated degree-days (degree days) emerged as the single strongest predictor for grape
maturation across both fields. It exhibited a robust positive correlation with soluble solids content (ssc),
with rs values of 0.84 in Field 5 and 0.86 in Field 6. Furthermore, degree days showed a moderate to
strong positive correlation with pH (rs = 0.42 and rs = 0.64, for Fields 5 and 6, respectively) and a
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corresponding negative correlation with tartaric acidity (ta), which was strong in Field 5 (rs = -0.82)
but moderate in Field 6 (rs =-0.54).

Conversely, the majority of vegetation indices demonstrated relationships that were inversely
related to those of degree days. Soluble solids content (ssc) was strongly and negatively correlated
with multiple Vs in both fields. The strongest negative associations were observed with indices such
as nli (rs = -0.58; -0.76), ndre (rs = -0.60; -0.77), mcari (rs = -0.57; -0.75), and the normalized
difference vegetation index (ndvi) (rs = -0.53; -0.70).

Tartaric acidity (ta) generally showed moderate positive correlations with the VIs. For instance,
ndvi presented rs values of 0.44 (Field 5) and 0.41 (Field 6) against ta. Similarly, gndvi correlated
positively with ta (rs = 0.44 and 0.41, respectively). The relationship between VIs and pH was less
consistent across sites. In Field 5, most VIs showed negligible correlations with pH (e.g., ndvi, rs = -
0.14). However, in Field 6, moderate negative correlations were observed, such as with nli (rs =-0.55)
and ndvi (rs = -0.48).

The initial modeling phase consisted of identifying the most relevant predictors for each target
variable using the Recursive Feature Elimination (RFE) method. The importance of each predictor was
quantified by the percent increase in Mean Square Error (%IncMSE) when the variable's values were
permuted.

Across all three maturation targets, accumulated degree-days were identified as the single most
dominant predictor by a substantial margin. For Soluble Solids Content (SSC), degree days showed
overwhelming importance (approx. 118% IncMSE). A secondary group of predictors was identified
among the vegetation indices, led by exgr (approx. 34%), cive (approx. 33%), ndre (approx. 32%), and
exr (approx. 31%).

For pH, degree days also ranked first (approx. 105% IncMSE), though its dominance was less
pronounced compared to SSC and TA. Notably, the ndre index (approx. 45%) was identified as the
second-most important predictor, demonstrating an importance level nearly equal to that of degree
days. This was followed by nli (approx. 38%), cive (approx. 30%) and exr (approx. 28%)

For Tartaric Acidity (TA), degree days was again the most critical predictor (approx. 122%
IncMSE). The relative importance of the vegetation indices differed from SSC, with gli (approx. 20%),
ndre (approx. 18%), gndvi (approx. 14%) and exg (approx. 14%).

As per the methodology, the top five ranked predictors for each specific target variable (SSC,
TA, and pH) were selected from these results to proceed with the development of the final predictive

models.
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Figure 3 — Relative importance of thermal and multispectral predictors for estimating key enological targets, evaluated via
the percent increase in Mean Squared Error (%IncMSE). (A) Soluble Solids Content (SSC). (B) pH. (C) Tartaric Acidity

(TA). Accumulated degree-days consistently ranks as the dominant predictor across all three parameters.
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Following the variable selection by RFE, the predictive performance of the machine learning models
was evaluated for Soluble Solids Content (SSC), with results summarized in Table 3.
Table 3 - Statistical evaluation criteria (R?, RMSE, and MAE) applied to the
machine learning models for Soluble Solids Content (SSC) prediction,

discriminating between the 2024 training and the 2025 independent testing

phases.

Model Dataset R2 RMSE MAE
RF Test (2025) 0.73013  2.432747 2.018404
SVM Test (2025) 0.688403 2.238039 1.861004
XGB Test (2025) 0.627565 2.504457  2.0565
RF Training (2024) 0.967324 0.512857 0.405478
XGB Training (2024) 0.93832  0.698516  0.564665

SVM Training (2024) 0.93383  0.721811  0.560771
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The models demonstrated a high degree of fit to the 2024 training dataset. The Random Forest
(RF) algorithm achieved the strongest fit (R? = 0.967, RMSE = 0.513), followed by XGBoost (R* =
0.938, RMSE = 0.699) and SVM (R?=0.934, RMSE = 0.722). These low error metrics on the training
set confirmed that all models successfully learned the data patterns from the 2024 season.

The primary assessment, however, was the temporal validation using the independent 2025 test
dataset. As expected, a performance reduction was observed, reflecting inter-seasonal variability. In
this validation, the SVM model emerged as the most robust predictor, achieving the lowest error
metrics with an RMSE of 2.238 and an MAE of 1.861. While the Random Forest model explained the
largest proportion of variance (R? = 0.730), its predictive accuracy was lower, indicated by a higher
RMSE (2.433). The XGBoost model yielded the weakest performance on the independent test data (R?
=0.627, RMSE = 2.504).

Therefore, the SVM model was identified as the most effective for generalizing predictions of
SSC to a future, unseen season.

For the prediction of pH, a similar pattern was observed during model training (Table 4). All
algorithms demonstrated a strong fit to the 2024 data, with Random Forest achieving the highest R?
(0.947) and lowest RMSE (0.064).

Table 4 - Statistical evaluation criteria (R?, RMSE, and MAE) applied to the machine
learning models for pH prediction, discriminating between the 2024 training and the 2025

independent testing phases.

Model Dataset R2 RMSE MAE

RF Test (2025) 0.3023433  0.24159356  0.20812643
SVM Test (2025) 0.1357797  0.26553918  0.23202839
XGB Test (2025) 0.0286009 0.33230761  0.26543588
RF Training (2024) 0.9470950  0.06412163  0.04547285
XGB Training (2024) 0.8976785  0.08748702  0.06830497
SVM Training (2024) 0.8975135  0.08788017  0.06377096

However, the temporal validation on the 2025 test dataset revealed a significant degradation in
predictive power for this variable. The Random Forest model provided the best, albeit weak, predictive
performance, achieving the highest R? (0.302) and the lowest RMSE (0.242). The SVM (R? = 0.136,
RMSE =0.266) and XGBoost (R?=0.029, RMSE = 0.332) models failed to generalize, with R* values
approaching zero. These results indicate that the models, while effective for SSC, could not effectively
predict pH across seasons based on the provided inputs.

For the prediction of Tartaric Acidity (TA), the models again demonstrated a robust fit to the
2024 training data (Table 5). The Random Forest algorithm provided the best training metrics (R? =
0.889, RMSE = 1.742).
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Table 5 - Statistical evaluation criteria (R?, RMSE, and MAE) applied to the
machine learning models for Tartaric Acidity (TA) prediction, discriminating

between the 2024 training and the 2025 independent testing phases.

Model Dataset R2 RMSE MAE

RF Test (2025) 0.7121591  3.217871  2.658605
SVM Test (2025) 0.6729033 3.271454 2.661818
XGB Test (2025) 0.5820201 3.467074 2.617628
RF Training (2024) 0.8893676  1.742304  1.089571
XGB Training (2024) 0.7884381  2.358262  1.554809
SVM Training (2024) 0.7576251  2.551055  1.413271

In the temporal validation on the 2025 dataset, the models demonstrated a successful capacity
to generalize, a result that contrasts sharply with the findings for pH. The Random Forest model yielded
the strongest predictive performance, achieving the highest R? (0.712) and the lowest RMSE (3.218).
The SVM (R?=0.673, RMSE =3.271) and XGBoost (R?=0.582, RMSE = 3.467) models also showed
predictive capability but were outperformed by the RF.

These findings suggest that both SSC and TA can be effectively modeled across seasons, while
pH prediction remains a significant challenge.

Although all four models generated a consistent three-zone structure (k = 3), they exhibited
systematic spatial differences in the position of zone boundaries and in the relative extent of each class.
In all cases, the general pattern was maintained lower-value zones in the western portion (blue),
intermediate values in the central region (red), and higher values in the eastern sector (yellow).
However, the transitions between classes differed according to the combination of topographic, soil,
and spectral variables included in each model.

Model 1 (Elevation + EC) produced sharper and more linear boundaries, especially between
the blue and red zones. This configuration reflects the influence of elevation, which introduced a strong
topographic gradient that aligned with variations captured by soil electrical conductivity. The central
region displayed relatively stable and well-defined boundaries, suggesting a strong coupling between
terrain position and soil physical-chemical properties.

In Model 2 (Insolation + EC), the overall structure was preserved, but boundaries shifted
slightly, particularly between the red and yellow zones. Replacing elevation with annual insolation
generated smoother spatial transitions, mainly in the upper and central portions of the field. Compared
to Model 1, there was a subtle expansion of the yellow zone toward the southeastern sector, indicating
that spatial variability in energy input modulated the relationship between vegetation signals and soil

conductivity;
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Model 3 (Elevation + SBI) displayed more internally homogeneous zones, with reduced local
variability and smoother polygonal transitions. Substituting EC with the Soil Brightness Index (SBI)
refined the boundary definition, especially between the red and yellow zones. Because SBI is sensitive
to texture, organic matter content, and soil exposure, this model captured finer-scale soil variability,
resulting in less fragmentation and more coherent spatial structures relative to the EC-based models.

