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Abstract.

Reliable and continuous estimation of leaf water content (LWC) is essential for viticulture, as it
enables assessment of spatiotemporal variability in vine water demand and supports improved
irrigation management efficiency within Precision Agriculture (PA) practices. Although the
gravimetric method based on fresh weight (FW) and dry weight (DW) measurements provides
accurate LWC estimates, it is time-consuming, destructive, and exhibits limited scalability for
large sample sizes. In contrast, leaf area (LA) represents a non-destructive proxy for LWC that
can be measured using digital technologies. However, the predictive capability of LA is strongly
influenced by grapevine cultivar, given the ampelography diversity, and plant water status
dynamics. Furthermore, short-term variations in LWC may occur with minimal changes in LA in
fully expanded leaves, limiting the sensitivity of this predictor. Hyperspectral reflectance data
offer complementary information on intraspecific variability related to both cultivar-specific leaf
characteristics and LWC while preserving the non-destructive advantages of optical sensing.
Nevertheless, the high dimensionality of hyperspectral data often leads to model overfitting and
reduced generalization capability, emphasizing the need for effective feature selection methods
prior to model fitting. This study aimed to develop an integrated approach combining digital
image processing for LA estimation and feature selection to identify wavelengths related to
water absorption in reflectance spectra and cultivar-specific ampelographic features, enabling a
more robust and linear non-destructive model for LWC estimation in grapevines. LWC was
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calculated as the difference between FW and DW. LA was estimated from leaf images acquired
using a conventional smartphone camera and processed through a segmentation pipeline
based on thresholding and binarization. Leaf reflectance spectra ranging from 350-2500 nm at
1 nm resolution were collected using a field spectroradiometer. Digital LA measurements and
corresponding spectral data were subjected to a wrapper-based feature selection method
employing a greedy hill-climbing metaheuristic with backtracking in a backward search. Simple
and multiple linear regression models were developed to predict LWC using LA alone and LA
combined with reflectance at preselected wavelengths, respectively. The methodology was
evaluated using pooled datasets obtained from samples collected at harvest from four vineyards
over two consecutive seasons, including the cultivars Cabernet Franc and Sauvignon. Model
performance was assessed using a holdout validation strategy, with 70% of the data allocated
to training (n = 580) and 30% to testing (n = 248). LA alone provided strong predictive capability,
explaining approximately 68% of the variability in LWC (R? = 0.68) in the test dataset. However,
incorporation of selected spectral features, predominantly from the infrared region, improved
model generalization, increasing the R? for the test dataset to 0.72 and reducing the relative
absolute error from 58.4 to 40.7%. Paired Wilcoxon signed-rank tests applied to the absolute
errors associated with the test dataset confirmed that the multiple linear regression model
significantly outperformed the LA-only model (p-value < 0.001). These results demonstrate that
integration of digital LA measurements with selected spectral features provides a more reliable
and cultivar-robust approach for non-destructive LWC estimation, supporting its potential
application for guiding water management in precision viticulture.
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Introduction

Providing an adequate water supply trough irrigation is essential for viticulture, once vine
growth, yield and berry composition is influenced by water availability. Therefore, grapegrowers
rely on accurate assessment of grapevine water status to meet these demands through
irrigation management strategies, following Precision Agriculture (PA) principles and
technologies (Gonzalez-Fernandez et al., 2015, Bahat et al, 2024), i.e., intending to meet the
exact plant water requirements at a given moment of the growing season.

Traditional approaches have been practiced to evaluate grapevine water status, particularly leaf
water content (LWC), including destructive laboratory procedures. In this sense, the gravimetric
determination of LWC through fresh and dry biomass weighting is a reference method.
However, despite its accuracy, this procedure requires labor consuming field campaigns for leaf
sampling, and laboratory infrastructure for proper leaf oven drying and weighting. It makes this
traditional method unsuitable for continuous monitoring of LWC at field scale to support
operational decision-making process regarding the estimation of the irrigation depth and time.

