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Abstract: Efficient irrigation management is fundamental to sustainable crop production, particularly
under increasing temperatures and limited water availability. In vineyards, water stress significantly

influences grapevine development and productivity. Controlled water stress is intentionally applied in



deficit-irrigated systems to regulate yield and enhance fruit quality. Therefore, vineyards must be
routinely monitored to prevent excessive stress that could cause detrimental effects. In this study, we
developed a machine-learning framework based on the eXtreme Gradient Boosting (XGB) machine-
learning model to estimate grapevine leaf water potential (W) using meteorological data and high-
resolution imagery from small unmanned aerial systems (SUAS) over commercial vineyards of
different varieties and in different climatic zones in California. The framework incorporates key
meteorological and image-derived features, including maximum air temperature in the 24 hours prior
to the flight, air temperature at the time of flight, the difference between these two temperatures, as
well as canopy temperature derived from sUAS thermal imagery. These features were included to
indirectly capture plant-water-weather interaction during the 24-hour period preceding data collection,
enhancing the model’s practical applicability. The XGB model demonstrated robust performance,
achieving an RMSE of 0.16 MPa, a bias of -0.06 MPa, and a correlation coefficient of 0.83 while
minimizing computational cost. Model generalizability was further validated in an independent
vineyard, demonstrating its potential for commercial application in precision irrigation and vineyard
water management. Our research highlights the potential for broader applicability, particularly in

addressing flash drought and promoting adaptive water resource management.

Keywords: Leaf water potential; crop water stress; sUAS imagery; Machine learning; California

vineyards.

1. Introduction

California’s Central Valley, one of the most productive agricultural regions worldwide, generates more
than $40 billion annually in crops (Grantham & Viers, 2014; Mitchell et al., 2016). Under a semiarid
climate where increasing temperatures, declining water allocations, and intensified evaporative
demand are projected to further constrain irrigation supplies (Bonada & Sadras, 2015; Diffenbaugh et
al., 2011; Nicholas & Durham, 2012; Viers et al., 2013). Maintaining grape yield and fruit quality while
reducing water consumption has therefore become a central challenge for sustainable vineyard
management (Kustas et al.,, 2019). Under projected warming and limited water availability, precise
irrigation scheduling based on actual vine water status is essential to sustain productivity, optimize
fruit composition, and conserve regional water resources (Chaves et al., 2010; Hannah et al., 2013).

As a high-value perennial crop, grapevine represents both an economic and environmental priority



for improved irrigation efficiency in water-limited regions (Diffenbaugh et al., 2011; Nicholas &

Durham, 2012).

Grapevine water stress governs gas exchange, berry composition, and overall vine productivity (Miras-
Avalos & Araujo, 2021). Moderate stress at the ripening stage enhances sugar and anthocyanin
concentration, whereas severe or early stress substantially reduces yield and berry quality (Albrizio et
al., 2023; Bravdo et al., 1985). Because of these physiological links, vine water potential—expressed as
leaf (Wieas) or stem (Wem) water potential—serves as a direct physiological indicator of the plant’s water
status and irrigation need. These metrics integrate soil moisture, atmospheric demand, and plant
hydraulic regulation, providing a robust framework for understanding vine—atmosphere coupling and

irrigation demand (Sperry, 2000).

Despite their reliability, conventional pressure-chamber measurements of Wier or Wem remain labor-
intensive, destructive, and time-consuming, making them impractical for frequent or large-scale
monitoring (Abbatantuono et al., 2024). Spatial variability in soil texture, vine vigor, and canopy
architecture across vineyard blocks further limits the representativeness of point-based measurements
(Alliaume et al., 2024; Ferro et al., 2023). Consequently, irrigation scheduling often relies on sparse
sampling or indirect indicators that fail to capture fine-scale heterogeneity in vine water status
(Abbatantuono et al., 2024). The need for cost-effective, spatially continuous, and non-destructive
methods to monitor grapevine water stress has become increasingly urgent, particularly under dynamic

environmental conditions and spatially variable vineyard microclimates.