Model 4 (Insolation + SBI) presented the most continuous zoning pattern, with the smoothest
boundaries and the highest internal consistency among zones. The combination of insolation with SBI
reduced the minor shifts observed in the other models and produced a more gradual alignment between
the blue and red zones, while further stabilizing the yellow zone in the eastern region. This suggests
that the interaction between energy availability and optical soil properties enhances the spatial

coherence of management zones.
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Figure 4 — Delineation of categorical microterroir zones (k = 3) using four different clustering models based on
topographic, soil, and spectral inputs. Panels represent: (A) Model 1 (Elevation + EC); (B) Model 2 (Insolation + EC); (C)
Model 3 (Elevation + SBI); and (D) Model 4 (Insolation + SBI). Map colors serve as categorical identifiers for the distinct

microterroirs identified across the study area.

To ensure a standardized comparison across all four microterroir hypotheses, the optimal
number of clusters (k) was statistically determined for each of the four models. The combined analysis
of the Elbow Method (WCSS/Inertia) and the Average Silhouette Score was employed on the first two
Principal Components (PCs) for each model.

In Model 1, the Silhouette coefficient reached its maximum at k = 3, decreasing steadily for
higher values of k, whereas the Elbow curve suggested a milder inflection at k£ = 4. Model 2 showed a
markedly different pattern, with the highest Silhouette value occurring at k£ = 2 and a progressive

reduction for £ > 3, indicating diminished cluster separability despite an Elbow trend pointing toward
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k = 4. Model 3 again demonstrated a clear Silhouette optimum at £ = 3, accompanied by the largest
decline in inertia between k = 2 and k£ = 3, making it the most consistent model across both metrics.
Model 4 showed comparable Silhouette values at k = 2 and k£ = 3, with a slight advantage for k£ = 2,

while the Elbow curve still indicated a potential inflection at & = 3.

Figure 5 - Combined optimization metrics for determining the appropriate number of management zones (k). The plots
display the Within-Cluster Sum of Squares (Inertia) and Silhouette coefficients applied to the PCA-reduced datasets (PCs
=2). (A) Model 1. (B) Model 2. (C) Model 3. (D) Model 4.

. = -

Elbow + Silhouette - PCA (PCs=2) 9 9

'--..__‘" 06 [l ~

2 1500 B N =+ Inertia e 4 hneria [0473 1

= 1000 N W G 050 °t . 0450 o
1 B~ Silhouette 20 - Silhouette

£ 500 5 & 5

3 3

2 3 4 5 6 7 8 9 0 £ <

Number of clusters (k) n Number of clusters (k) n

—

Elbow + Silhouette - PCA (PCs=2) 9

Elbow + Silhouette - PCA (PCs=2) p ‘ 2w

2000 ‘__ . s _* Inertia .

2 —#— Inertia L ~opll- Sihouette g

£ 1000 050 g ~ 49

€ b J

3 0

2 <

[ Number of clusters (k) v

Number of clusters (k)

Collectively, the models differed primarily in the Silhouette-based optimal number of clusters:
Models 1 and 3 favored k = 3, whereas Models 2 and 4 favored k& = 2, suggesting that variations in
preprocessing or model specification substantially altered the underlying cluster structure.

Given this overwhelming statistical convergence from both methods, and in alignment with the
agronomic goal of creating practical 'High/Medium/Low' potential zones for viticultural management,
k=3 was confirmed as the most robust, balanced, and statistically appropriate number of clusters for
all four delineation models. This standardization allows for a direct and equitable comparison of the
spatial patterns generated by each set of input variables.

The overall performance of each model, calculated as the mean VR% across all six validation

variables, is presented in Figure 7.
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Figure 6 — Ranking of the overall performance of the four zoning methods. The graph displays the average VR% calculated

across all validation parameters for each model, highlighting Model 2 as the most statistically balanced.
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The analysis revealed distinct differences in model performance. Model 2 emerged as the most
statistically balanced, achieving the highest average Variance Reduction (Average VR = 11.02%). It
was followed closely by Model 4 (Average VR = 10.88%).

Conversely, Model 1 and Model 3 demonstrated significantly weaker clustering efficacy, with
average VR values of 7.90% and 9.88%, respectively. While Model 2 provided the highest average
performance, the near-equivalent score of Model 4 necessitates a more detailed analysis to determine
the optimal model for practical application.

To understand the specific strengths and weaknesses of each model, a detailed analysis of VR%

for each individual validation variable was conducted (Figure 8).
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Figure 7 — Detailed Variance Reduction (VR%) analysis evaluating the specific clustering efficacy of the four zoning
models across individual validation variables. The bar charts illustrate the VR% for chlorophyll a (A), chlorophyll b (B),
and Normalized Difference Vegetation Index (NDVI) values acquired via a GreenSeeker active sensor (GS), evaluated on

two distinct dates (May 22 and July 14). Panels correspond to: (A) Model 1; (B) Model 2; (C) Model 3; and (D) Model 4.
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This granular analysis yielded two critical findings:

1. High Efficacy in Clustering Chlorophyll Variables: A significant outcome was the high
VR% achieved for the Chlorophyll B (Variable B) variable measured on 14 july. All four models
successfully partitioned this variable, with Model 4 achieving the highest efficacy (VR% = 33.62%)),
followed by Model 2 (VR% = 33.07%). Similarly, Model 4 also showed the best performance for
Chlorophyll A (Variable A) on the same date (VR% = 24.57%).

This strong performance suggests that the input data used to generate the clustering models
possess a high degree of spatial correlation with the canopy's physiological state, specifically
Chlorophyll content, during this particular phenological stage (14 july). This finding validates the use
of these input variables for creating zones predictive of chlorophyll content.

2. Systemic Failure to Model GreenSeeker (GS) NDVI: The most striking finding from the
detailed analysis was the systemic failure of all four models to effectively partition the GreenSeeker
(GS) NDVI data. As illustrated in Figure 19, the VR% for both GS variables (14 july and 22 may)

were negative across all models.
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A negative VR% indicates that the variance within the delineated zones was greater than the
variance between the zones, implying that the clustering was counter-productive for this variable. This
suggests a critical disconnect between the spatial input data used to create the models and the data

captured by the proximal GreenSeeker sensor.
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DISCUSSION

While some research has studied VIs in viticulture (GIOVOS et al., 2021), and the use of
machine learning techniques for the estimation of grape quality (KASIMATI et al., 2021b) this study
investigates an alternative non-destructive approach using precision viticulture techniques to predict
grape maturation and delineate microterroir zones.

The correlation analysis reveals a distinct ecophysiological dynamic between the multispectral
vegetation indices (VIs) and grape maturation attributes. Soluble solids content (SSC) exhibited a
strong negative correlation with structural indices such as NLI, NDRE, MCARI, and NDVI. High
values of these VIs indicate zones with high vegetative vigor and dense canopies (ZARCO-TEJADA
et al., 2005). While vigorous vines exhibit high photosynthetic capacity, excessively dense canopies
induce cluster shading, leading to reduced yield components and delayed fruit ripening, thereby
compromising the final quality of the grapes and wine (SMART et al., 1990).

Consequently, high-vigor zones frequently present delayed technological maturation and lower
sugar accumulation. This dynamic is corroborated by (FOUNTAS et al., 2014), who demonstrated that
in vineyards with restricted management and irrigation, lower-vigor zones (lower NDVI) yield grapes
with higher soluble solids and superior enological quality, such as elevated anthocyanin and phenolic
content. Interestingly, while these authors found no significant spatial correlation between vegetative
vigor indices and acidity, our results demonstrate a clear ecophysiological dynamic for this parameter.

In the present study, tartaric acidity (TA) showed moderate positive correlations with the Vls,
as evidenced by NDVI (r; = 0.44 in Field 5; r; = 0.41 in Field 6) and GNDVI (7; = 0.44 and 0.41,
respectively). This direct relationship is driven by the microclimatic temperature within the canopy. It
is well established that high temperatures alter key cellular mechanisms during ripening, accelerating
the degradation of organic acids before the berries reach optimal maturity (RIENTH et al., 2016).

Therefore, more vigorous vines (associated with high VIs) develop denser canopies that
provide shading and naturally reduce cluster temperatures. This thermal mitigation effectively slows
down metabolic degradation, preserving higher acidity levels in high-vigor zones until harvest, a
physiological response perfectly aligned with the literature (SWEETMAN et al., 2014).

Furthermore, the relationship between VIs and pH proved to be inconsistent across the
evaluated fields, ranging from negligible to moderately negative. This instability occurs because grape
pH is not strictly governed by canopy biomass or vegetative vigor, parameters effectively captured by
remote sensing (DOBROWSKI; USTIN; WOLPERT, 2003). Instead, berry pH is heavily influenced
by soil properties and water dynamics, particularly the uptake and accumulation of potassium from the

soil into the berries. Because variations in soil exchangeable potassium strongly dictate berry pH
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(KODUR, 2011) relying solely on canopy reflectance metrics is insufficient to model pH consistently
across different spatial zones.

Despite the high coefficients of determination observed in the training and validation sets (R?
ranging from 0.71 to 0.73), a rigorous analysis of the absolute errors reveals significant limitations for
the immediate practical application of machine learning models in harvest decision-making. This
performance aligns with recent findings by (KASIMATI et al., 2021b), who reported a maximum R?
of 0.61 when predicting total soluble solids using a combination of proximal and remote sensing NDVI
data across critical growth stages.