In this context, current advances in optical sensing technologies have created opportunities for
non-destructive estimation of leaf traits that could be assumed as proxies to estimate LWC.
Particularly, digital imaging stands out due to its low cost, operational simplicity, and widespread
availability through devices such as smartphones (Guerrero et al., 2012; Muller-Linow et al.,
2019). Thus, we hypothesize that these easily available digital images can be processed to
estimate leaf morphological traits, particularly leaf area (LA), which is related to leaf biomass
accumulation and, consequently, to its water storage capacity. Despite of this correlation, LA
alone could be limited to generically estimate LWC in viticulture due to the variations in cultivars
ampelographic characteristics and plant water status dynamics. Furthermore, temporary
variations in LWC can occur with negligible corresponding changes in LA, especially in mature
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and full expanded leaves, reducing the sensitivity of morphological predictors to predict water
status by themselves.

Concurrently, optical technologies related to hyperspectral reflectance sensing could captures
subtle variations in leaf composition and structure across multiple wavelengths, and then could
be assumed as additional sources of information to estimate LWC with morphological leaf traits.
Reflectance features in the near-infrared (NIR) and shortwave infrared (SWIR) regions are
particularly sensitive to water absorption processes and have been widely associated with plant
water status (Rapaport et al., 2015; Tardaguila et al, 2017; Laroche-Pinel et al., 2024). Hence,
we also hypothesize that these technologies in association with the previous digital images can
be useful for LWC estimations, specifically through regression modeling. However, when
dealing with such high dimensional data provided by hyperspectral sensing, the large number of
evaluated wavelengths often leads to redundancy or overfitting of the proposed models. In this
sense, feature selection techniques are thus important for identifying significative wavelengths
and improving model generalization intending reliable LWC estimations (Giovenzana et al.,
2018).

Therefore, the aim of this study was to develop and evaluate the predictive performance of a
composite non-destructive methodology combining LA estimation through digital image
processing and hyperspectral feature selection of leaf reflectance data to improve regression-
based estimation of LWC across different grapevine cultivars.

Material and methods
Study site and dataset description

The study was conducted using pooled datasets obtained from fully-developed and healthy
green leaves collected at harvest in four commercial vineyards over two consecutive growing
seasons, which included samples from the grapevine cultivars Cabernet Franc and Sauvignon
(Vitis vinifera L.). A total of 828 leaf samples were available, with 580 observations allocated to
model training and 248 observations reserved for independent testing. The datasets comprising
morphological information of the leaves (i.e., fresh and dry weight and LA) and reflectance data

Leaf water status and area estimation

Leaf water content (LWC, in g leaf!) was calculated using the gravimetric difference between
fresh weight (FW) and dry weight (DW), which served as the reference variable for model
development. Fresh leaf samples were weighed immediately after collection to determine FW
and subsequently oven dried until constant weight to determine DW. The FW-DW difference
represented the water content retained in each leaf sample.

Leaf area was estimated using images acquired with a conventional smartphone camera.
Images were processed through a segmentation workflow consisting of thresholding and
binarization procedures designed to isolate the leaf blade from the background. The number of
pixels corresponding to the leaf area was then converted into a quantitative leaf area
measurement, generating a non-destructive predictor variable suitable for large-scale data
collection. This image processing was performed using Imaged (Wayne Rasband National
Institute of Health, Bethesda, Maryland, USA) version 1.52 and the LeafArea R package
(Katabuchi, 2015).

Leaf hyperspectral data acquisition and feature selection

Reflectance spectra were collected using the portable spectroradiometer FieldSpec 3 (Analytical
Spectral Devices, Inc.; Boulder, Colorado, USA), covering wavelengths from 350 to 2500 nm

with 1 nm spectral resolution. Thus, this spectral range encompasses visible, NIR, and SWIR
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regions.

We employed a wrapper-based feature selection procedure prior to model fitting due to the
large number of highly correlated features in the hyperspectral reflectance data. This process
used a greedy hill-climbing search with backtracking for a backward feature elimination. The aim
of this data processing was to identify wavelengths that maximized the LWC predictive
performance of the models while minimizing redundancy and reducing their complexity.

Regression model fitting and predictive performance evaluation

Two regression approaches were evaluated. The first one consisted of a simple linear
regression (SLR) model using LA as the only predictor. The second consisted of a multiple
linear regression (MLR) model combining LA with the selected spectral features.