The RMSE values obtained in this study for soluble solids content (2.43 °Brix) and tartaric
acidity (3.22 g L) indicate that although the Random Forest algorithm captures the macro-temporal
trend of grape maturation with excellent precision, it is heavily driven by growing degree-days (GDD)
accumulation. This dependence is classically supported by the Spring Warming (SW) model, which
establishes GDD as the fundamental metric to estimate grapevine phenological progression (PARKER
etal., 2011).

Ultimately, the developed predictive models function as a robust Decision Support System
(DSS) rather than a complete replacement for traditional analytical methodologies. By mapping and
forecasting macro-temporal maturation trends weeks in advance, these tools provide critical
preliminary monitoring that optimizes targeted field sampling, labor allocation, and winery reception
logistics (ARNO et al., 2009); (BRAMLEY, 2010b). Nevertheless, as the estimated harvest window
approaches, classical physicochemical analyses remain indispensable to determine the precise
enological maturity and ensure the rigorous quality standards demanded by the fine wine market.

The spatial delineation results derived from the unsupervised K-Means clustering demonstrate
a clear distinction between the scales of phenotypic variability within the vineyard. Determining the
optimal number of clusters requires balancing statistical rigor with operational feasibility. Although
the Silhouette coefficient favored a two-cluster structure (k = 2) for Models 2 and 4, we selected k =
3 to identify distinct microterroir zones (High, Medium, and Low potential). Constraining the
delineation to k =2 would mask intermediate gradients that are essential for variable-rate
management and selective harvesting in viticulture.

This approach aligns with (GAVIOLI et al., 2019), who demonstrated that while statistical
metrics frequently default to capturing only extreme field contrasts (k = 2), effective clustering must
maximize variance reduction without inducing spatial fragmentation. By enforcing k = 3, Model 4
successfully balanced these criteria, capturing the necessary biological resolution of microterroirs

while maintaining the spatial contiguity required for practical field operations.
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Model 4 (Insolation + SBI) demonstrated considerable robustness in accommodating this
operational standardization, generating the most continuous and spatially coherent boundaries among
the three zones. By smoothing transitions and reducing the local fragmentation that predominantly
affected models based on electrical conductivity (EC), Model 4 refined boundary delineation. As
highlighted by (CORWIN; LESCH, 2005)and (MOLIN; FAULIN, 2013), while apparent soil EC is a
standard proxy in precision agriculture, it integrates multiple deep soil profile properties (such as
subsurface moisture, clay lenses, and salinity). This deep-profile integration often introduces high
spatial fragmentation and weak or inconsistent correlations with the actual surface canopy vigor.

In contrast, combining surface optical properties with climate-driven topographical variables
better captures functional spatial variability and improves spatial contiguity (REYES et al., 2023).
Consequently, Model 4 effectively transformed a forced statistical convergence into a practical and
highly efficient tool for the spatial management of the plot.

The statistical superiority of insolation-based models (Models 2 and 4) over those driven by
absolute elevation (Models 1 and 3) reveals that local microclimatic dynamics exert a greater influence
on the vineyard ecosystem than static topography alone. Elevation frequently serves in the literature
as a generic proxy for temperature gradients; however, as demonstrated by (BOIS et al., 2008), in areas
with complex terrain, annual insolation captures the effective solar radiation actually reaching the
canopy. This available energy directly modulates water balance, grapevine development and berry
ripening, overriding the simplified effect of altitude.

This structural validation is further consolidated by the capacity of Model 4 to stratify the
physiological variables of the crop, achieving a substantial Variance Reduction for Chlorophyll b
(VR = 33.62%) and Chlorophyll a (VR = 24.57%) during the July 14 sampling. Within the
phenological dynamics of vineyards managed under winter harvest regimes via double pruning, mid-
July coincides with critical, advanced stages of fruit ripening (FAVERO et al., 2011). It is during this
period that the vegetative canopy reaches its maximum structural stability.

As observed by (ANIC et al., 2024) regarding leaf pigment evolution, this represents the exact
phase where the concentration of chlorophylls a and b peaked during veraison and then decreased
during grape ripening, fully expressing the cumulative environmental effect on pigment synthesis and
degradation. The strong spatial correlation between the generated zoning and foliar chlorophyll levels
validates the premise that the interaction between incident solar energy and optical soil surface
properties governs the physiological vigor and photosynthetic activity of the vines. As established by
(BRAMLEY, 2005) in the foundational concepts of precision viticulture, when management zones

accurately capture spatial variations in canopy vigor, they transcend mere mathematical divisions,
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functioning instead as robust biological predictors of the vineyard's metabolic state leading up to
harvest.

Conversely, the systemic failure of all models to stratify data from the proximal GreenSeeker
sensor, which resulted in negative VR values in both May and July, exposes a clear incompatibility of
physical and temporal scales. The proposed zoning is based on permanent edaphoclimatic factors and
medium-spatial-resolution orbital sensors, reflecting the macro-structure and the stable baseline
potential of the plot. In contrast, the GreenSeeker is an active proximal sensor with an extremely
narrow, sub-metric field of view (DRISSI et al., 2009).

In discontinuous canopies, active proximal sensors primarily capture sub-metric architectural
noise, such as foliage gaps and localized leaf orientation, rather than the baseline agronomic potential.
This divergence highlights a complementary relationship rather than a contradiction. Macro-zones
establish broad areas for structural management based on stable environmental factors, whereas
proximal sensors should guide real-time, variable-rate applications to address the fine-scale variability

that macro-models cannot resolve.
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CONCLUSION

This study successfully achieved its objectives by developing temporal predictive models for
grape technological maturation and delineating spatial microterroir zones to optimize winter wine
production under subtropical conditions.

Regarding the temporal forecasting, Random Forest models driven by Growing Degree-Days
(GDD) and multispectral vegetation indices effectively captured macro-temporal ripening trends for
soluble solids and tartaric acidity. Although these algorithms do not replace traditional pre-harvest
physicochemical analyses, they function as a practical Decision Support System (DSS) to optimize
targeted field sampling and harvest logistics.

Spatially, the delineation of microterroir zones based on annual insolation and surface optical
properties (SBI) outperformed traditional elevation and soil proxies. Enforcing a three-cluster structure
(k = 3) proved essential, providing the optimal balance between statistical accuracy and the practical
feasibility required to harvest distinct zones independently.

Ultimately, combining these stable microterroir zones with the temporal tracking of
technological maturation establishes a structural baseline for precision viticulture under the double
pruning regime. This integrated framework directly supports selective step-wise harvesting, ensuring
grapes are picked at their optimal technological maturity while mitigating the operational costs of

specialized agricultural labor.
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Abstract

The production of “winter wines” in south-eastern Brazil, enabled by the double pruning
technique, requires precise assessment of grape technological maturity to ensure
highquality outputs. However, conventional monitoring approaches are destructive,
laborintensive, and limited in their ability to capture vineyard spatial variability. This
study aimed to develop and validate a non-destructive predictive framework for Soluble
Solids (- Brix) and Titratable Acidity (TA) by integrating spatial remote sensing data
with temporal agrometeorological information. Multispectral imagery was acquired via
an unmanned aerial vehicle in a vineyard cultivated with Sauvignon Blanc and Syrah,
from which vegetation indices were derived and combined with Growing Degree-Days to
train machine learning models, including Random Forest, Multilayer Perceptron, and
XGBoost. The incorporation of agrometeorological data significantly improved
predictive performance compared to models based solely on vegetation indices. Among
the tested algorithms, XGBoost achieved the highest accuracy, with coefficients of
determination of 0.89 for °Brix and 0.77 for TA, achieved by XGBoost on an
independent hold-out test set. Model interpretability analysis indicated that Growing
Degree-Days and cultivar were the primary drivers of maturation dynamics, while
vegetation indices refined predictions by accounting for spatial variability in plant vigor.
Overall, the proposed approach represents a promising proof-of-concept framework for
non-destructive maturity monitoring in precision viticulture, supporting improved
monitoring of grape maturation. However, multi-season validation across diverse
vineyard conditions is required to confirm its generalizability and support its application
as a routine decision-support tool.

Keywords: remote sensing; vegetation indices; precision viticulture; spatial variability;
growing degree-days; UAV
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Global viticulture has witnessed the emergence of new production regions that employ
innovative management techniques to achieve high-quality wines in climates previously
considered marginal.. A notable example is the production of “winter-harvest wines” in
southeastern Brazil, made possible by the double pruning technique. This practice inverts
the grapevine’s harvest cycle to the dry winter period, promoting the concentration of
sugars and phenolic compounds in the berries [1]. The success of this and other
viticultural practices fundamentally depends on the ability to precisely determine the
optimal harvest time, a point defined by the concept of technological maturity. This stage
represents the ideal balance between sugars, measured as Soluble Solids ( ° Brix), and
Titratable Acidity (TA), parameters that directly govern the wine’s alcoholic potential,
stability, and sensory profile [2].

Accurately determining the harvest point is a decisive factor in viticulture, as the quality
of the grapes at the time of picking directly influences the potential of the final wine [3].
Traditionally, monitoring relies on manual berry sampling and laboratory analysis, a
destructive, time-consuming, and spatially limited approach that fails to capture within-
vineyard variability in maturity, potentially leading to suboptimal harvest decisions [4].
To overcome these limitations, precision viticulture has emerged as a promising field
employing remote sensing technologies for non-destructive, large-scale monitoring.
Unmanned Aerial Vehicles (UAVs) equipped with multispectral sensors have become a
powerful tool for assessing the spatial variability of the vegetative canopy [5], from
which Vegetation Indices (VIs) are calculated as proxies for plant vigor, nutritional
status, and water status [6]. However, VIs correlate inconsistently with grape quality
parameters [7], as canopy vigor does not always directly translate to fruit maturation due
to complex mediating factors such as water balance and source—sink relationships.

This reveals a fundamental gap: VIs provide a spatial snapshot of plant condition but lack
the temporal dimension needed to capture phenological development. Studies using VIs
as sole predictors have reported limited accuracy, with maximum R? values of 0.52 [8]
and 0.61 [9] for Brix prediction, confirming that spatial vigor information alone cannot
represent the cumulative, thermally driven nature of ripening. Growing Degree-Days
(GDD), a well-established agrometeorological indicator that quantifies the accumulated
thermal energy required for phenological stage transitions [10], offers a complementary
temporal dimension. GDD-based approaches combined with machine learning have
proven effective for predicting growth and yield in crops such as rice and sweet potato
[11,12]; however, the synergistic integration of spatial (VIs) and temporal (GDD) data
for grapevine technological maturity prediction remains a largely unexplored area.

The central hypothesis of this work is that fusing spatial (VIs) and temporal (GDD)
predictors through machine learning models can overcome the limitations of individual
approaches, generating more accurate and robust estimates of technological maturity.
Therefore, the objective of this study was to develop and assess machine learning models
for the non-destructive prediction of Soluble Solids (*Brix) and Titratable Acidity in
‘Sauvignon Blanc’ and ‘Syrah’ grapes grown under a double pruning regime. The
specific objectives were: (i) to investigate whether the inclusion of GDD as a predictor
variable significantly improves the accuracy of VI-based models; (ii) to identify the most
influential VIs for predicting grape maturity; and (iii) to determine the best-performing
machine learning algorithm for this task.

2. Materials and Methods

2.1. Study Area

The experiment was conducted during the 2024 winter harvest cycle, which commenced
with production pruning in January 2024 and concluded with harvest in the winter
(July/August) of 2024. The study area is a commercial Vitis vinifera vineyard located in
the Macaia district, municipality of Bom Sucesso, Minas Gerais, Brazil. The area is
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situated at the geographical coordinates 21°912.78"S and 44°53'36.45" W, at an average
altitude of 952 m (Figure 1). The local topography features an average slope of 13%.
According to the Koppen—Geiger classification, the regional climate is classified as Cwa
(humid subtropical with a dry winter and hot summer) [13], with an average temperature
of the warmest month exceeding 22 °C.

Sampling points
[ Minas Gerais State
I Brazil

7,660,700

511,000 511,100 511,200

Figure 1. Geographical location of the experimental area in Bom Sucesso (MG, Brazil) and the spatial
distribution of the sampling points within the vineyard, covering the ‘Sauvignon Blanc’ and ‘Syrah’
cultivars.

2.2. Vineyard Details

The experimental area covers 4.54 hectares, divided into two commercial blocks
composed of two Vitis vinifera L. cultivars: ‘Sauvignon Blanc’ (white) and ‘Syrah’ (red).
Both cultivars were grafted onto the ‘IAC 766’ rootstock.

The vineyard was established in 2021, with the vines being in their third year (third

leaf) during the experimental cycle. The vines are trained on a vertical shoot positioning
(VSP) trellis system. The blocks feature distinct row orientations: one aligned Northeast—

Southwest and the other Northwest—Southeast. Planting spacing is 1 m between vines and
2.6 m between rows, resulting in a density of 3846 vines per hectare. Management for the

winter cycle was initiated with production pruning carried out in January 2024, following
the double pruning system [1]. The vineyard is equipped with a drip irrigation system for
supplemental watering.

2.3. Sampling Design and Field Data Collection

To monitor ripening progression, 145 georeferenced sampling points were defined within
the experimental area. Data collection was carried out during the grape ripening phase,
commencing after the onset of veraison.

The 145 georeferenced sampling points were distributed across both cultivar blocks

in proportion to their respective areas, with 70 points located in the ‘Sauvignon Blanc’
block and 56 points in the ‘Syrah’ block. Over six collection dates, this design generated
a total dataset of 870 individual observations (145 points x 6 dates). No formal statistical
outlier removal procedure was applied to the physicochemical data; samples
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compromised by berry damage or equipment malfunction during laboratory analysis were
excluded on a case-by-case basis and replaced where feasible.

The final analytical dataset comprised 494 observations from 126 georeferenced
sampling points over five collection dates. Descriptive statistics for the response
variables were: Soluble Solids ranged from 7.6 to 21.7 °Brix (mean = 16.6 + 2.87 * Brix;
CV = 17.3%); Titratable Acidity ranged from 4.1 to 24.7 g/L (mean=11.15 +4.46 g/L;
CV =40.0%).

Collections occurred on six consecutive dates in 2024 (14 June, 18 June, 26 June, 4 July,
10 July, and 17 July), at approximately weekly intervals leading to harvest. At each
sampling point and on each date, 20 grape berries were manually harvested. The
sampling was stratified, with berries collected from three distinct vertical positions within
the grape clusters (top, middle, and bottom) and evenly distributed across both sides of
the vertical shoot-positioned (VSP) trellis system. Samples were immediately placed in
labeled plastic bags and transported under refrigeration.

2.4. Physicochemical Analysis (Technological Maturity)

Samples were processed at the Fruit Science Laboratory of the Federal University of
Lavras (UFLA). The 20 berries from each point were homogenized and gently crushed
manually to prevent seed damage. The resulting juice (must) was filtered and subjected to
analysis of the following physicochemical parameters:

*  Soluble Solids (SS): SS content was determined using a calibrated digital
refractometer, with results expressed in ° Brix.

o Titratable Acidity (TA): Total acidity was quantified following the standardized
Adolf Lutz protocol [14]. The results were subsequently converted and expressed as
tartaric acid equivalents (g/L) to ensure methodological consistency and
comparability.

2.5. Multispectral Image Acquisition, Processing and Analysis

Multispectral image acquisition was performed on six dates throughout the ripening
cycle, coinciding with the field sampling days. All flights were conducted between 11:00
AM and 1:00 PM (local time, UTC-3) under clear-sky conditions to ensure consistent
solar illumination. An Unmanned Aerial Vehicle (UAV), model Mavic 3M (DIJI,
Shenzhen, China), was used. It was equipped with a Real-Time Kinematic (RTK)
georeferencing system, aided by a D-RTK 2 base station (DJI, Shenzhen, China), to
ensure high positional accuracy. The onboard multispectral sensor features four spectral
bands: Green (G) (560 + 16 nm), Red (R) (650 + 16 nm), RedEdge (RE) (730 £ 16 nm),
and Near-Infrared (NIR) (860 + 26 nm).
Flight missions were planned and executed using DJI Pilot 2 software at an altitude of 80
m. Flight parameters included a speed of 5 m/s and 80% frontal and lateral overlap to
ensure proper orthomosaic generation. Photogrammetric processing was performed using
Pix4Dmapper v. 4.8.4 (Pix4D SA 2025). The images from each flight were imported into
individual projects using the RTK metadata. Processing followed the ‘Ag Multispectral’
template, which includes image alignment, dense point cloud generation, and, finally,
orthomosaic generation.
Radiometric calibration was applied during processing to convert Digital Number (DN)
values to surface reflectance. To achieve this, images of a standard reflectance panel,
captured on the ground before each flight, were imported and used by the software’s
calibration tool, ensuring data comparability across the different dates. At the end of
processing for each date, multispectral reflectance orthomosaics were generated,
containing all four bands (G, R, RE, NIR) with a final spatial resolution of 4.2 cm. The
files were exported in GeoTIFF format using the WGS 84/UTM Zone 23S coordinate
system.

The calibration panel used was the MicaSense Multispectral Calibration Reflectance
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Panel with nominal per-band reflectance values of 48.9% (Green, 560 nm), 48.9% (Red,
650 nm), 48.8% (RedEdge, 730 nm), and 48.6% (NIR, 860 nm) as specified in the
manufacturer’s calibration reference (RP06-2051010-OB, MicaSense). Calibration
certificates are available upon request from the corresponding authors. Regarding per-
flight meteorological conditions, all flights were conducted under clear-sky conditions.
All post-processing and image analysis steps were conducted in the R software
environment v. 4.1.1 [15], supported by the ‘terra’ v. 1.8.70 [16], ‘sf’ v. 1.0.21 [17], and
‘FIELDimageR’ v. 0.6.2 [ 18] packages. First, to ensure perfect pixel-to-pixel overlap
between collection dates, temporal co-registration of the six images was performed,
aligning all orthomosaics to the image from the first flight date. Next, vegetation
segmentation was carried out to remove soil pixels. A supervised classification method
using the Random Forest (RF) algorithm was employed. Training polygons were
manually digitized over representative ‘canopy’ and ‘soil’ areas using tools from the
FIELDimageR v. 0.6.2 package [18]. From these, 400 random sample points per class
were used to train the classifier using the superClass function from the ‘RStoolbox’
1.0.2.2 package [19]. The resulting classification map was then used as a mask to extract
exclusively vegetation pixels for subsequent analyses.

2.6. Feature Selection

The feature selection pipeline consisted of two sequential stages, aiming to obtain a
subset of predictors that were both relevant (RFE) and independent (VIF). The entire
process was conducted in the Python language v 3.9 using the scikit-learn library.