We then used the training dataset for models fitting, and the independent test dataset to
evaluate their predictive generalization for LWC estimation. Performance metrics included
coefficient of determination (R?) and error measurements were calculated. Additionally, paired
Wilcoxon signed-rank tests were used to compare prediction errors between the two modeling
approaches.

Results and discussion

Table 1 summarizes the results regarding the model fitting performance and figure presented
the correspondence between observed and predicted values of LWC by each model. The SLR
model demonstrated that LA alone already contains important information regarding grapevine
LWC. Variations in LA explained approximately 74% of the variability observed in leaf water in
the training dataset (R? = 0.74), confirming the robustness of this trait as a predictor for leaf
water status that can be obtained through non-destructive digital image acquisition and
processing. The results also demonstrated the generalization capability of the model, according
to the correlation of 0.8249 in the test dataset, corresponding to approximately 68% of the
explained variability in LWC (R? = 0.68). These findings demonstrated that larger leaves
generally contain more water, reflecting the expected relationship between leaf size and
biomass accumulation.

Prior to the MLR model fitting including the hyperspectral reflectance data, the wrapper-based
feature selection identified a set of 36 wavelengths concentrated primarily in the NIR and SWIR
regions. Several selected wavelengths were located near known water-sensitive spectral
domains, particularly between approximately 1500 and 1900 nm. These regions are commonly
associated with absorption features related to water molecules and internal leaf structure,
suggesting that the proposed feature selection method was able to capture physically
meaningful information related to leaf water status.

Despite the performance of the SLR model, the MLR model integrating LA and the selected
spectral features improved LWC predictive performance. The MLR model explained
approximately 88% of the variability observed in the training dataset (R*> = 0.8814), indicating
that most of the variation in leaf water content was captured by the combined predictors.
Independent validation also revealed an improved predictive performance when applying the
model to the test dataset, with the correlation coefficient increasing from 0.8249 in the SLR
model to 0.8635 in the MLR model. Likewise, in this test dataset, the RAE decreased from
51.38% to 40.68%, while the RRSE decreased from 56.91% to 51.75%, demonstrating
improved model generalization and predictive accuracy. Additionally, paired Wilcoxon signed-
rank tests applied to the absolute prediction errors indicated significant differences between the
models for the training (p < 0.001) dataset further supporting the superior prediction
performance of the MLR model.
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The advantage of the hybrid approach was also confirmed through paired Wilcoxon signed-rank
tests, which indicated significantly lower prediction errors for the MLR model. This result
demonstrates that spectral information contributes with leaf morphology for LWC predictions.
These findings demonstrated that while LA itself represents structural features of leaves that
makes it a primary predictor of LWC, hyperspectral reflectance add important information to
increase its prediction capacity, once it captures physiological and biochemical variations
associated with LWC dynamics.

Table 1. Statistics to evaluate the simple linear regression (SLR) and multiple linear regression (MLR) models fitting
performance concerning grapevine leaf water content (LWC) prediction.

Model Dataset n R? RZagj r MAE RMSE RAE (%) RRSE (%)
Training 580 0.7425 0.7421 0.8617 0.2000 0.3000 44.5596 50.7441
SLR Test 248 - - 0.8249 0.2000 0.3000 51.3813 56.9136
Training 580 0.8814 0.8736 0.9388 0.1000 0.2000 30.3476 34.4352
MLR Test 248 - - 0.8635 0.2000 0.3000 40.6835 51.7548

SLR: simple linear regression; MLR: multiple linear regression; R% coefficient of determination; R2adj: adjusted coefficient of
determination; r: Pearson coefficient of correlation; MAE: mean absolute error; RMSE: root mean squared error; RAE: relative
absolute error; RRSE: root relative squared error.
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Fig 1. Observed x predicted grapevine leaf water content (LWC) for the simple linear regression (SLR) and multiple linear
regression (MLR) models using training and test datasets.

Conclusion

Grapevine leaf area estimated via digital image processing provide a reliable measure of leaf
water content and its variability. Incorporating reflectance at specific wavelengths (=1500-1900
nm), which are sensitive to leaf water content and structure, reduce prediction errors and
improved the estimation of grapevine leaf water content. These results support the approach’s
potential application for guiding water management in precision viticulture.
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