Given the large number of existing Vegetation Indices (VIs), 20 VIs were initially
calculated. The first selection stage employed Recursive Feature Elimination (RFE) [20].
RFE is a wrapper technique that uses an external estimator, in this case, the Random
Forest

Regressor [21], to iteratively rank predictor importance. The estimator was configured
with 100 trees (n_estimators = 100) and a fixed random state (random_state = 42) for
reproducibility.

The RFE was executed independently for the target variables Soluble Solids ( * Brix) and
Titratable Acidity (g/L), following the removal of samples with missing target data and
median imputation of missing predictors. The algorithm was set to select the subset
containing the 10 most important features for each target, generating two preliminary
lists of Vls.

To ensure model stability and remove predictor redundancy, the two 10-VI subsets
generated by RFE were subjected to Variance Inflation Factor (VIF) analysis. The VIF
was calculated for all variables in each subset. In an iterative process, the variable with
the highest VIF value was identified; if this value was greater than 5, the feature was
removed. The VIF was then recalculated for the remaining variables. This process was
repeated until all VIs in the subset exhibited a VIF value below 5. This resulted in a final
set of low-collinearity VIs for each target variable, which was then effectively used in the
modeling stage.

2.7. Selected Vegetation Indices for Modeling

At the conclusion of the feature selection pipeline (RFE followed by VIF), the final
sets of predictors for each target variable were defined. The process resulted in the
selection of five Vegetation Indices (VIs) for the Soluble Solids ( ° Brix) model and five
Vs for the Titratable Acidity (g/L) model. These two predictor sets were effectively used
as inputs for the modeling stage. The details, mathematical equations, and original
bibliographical references for each of these selected VIs are presented in Table 1.
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Table 1. Vegetation Indices (VIs) selected as predic.tors for the Soluble Solids ( ° Brix) and

Titratable Acidity (TA) models, their mathematical equations, and original references.

Index Equation Reference
Burn Area Index (BAI) ! 2 [22]
(0.1- Red) " +( 0.06— NIR)
Spectral Feature Depth Vegetation (SFDVI) Greent NIR _ Red+ RedEdge [23]
2 2
Green Difference Vegetation Index (GDVI) NIR — Green [24]
Chlorophyll Vegetation Index (CVI) NIR % Red > [25]
Green
Transformed Soil-Adjusted Vegetation Index
1.2 (NIR—1.2% Red—0.04) [26]
(TSAVI) - X NTR+Red—1.2%0.04+0.08% (1+1.22)
Plant Senescence Reflectance Index (PSRI) Red-Green RedEdge [27]

Transformed chlorophyll absorption in
3 x (( RedEdge - Red) - 0.2) x (RedEdge - Green) x (Ried

RedEdge) [2 8]
reflectance (TCARI)

2.8. Growing Degree Days (GDD)

To quantify thermal accumulation during the experimental cycle, Growing
DegreeDays (GDD) were calculated. Daily maximum (Tmax) and minimum
(Tmin) air temperature data were obtained for the experiment’s location from
the NASA POWER platform [29].

Daily GDD was calculated using the methodology proposed by Villa Nova [10],
which accounts for various scenarios where minimum temperatures may fall
below the base temperature (Tb). A Tb of 10 °C was adopted, which is the
standard for grapevine (Vitis vinifera). The equations used were:

(TM + Tm)
IfTm>Tb:GOD= _____ -Tb )
2
2
(TM + Tb)
IfTm<Tb<TM:GOD= ____ 2)
2 x(TM - Tm)
IfTM <Tb:GOD=0 3)

where GDD represents the accumulated Growing Degree-Days (degrees °C x
day) from the production pruning date to the respective field collection date;
Tmax and Tmin are the daily maximum and minimum air temperatures (degrees
°C), respectively; Tb is the base temperature, set at 10 degrees C for Vitis
vinifera [10]; and n represents each individual day in the accumulation period.

GDD was accumulated daily, with the summation starting from the production
pruning date. The cumulative GDD value from this start date until each
respective field sampling date was then used as a predictor variable in the
machine learning models.
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2.9. Models

Three machine learning algorithms were selected to represent methodologically
distinct paradigms: Random Forest (RF), a bagging ensemble of decision trees
recognized for its robustness and built-in feature importance estimation [21];
XGBoost (XGB), a gradient-boosting framework with demonstrated superiority
on structured tabular data; and Multi-layer Perceptron (MLP), a feedforward
neural network capable of capturing complex non-linear relationships. This
selection enables cross-paradigm benchmarking while covering the principal
algorithmic approaches applied in precision agriculture. The categorical variable
‘Cultivar’ (Sauvignon Blanc/Syrah) was binaryencoded (0 = Sauvignon Blanc; 1
= Syrah) prior to model training. Feature standardization (mean = 0; standard
deviation = 1) using StandardScaler was applied exclusively to the continuous
predictors (the five selected VIs and, in the data fusion scenario, GDD); the
binary cultivar encoding was excluded from standardization to preserve its
categorical interpretation.

To predict the maturity variables (* Brix and Titratable Acidity), the optimized
VI subsets were used as input for three machine learning algorithms: Random
Forest (RF), XGBoost (XGB), and Multi-layer Perceptron (MLP). The workflow
followed three stages: data preparation, hyperparameter optimization, and final
evaluation.

First, the dataset was split into two subsets: 70% for training and 30% for testing

(hold-out). The split was stratified by the ‘Cultivar’ variable to ensure
representativeness in both sets. Next, the predictors in the training set were
standardized (mean: 0, standard deviation: 1) using the StandardScaler. The
scaling parameters derived from the training set were then applied to the test set,
preventing data leakage.

To find the optimal hyperparameter combination for each algorithm,
GridSearchCV was employed, combined with 5-fold cross-validation, applied
exclusively to the training set (70%). Table 2 details the hyperparameter search
space explored for each algorithm.

Table 2. Hyperparameter search space (optimization grid) explored via Grid Search for the
Random Forest (RF), XGBoost (XGB), and Multi-layer Perceptron (MLP) algorithms.

Model Hyperparameter Values
n_estimators 100, 200, 300
max_depth min_samples_split None, 10, 20 2,
Random Forest (RF) 5
min_samples_leaf 1,2
max_feautures ‘sqrt’, ‘log2’
n_estimators 100, 200, 300
learning_rate max_depth 0.05, 0.1
XGBoosting (XGB) 3,5
subsample 0.7, 1
colsample_bytree 0.7, 1
Hidden_layers_sizes (50,), (100,), (50,50)
Activation Alpha ‘relu’, ‘tanh’

Multi-layer Perceptron (MLP) 0.0001, 0.001
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Learning_rate ‘adaptative’

For the MLP algorithm, deeper architectures (more than two hidden layers) were
not evaluated, as the limited dataset size (~870 observations) would render such
configurations highly susceptible to overfitting; all selected MLP configurations
exhibited stable convergence across cross-validation folds, as confirmed by
monotonic training loss reduction. It should be noted that the stratified hold-out
split was applied at the observation level (n = 870), meaning that the same
georeferenced sampling location may appear in both the training and test sets at
different collection dates. While temporal stratification across six phenologically
distinct collection events partially mitigates this concern, the potential influence
of spatial autocorrelation on the reported generalization performance is a
recognized limitation. A spatially blocked cross-validation (GroupKFold, k =5,
grouped by sampling point identity) was performed and yielded: R?>= 0.865 +
0.017 for *Brix and R?=0.819 + 0.042 for TA (RMSE = 1.049 + 0.042 * Brix
and 1.881 + 0.259 g/L, respectively). These results confirm that model
performance is maintained under spatial blocking, indicating that the reported
generalization capacity is not substantially inflated by spatial autocorrelation.
After identifying the best hyperparameters, the final model for each

algorithm was re-trained on the entire training set (70%). The predictive
performance of the optimized models was then definitively evaluated on the test
set (30%), ensuring an unbiased estimate of their generalization capacity on
unseen data.

2.10. Evaluation Metrics

The predictive performance of the optimized models was finally quantified on
the test (hold-out, 30%) set, using the Coefficient of Determination (R?,
Equation (4)) and Root Mean Square Error (RMSE, Equation (5)) metrics.

n (ﬁt - yl}z
i=1

R " (yi —9) (4)

_ \/Z” (Vi Yi)®
RMSE =1 n (5)
where y" = prediction value; y = mean value; and y = actual value.

Furthermore, to understand how the best-performing model made its decisions
and which predictor variables were most influential, the SHapley Additive
exPlanations (SHAP) methodology was applied [30]. SHAP is a model-agnostic
approach, grounded in game theory that calculates the marginal contribution of
each predictor variable to each individual prediction. Importantly, SHAP values
reflect internal model association patterns—the marginal contribution of each
variable to individual predictions—and do not establish causal relationships
between predictors and the underlying physiological processes of grape ripening.
The analysis of SHAP values, visualized through beeswarm summary plots,

allows for detailed interpretation. This type of plot displays the distribution of
SHAP values for each sample and variable, ranking the variables by their global
importance. Moreover, the plot uses color to represent the feature’s own value
(high or low), making it possible to identify not only the magnitude of a
predictor’s impact on the prediction but also its direction. This analysis, applied
to the test set, was crucial for validating whether the relationships learned by the
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model are agronomically coherent and for building confidence in the results. The
complete methodology workflow is summarized in Figure 2.

Methodology Workflow

Field Sampling
145 points x 6 dates
(Berry collection)

*Brix & Titratable
ocessing Acidity Analysis
(PixaDmapper) (Laboratory

)

Calculation of Recursive Feature
20 Vegetation Indices Elimination (RFE)
(G, R, RE, NIR) = Top 10 Vis

Figure 2. Schematic overview of the methodological workflow, from UAV image acquisition and
field sampling through feature selection (RFE + VIF), data fusion (VIs + GDD + Cultivar), model
training and evaluation, to SHAP interpretability analysis.

3. Results

3.1. Feature Selection Results

The first stage of the results consisted of filtering the 20 calculated Vegetation
Indices (VIs), identifying the most relevant and independent subsets of
predictors for modeling. The Recursive Feature Elimination (RFE) process
ranked the 10 most promising VIs for each target variable, as detailed in Figure
3. Nine of these VIs were common to both targets (° Brix and Titratable
Acidity): ‘CVD’, ‘BAI’, ‘PSRI’, ‘GDVD’, ‘CIRE’, ‘REDVI’, ‘NDRE’, ‘RESR’
and ‘SFDVYI’. The distinctions in the RFE selection were the ‘“TSAVI’ index
(selected only for *Brix) and ‘TCARI’ (selected only for Titratable Acidity).
o
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Figure 3. Results of the Recursive Feature Elimination (RFE), ranking the top 10 most important
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Vegetation Indices (VIs) for predicting Soluble Solids ( ° Brix) (a) and Titratable Acidity (TA) (b).

Green bars represent the top 10 selected VIs ranked by importance, while gray bars represent the
remaining evaluated VIs.

In the next stage, these two 10-VI sets were subjected to Variance Inflation Factor

(VIF) analysis to mitigate multicollinearity. An iterative process was applied to
remove the variable with the highest VIF until all remaining predictors had a
VIF < 5.0. Figure 4 illustrates the iterative elimination process. The VIF analysis
revealed extreme collinearity in both sets, notably in ‘RESR’ (VIF = o) and
‘NDRE’ (VIF > 1800 for both targets), indicating that their information was
almost entirely redundant. For the °Brix model, the ‘PSRI’ (VIF = 37.05),
‘CIRE’ (VIF =24.5), and ‘REDVI’ (VIF = 9.8) VIs were also removed. For the
Titratable Acidity model, ‘CVI’ (VIF = 27.54), ‘CIRE’ (VIF = 24.9), and
‘REDVTI’ (VIF =9.71) were removed.
At the end of the selection pipeline, two final and distinct sets of five VIs were
obtained: the set for *Brix was composed of ‘SFDVI’, ‘BAI’, ‘CVD’, ‘GDVD’,
and ‘TSAVD’, while the set for Titratable Acidity included ‘SFDVTI’, ‘BAD’,
‘GDVI’, ‘PSRI”’ and ‘TCARI’. Three VIs (‘SFDVI’, ‘BAI’, ‘GDVI’) were
selected as fundamental predictors for both variables. However, the models
diverged in their specific predictors: ‘CVI’ and ‘TSAVI’ were uniquely selected
for *Brix, while ‘PSRI” and ‘TCARI’ were uniquely selected for Titratable
Acidity. These two final, low-collinearity VI sets were then used for the
modeling stage, both in isolation (IV-only models) and in fusion with the
agrometeorological variable (GDD), to evaluate the impact of including the
temporal predictor.

a b

Vegetation Index (V)

BAl { -=~ VIF Threshold = 5.0
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Figure 4. Results of the Variance Inflation Factor (VIF) analysis, illustrating predictor collinearity
before (a,c) and after (b,d) the iterative elimination process (threshold VIF < 5.0). Panels (a,b)

correspond to the ° Brix model, and panels (c,d) correspond to the Titratable Acidity model.

3.2. Predictive Model Performance for Technological Maturity

The performance of the machine learning models was evaluated in two
distinct scenarios: (i) using only the selected VIs as predictor variables and (ii)
with the fusion of these predictors with the temporal variable GDD. The results
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demonstrate the crucial impact of data fusion for the prediction of technological
maturity.

Although the Random Forest model fit the training data better for °Brix
prediction, none of the three algorithms was able to create a viable predictive
model using only the VIs in the test stage. The drastic reduction in accuracy (R?)
and increase in error (RMSE) between the training and test stages unequivocally
demonstrate that these predictors, in isolation, do not provide sufficient
information for the models to learn the relationship underlying technological
maturity progression, leading them to memorize the specific noise of the training
set instead of learning generalizable patterns.

For - Brix prediction, although the coefficient of determination on the

training set for the XGBoost algorithm was 0.707, the performance on the test
set was drastically reduced, with an R? of 0.378 (Figure 5b). The behavior of
Random Forest was similar. It showed a strong fit to the training data, with an
R?0f 0.813 and RMSE of 1.254. However, in the test stage, the performance was
equally unsatisfactory, with the R? dropping to 0.477 and the RMSE increasing
to 1.957 (Figure 5a). The MLP showed a similar fit to the XGB model on the
training data (R? of 0.737); however, it registered the lowest performance on the
test set (R?of 0.303 and RMSE of 2.259) among the models tested (Figure 5¢).

Upon integrating the Growing Degree-Days (GDD) variable into the predictor set

(Figure 5d—f), the performance of all models for * Brix estimation exhibited
significant improvements in generalization capacity, especially regarding
accuracy, with error (RMSE) values below 1 °Brix for all models.

To isolate the contribution of each data type, a third scenario was evaluated
using only GDD and Cultivar as predictors (GDD-only). For ° Brix prediction,
the GDD-only XGBoost model achieved R*>= 0.889 on the test set (RMSE =
0.99 - Brix), closely approaching the performance of the full VI + GDD model.
For Titratable Acidity, the GDD-only model yielded R?= 0.844 (RMSE = 1.818
g/L). The date-index proxy analysis—substituting GDD with a simple ordinal
temporal index (1-5)—produced R?= 0.815 for °Brix and R?= 0.821 for TA,
compared to 0.84 and 0.806 for the GDD-based models (AR*>= 0.025 and
-0.015, respectively). These results indicate that the performance advantage of
GDD over simple temporal ordering is marginal, particularly for TA prediction,
and are discussed further in Section 4.
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Figure 5. Scatter plots comparing the observed versus predicted °Brix values for the Random
Forest

(a,d), XGBoost (b,e), and MLP (c,f) models. The dashed line represents the 1:1 relationship. The
upper panels (a—c) show results from models trained with VIs only; the lower panels (d—f) show
results from models including GDD.

The XGBoost algorithm stood out with the best overall performance in
predicting °Brix (Figure 5¢). After being trained, it achieved an R? of 0.925 on
the training set and, more importantly, maintained the most robust performance
on the test set, with an R? of 0.887 and the lowest RMSE of 0.910. The Random
Forest (RF) model showed a very competitive and close result (Figure 4d), with
an R?0f 0.967 on the training set and 0.871 on the test set, and an RMSE of
0.971. On the other hand, the MLP model (Figure 5f), which had shown inferior
performance compared to the others in the previous scenario, also improved
significantly when GDD values were added to the model, returning an error
value (RMSE = 0.983) very close to that of the tree-based models. Furthermore,
the MLP was the model with the lowest overfitting rate, with the training and
test results showing a variation in only 0.003 in the coefficient of determination.
Similar to the performance found for ° Brix prediction, the machine learning
models that used only the VIs and ‘Cultivar’ as predictors did not produce
generalizable estimates for Titratable Acidity (g/L). Although the tree-based
algorithms fit the training data well (RF with R?= 0.873; XGBoost with R*=
0.760), their coefficients of determination on the test set were low, reaching only
R?=0.451 for RF and R*= 0.445 for XGBoost (Figure 6a,b). The MLP model
showed the weakest fit on the training set (R?= 0.687) and the lowest
performance on the test set (R?= 0.444) (Figure 6¢). These results demonstrate
the ineffectiveness of VIs alone for modeling the degradation of organic acids in
grapes.

The inclusion of the GDD variable considerably improved the performance of
all models. However, an overfitting trend persisted, with a reduction in accuracy
(R?) observed between the training and test data. This drop was 25.4% for the
Random Forest model (0.969 train vs. 0.723 test), 17.1% for XGBoost (0.924 vs.
0.766), and 19.2% for the MLP (0.886 vs. 0.716) (Figure 6d—f). Despite this, all
models with GDD achieved test R? values greater than 0.70, which did not occur
in any model without GDD.

Regarding the error (RMSE) in predicting Titratable Acidity in the GDD-
inclusive scenario, the result achieved by the XGBoost model stood out by
obtaining the lowest error in the test stage with 1.632 g/L. The other models
showed slightly higher errors, at 1.775 g/L for Random Forest and 1.796 g/L for
the MLP.
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Figure 6. Scatter plots comparing the observed versus predicted Titratable Acidity (g/L) values for
the Random Forest (a,d), XGBoost (b,e), and MLP (c,f) models. The dashed line represents the
1:1 relationship. The upper panels (a—c) show results from models trained with VIs only; the

lower panels (d—f) show results from models including GDD.

The comparative analysis demonstrates that, although all three algorithms
became reasonable predictors after data fusion, XGBoost showed clear
superiority, with the highest R?(0.766) and the lowest RMSE (1.632 g/L). This
result validates the study’s central hypothesis regarding the importance of
including climatic variables, but it also indicates that predicting Titratable
Acidity is an inherently more complex task than predicting ° Brix.

Statistical significance testing using the Wilcoxon signed-rank test on
paired absolute residuals from the test set confirmed that XGBoost produced
significantly lower errors than MLP for both *Brix (p <0.001) and TA (p <
0.001). However, the error difference between
XGBoost (R?=0.867 for *Brix; R?= 0.833 for TA) and Random Forest (R?=
0.865 for °Brix;

R2=0.846 for TA) was not statistically significant (p = 0.4054 for *Brix; p =
0.5039 for TA), indicating that both tree-based ensemble approaches achieved
equivalent predictive performance for this dataset. The best hyperparameters
identified by the expanded XGBoost grid search were: learning_rate = 0.05,
max_depth =3, and n_estimators = 100 (for °Brix) and learning_rate = 0.05,
max_depth =3, and n_estimators = 100 (for TA).

3.3. Predictor Contribution Analysis (SHAP)

Interpretability analysis (SHAP) was applied to the °Brix models to understand
each predictor’s contribution. In all data fusion models (Figure 7d—f), GDD was
confirmed as the predictor with the highest global influence. The SHAP
summary plot reveals an agronomically coherent relationship: high GDD values
(indicating greater thermal accumulation) generate a positive impact, increasing
the predicted ° Brix value, which is consistent with the known phenological rule
of ripening, in which thermal accumulation progressively drives sugar
concentration in the berry.
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A fundamental change was observed in the models’ internal behavior. In the
GDDabsent (VI-only) scenarios, the tree-based models, Random Forest (Figure
7a) and XGBoost (Figure 7b), assigned the greatest weight to CVL. In contrast,
the MLP (Figure 7c) prioritized BAI although it distributed the importance
more evenly among ‘BAI’, “TSAVI’, ‘CVDI’, and

‘SFDVT’. This suggests that, in the absence of GDD, the models attempted to
use proxies for vigor and chlorophyll content (like CVI) to estimate maturity.
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Figure 7. SHAP summary plots detailing the importance and impact of each variable on ° Brix
prediction. The upper panels (a—c) show the models without GDD; the lower panels (d—f) show
the models with GDD. Models: Random Forest (a,d), XGBoost (b,e), and MLP (c.f). Each dot
represents one observation. The dot color reflects the feature value magnitude: red indicates high
feature values and blue indicates low feature values, following the standard SHAP color scale.

However, with the inclusion of GDD, the feature importance hierarchy changed
dramatically. As seen in the SHAP plots for all three models (Figure 7d—f), the
‘Cultivar’ variable consistently emerged as the second-most influential
predictor, surpassing all Vegetation Indices. The detailed analysis (beeswarm
plot) reveals how the generalist model functions: for a given GDD value, the
model systematically assigns a higher impact (higher predicted ° Brix) to one
cultivar (represented in red) than the other (in blue). This demonstrates that the
model did not create separate logics but instead learned a base relationship (Brix
vs. GDD) that is then systematically adjusted according to the cultivar identity.
The SHAP analysis for the Titratable Acidity (TA) models reveals more
complex behavior than that observed for °Brix (Figure 8). In the data fusion
scenario (Figure 8d—f), GDD was consistently identified as the predictor with the
highest impact across all three algorithms. As agronomically expected, the
beeswarm plot demonstrates a strong inverse relationship: high GDD values
(associated with advanced ripening stages) generate negative SHAP values,
contributing to lower predicted acidity.

In the GDD-absent scenario, the models diverged. In the Random Forest
(Figure 8a) and MLP (Figure 8c) models, the ‘Cultivar’ variable was the most
influential factor, indicating that, lacking a temporal predictor, the grape’s
genetic identity was the most important information for determining acidity
levels.

The most significant change occurred in the importance hierarchy after GDD
was included. In the Random Forest (Figure 8d) model, ‘Cultivar’ remained the
second-most important variable, following GDD, demonstrating that the model
captured both the temporal trend and the baseline genetic difference between
varieties. The MLP (Figure 8f) also maintained ‘Cultivar’ as highly relevant,
following its tendency for greater balance among predictors.

In striking contrast, in the XGBoost (Figure 8e) model, the inclusion of GDD caused the
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‘Cultivar’ variable to drop to the last position in importance. The XGBoost
model attributed almost all predictive power to GDD, with the VIs acting as
secondary modulators. This fundamental difference in how XGBoost and
Random Forest handled the ‘Cultivar’ variable is a crucial insight into the
internal workings of the algorithms for this specific task.
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Figure 8. SHAP summary plots detailing the importance and impact of each variable on Titratable
Acidity (g/L) prediction. The upper panels (a—c) show the models without GDD; the lower panels
(d—f) show the models with GDD. Models: Random Forest (a,d), XGBoost (b,e), and MLP (c,f).
Each dot represents one observation. The dot color reflects the feature value magnitude: red
indicates high feature values and blue indicates low feature values, following the standard SHAP
color scale.

Taken together, the SHAP interpretability analyses for *Brix and Titratable
Acidity reinforce the relevance of the XGBoost model. It is evident that this
model emerged not only as the most accurate predictor (R?= 0.887 for °Brix; R?
=0.766 for TA), but also as an interpretable model aligned with viticultural
principles. The model demonstrated its ability to learn the opposing
physiological dynamics (sugar accumulation and acid degradation) and to
modulate both predictions based on cultivar identity. This approach validates the
development of a single, generalist, and physiologically aware model for
estimating technological maturity.

From a physicochemical perspective, the predominance of GDD across all
models reflects its role as the primary integrator of veraison-associated
metabolic processes. During grape ripening, sucrose imported from
photosynthetically active leaves is hydrolysed by invertase into glucose and
fructose, with this enzymatic activity being thermally regulated and tightly
coupled to accumulated heat units [30]. The second-order importance of
‘Cultivar’ in the SHAP hierarchy is consistent with the distinct metabolic
profiles of Sauvignon Blanc and Syrah, which differ substantially in the activity
of malic enzyme and malate dehydrogenase—enzymes governing the rate of
malate degradation and, consequently, the trajectory of Titratable Acidity
decline during ripening [30]. The VIs, functioning as tertiary predictors, capture
within-cultivar spatial heterogeneity in canopy photosynthetic capacity and
chlorophyll content, which modulates the source—sink balance and thereby the
rate at which individual vines deviate from the cultivar—-GDD maturation
trajectory. These patterns are consistent with known grapevine physiology;
however, as SHAP values reflect model-internal associations rather than causal
pathways, these interpretations should be regarded as hypothesis-generating
rather than mechanistically conclusive.
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4. Discussion

The central finding of this study is the unequivocal demonstration that
Vegetation Indices (VIs) alone are insufficient predictors of grapevine
technological maturity. Our results showed that, despite a rigorous feature
selection process, the VI-only models failed to generalize, exhibiting low R?
(0.30-0.47 for °Brix) and high overfitting. This finding corroborates the results
of [8,9], who, despite testing different sensors and algorithms, also reported
modest R?values (0.52 and 0.61, respectively). This reinforces our initial
hypothesis: VIs provide a spatial “snapshot” of canopy vigor but lack the crucial
temporal dimension that governs phenology. The inclusion of Growing Degree-
Days (GDD) as a temporal predictor resolved this gap, transforming non-viable
models into high-precision tools (R*>> 0.88 for *Brix with XGBoost). GDD
acted as the model’s “backbone,” providing the baseline trajectory of
physiological development (sugar accumulation and acid degradation), while the
VIs and the ‘Cultivar’ variable acted as secondary modulators, refining the
prediction based on spatial vigor variability and genetics.

Regarding the analyses for selecting model inputs, collinearity among Vls is
often overlooked, and models are generated with numerous VIs as predictors
[9,31-33]. In most cases, only a relevance-focused feature selection (like RFE)
is applied, without redundancy analysis. Many VIs are mathematical derivations
that use the same spectral bands, resulting in informational redundancy. The
application of a strict statistical criterion, such as a VIF threshold of 5.0 [34,35],
was a crucial methodological step to mitigate this redundancy, ensuring the
robustness and interpretability of the final model, following established
recommendations for handling collinearity in multivariate explanatory models
[36,37].

The result of this filtering was the non-selection of established indices like
NDVI. VIs such as NDVI, NDRE, and GNDVI are widely used for predicting
biomass and yield [5]. However, our results indicated that other Vls, such as
CVI, SFDVI, and BAI, contributed more to predicting maturity. Although NDVI
is an excellent indicator of general vigor, we suggest that its known saturation in
dense canopies, such as grapevines, limited its ability to identify the subtle
phenological changes associated with fruit ripening. This saturation
phenomenon is well documented for vegetation canopies with a Leaf Area Index
(LAI) exceeding approximately 3.0, beyond which NDVI asymptotically
plateaus at values above 0.80 regardless of further increases in biomass or
chlorophyll content [5,6]. Although a formal analysis of per-date reflectance
distributions for this specific vineyard is deferred to the next revision stage,
consistently elevated NDVI values throughout the ripening period are consistent
with the known saturation behavior of this index in commercially managed,
high-density grapevine canopies. This does not invalidate NDVI, which is
indeed effective for yield prediction [38,39]. However, to estimate grape quality,
the literature has already reported that it should be used in association with other
data, which reinforces our data fusion approach [40,41].

Similarly, NDRE, which uses the red-edge band for a better estimate of
chlorophyll content, was pre-selected by RFE. However, its subsequent removal
due to an extremely high VIF (VIF > 1950) indicates that its information was
already contained in other predictors, such as CVI and REDVI, which proved to
be more relevant and less redundant. This reinforces that the choice of the best
spectral predictors is highly dependent on the agronomic target and that a data-
driven approach, such as the one we used (RFE + VIF), is superior to the simple
adoption of conventional indices. It should also be acknowledged that the feature
selection pipeline employed Random Forest as the base estimator for RFE,
which may introduce a selection bias towards features that are particularly



79

informative for tree-based ensemble methods, potentially yielding suboptimal
feature subsets for XGBoost and MLP. Algorithm-specific or multi-learner
feature selection strategies could be explored in future work to address this
limitation.

Even after applying variable selection criteria and using only those of a spectral
nature that contribute to predicting grape technological maturity, it is worth
highlighting, among our study’s main results, the low accuracy of machine
learning models in predicting this maturity when Vls are used exclusively as
input data. This result should be considered a point of caution for most growers,
especially given the growth of service providers using drones for mapping
linked to grapevine quality and justifying the use of these data as support for
field decision-making. Thus, as demonstrated, regardless of the algorithm’s
architecture, the resulting models exhibited overfitting, combining good
performance on the training data with insignificant predictive performance on
the test set.

This low accuracy stems from a conceptual limitation wherein VIs provide
spatial information on the canopy’s physiological state but lack the temporal
dimension that governs the ripening process. Ripening is a cumulative process,
intrinsically linked to accumulated thermal energy (GDD) throughout the
phenological cycle [42,43]. A vine can exhibit the same vigor, and therefore
have the same VI value, at different developmental stages but with completely
different fruit compositions. Without the temporal context provided by GDD, the
models were unable to resolve this ambiguity, resulting in models with training
R?values up to 0.81 (for RF), but with test R? values falling as low as 0.30

(for MLP) and never exceeding 0.48. Despite the low values found in our work
using only Vs as input, [9] also reported low accuracy values when they tested
different sensors to predict grape quality attributes.

The inclusion of GDD improved the performance of the models, especially in
the test stage, validating the central hypothesis that data fusion is essential. The
SHAP interpretability analysis was fundamental for decoding the internal
workings of the final XGBoost model, revealing how this synergy operates and
confirming that the model learned to replicate the physiological logic.

The interpretability analysis (SHAP) consistently revealed, across the three
tested models, that GDD was the predictor with the greatest impact and
potentiated the prediction of grape development, as also observed for other crops
[11,12,44]. This result corroborates field observations, as GDD functions as a
direct indicator of the grapevine’s phenological development stage [45,46].

The SHAP results suggest a clear hierarchy: GDD and ‘Cultivar’ establish the
baseline prediction, defining the expected maturity potential for that cycle stage
and genetic variety. The VlIs, in turn, act as secondary predictors. They modulate
the baseline prediction by capturing spatial variability in the crop’s physiological
conditions, such as localized stresses or vigor differences, which cause a plant to
deviate from the general trend expected for its GDD and cultivar. Furthermore,
the importance of ‘Cultivar’ in the SHAP analysis demonstrates the model’s
ability to learn and quantify the genetically distinct ripening profiles between
Sauvignon Blanc and Syrah, a fact aligned with physiological knowledge about
sugar accumulation and acid degradation in different varieties [30].

However, an important methodological caveat applies to the interpretation of
‘Cultivar’ importance in the SHAP analyses: the two cultivars occupy spatially
distinct blocks with different row orientations (Sauvignon Blanc: NE-SW;
Syrah: NW-SE), meaning that ‘Cultivar’ is inherently confounded with block-
level spatial factors, including canopy geometry, differential solar irradiance
exposure, and localized microclimate variability. Consequently, the SHAP-
attributed importance of ‘Cultivar’ reflects an undifferentiated composite of
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genetic ripening dynamics and spatial-environmental co-factors, and it is not
possible within the current experimental design to attribute this contribution
exclusively to genotypic differences in metabolic processes. Future studies
should consider implementing cultivar-specific sub-models or incorporating
spatial covariates such as topographic aspect and slope to disentangle these
confounded effects.

However, the way this genetic influence interacts with remote sensing signals
can be modulated by management factors, leading to sometimes divergent
results in the literature. For instance, we observed that, under irrigation, VIs
were less effective in predicting quality for Sauvignon Blanc compared to Syrah,
demonstrating a complex interaction between cultivar and water management
[47]. Conversely, the work by Santos [48] found robust correlations in Vitis
vinifera L., suggesting the potential of VIs to replace conventional analyses in
certain contexts. This apparent inconsistency in the literature does not invalidate
the results presented here; on the contrary, it demonstrates that Vitis vinifera L. is
extremely sensitive to local interactions among genotype, environment, and
management. Therefore, the calibration of generalist models, as performed in the
present study, is an indispensable step for the successful application of remote
sensing tools in decision-making.

Among the evaluated models, XGBoost showed the highest accuracy, a result
frequently observed in agricultural applications due to its efficiency in handling
tabular data and complex non-linear relationships [49]. It is important to note,
however, that all models (including RF and MLP) achieved high performance
after the inclusion of GDD, suggesting that the quality of the predictor variables
was more decisive than the choice of the specific algorithm.

Several methodological and contextual limitations of this study warrant explicit
discussion. First, the dataset encompasses a single growing season (2024) at one
commercial vineyard, constraining generalizability to season-specific climatic
patterns and the particular agronomic conditions of this site. Second, GDD was
accumulated over only six discrete collection events, making it nearly co-linear
with the temporal ordering of sampling; a dateas-surrogate sensitivity analysis
was performed: replacing GDD with an ordinal temporal index (1-5) yielded R?
=0.815 (*Brix) and R?>= 0.821 (TA), compared to 0.84 and 0.806 with GDD
(AR*=0.025 and -0.015). For TA, the date proxy marginally outperformed
GDD, indicating that temporal ordering rather than thermodynamic
accumulation may drive a portion of the predictive signal in this five-date
dataset. Third, the stratified hold-out split did not account for spatial
autocorrelation among the 145 georeferenced points across collection dates; a
GroupKFold analysis stratified by point identity is planned. Fourth, the
‘Cultivar’ predictor is spatially confounded with block geometry and
microclimate, limiting mechanistic interpretation of its SHAP-ranked
importance. Fifth, the RFE pipeline employed Random Forest as the base
estimator, potentially yielding suboptimal feature subsets for non-tree-based
algorithms. Sixth, SHAP values reflect model-internal association patterns and
do not establish causal relationships. Finally, soil properties, vine water status,
and thermal heterogeneity within the vineyard were not incorporated as
predictors, representing avenues for model improvement in future multi-sensor,
multi-season studies.

5. Conclusions

The fusion of remote sensing data (Vegetation Indices) with the temporal
variable Growing Degree-Days (GDD) proved to be a fundamental and highly
effective approach for predicting Soluble Solids (* Brix) and Titratable Acidity
in wine grapes grown under a double pruning system. The study validated its
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central hypothesis by demonstrating that the inclusion of GDD significantly
improved accuracy, transforming models based only on VIs, which were shown
to be incapable of generalization (test R? < 0.48), into robust prediction tools.
Furthermore, the most influential and least redundant VIs for prediction were
identified, such as ‘CVI’, ‘SFDVT’, and ‘BAI’, whereas traditional indices
(‘NDVTI’ and ‘NDRE’) which were removed due to saturation or high
multicollinearity. Among the evaluated algorithms, XGBoost was determined to
have the best predictive performance for both target variables, achieving a test
set R?of 0.89 for * Brix and 0.77 for Titratable Acidity.

This work therefore reinforces that the fusion of temporal (GDD) and spatial
(V1) data is a prerequisite for the accurate modeling of grapevine technological
maturity. These findings constitute a promising proof-of-concept for non-
destructive maturity prediction in precision viticulture; however, validation
across multiple growing seasons and vineyard environments is essential to
confirm the broader applicability and operational reliability of the proposed
framework.
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  N G R D I =   ( G − R )  ( G + R )


  S A V I =   ( N I R − R )  ( N I R + R + L ) ∗ ( 1 + L )


  R I =   ( R − G )  ( R + G )


  E X G = (  ( 2 ∗ g ) − r − b )


  E X R =  ( 1 . 4 ∗ R ) − G


  E X G R = E X G − E X R


  G L I =   (  ( G − R ) +  ( G − B ) )  ( G + R + G + B )


  C I V E = ( ( 0 . 441 ∗ R ) − ( 0 , 811 ∗ G ) + ( 0 , 385 ∗ B ) + 18 , 78745 )


  P C D = ( N I R / R )


  P V R = ( G / R )


    N I R − R e d E d g e  N I R + R e d E d g e


    N I R − G  N I R + G


    N I R  G − 1


   (  ( N I R − R ) − 0 . 2 ∗  ( N I R − G ) ) ∗     N I R  R


    ( N I   R 2 − R )  ( N I   R 2 + R )


  𝒈 =   𝑮  ( 𝑹 + 𝑮 + 𝑩 )                                         𝒓 =   𝑹   ( 𝑹 + 𝑮 + 𝑩 )                                                     𝒃 =   𝑩  ( 𝑹 + 𝑮 + 𝑩 )


  C E a =  1  𝜌 𝛼


  𝜌 𝛼 =   2 𝜋 𝛼   V  I


  S B I =      ( B l u e ² + G r e e n ² + R e d ² + N I R ² ) 4


  E V I = 2 . 5 ∗    ( N I R − R E D )   ( N I R + 6 ∗ R E D − 7 . 5 ∗ B L U E + 1 )              
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