Advances in remote sensing and machine learning technologies offer an effective pathway to
overcome these limitations. The satellite platform provides promising grapevine water stress
estimation, considering the technical progress in the spatial and temporal resolution improvement; the
small unmanned aerial systems (SUAS) provide excellent estimations since they can obtain high-
resolution images (Abbatantuono et al., 2024). At high spatial resolution, products such as the volume
and biomass of individual grapevines can be generated by isolating the vine canopy from the interrow

(Aboutalebi et al., 2019; Gao et al., 2021, 2022, 2023; Gao & Torres-Rua, 2023).

Many research have demonstrated the success of using the combination of high-resolution sUAS
information and machine learning for vine water stress estimation. For example, Poblete et al. (2017)
built artificial neural network (ANN) models for vine Wqem estimation at a drip-irrigated Carmenere

vineyard in Talca, Maule Region, Chile, aiming to address the highly nonlinear relationships between



spectral reflectance and vine water stress. Their findings demonstrated that drone-mounted
multispectral cameras could effectively capture the spatial variability in vine water stress, with the
ANN models performing best when incorporating spectral bands at 550, 570, 670, 700, and 800 nm.
Validation analysis indicated that the ANN model could estimate ¥em with a mean absolute error
(MAE) of 0.1 MPa, root mean square error (RMSE) of 0.12 MPa, and relative error (RE) of -9.1%.
Laroche-Pinel et al. (2024) used UAV-mounted Near InfraRed (NIR) and Short-Wave Infrared (SWIR)
hyperspectral cameras (900 — 1700 nm) combined with machine learning models to estimate ¥em in
a vineyatd, achieving an R*at 0.54 and RMSE at 0.11 MPa, underscoring the efficacy of fine-resolution

hyperspectral imagery for vineyard water stress assessment.

Among the recent efforts, the study by Tang et al. (2022) is particularly noteworthy and forms a
conceptual foundation for the present research. Tang et al. (2022) demonstrated the potential of

integrating sSUAS-derived information with meteorological data from nearby weather stations located

approximately 12 and 20 km away, recorded at the time of the flight, for Wi.s estimation. Using a
Random Forest (RF) model, they achieved an R* of 0.78, RMSE of 0.12 MPa, and MAE of 0.10 MPa
in a vineyard. The critical role of meteorological data was emphasized, particularly air temperature and
vapor pressure deficit at the time of image acquisition, in the model’s predictive performance. These
results highlight the effectiveness of integrating proximal weather information with high-resolution
imagery for vine water stress estimation. Despite this progress, the study by Tang et al. (2022) also
leaves open several important avenues for further investigation. First, the reliance on weather data
from stations located several kilometers away introduces potential spatial mismatches between
recorded and actual vineyard microclimates, warranting closer examination of their impact on model
accuracy. Second, their trained models were developed under specific site conditions and sensor
configurations, suggesting a need to evaluate model transferability across different vineyards, spatial
resolutions, and environmental contexts. Third, their work raises the question of whether
meteorological conditions in the hours or days preceding image acquisition might influence Wi at the

time of flight.

The Grape Remote sensing Atmospheric Profiling and Evapotranspiration eXperiment (GRAPEX)
project (Kustas et al., 2018, 2019) started in 2013 and included field data collection campaigns in

vineyards across California for several years, including Pi.r and Weem measurements, meteorological



data, and high-resolution sUAS images collected by the AggieAir platform' at Utah State University.
GRAPEX captured hydrological, physiological, and meteorological conditions across multiple
vineyard blocks and varieties, multiple growing seasons, and climate regions, which provides a unique

resource to explore those three investigations.

The primary objective of this research is to evaluate the feasibility of using a high-resolution sUAS
imagery combined with time-series meteorological data from local sensors to spatially estimate
grapevine water stress. Additionally, this study aims to develop a more robust and transferable
methodology that can be adapted to diverse vineyard varieties across California’s Central Valley. By
addressing limitations in spatial variability, sensor specificity, and model generalizability, the research

seeks to advance scalable approaches for field-level monitoring of grapevine water stress.

2. Materials and Methods

2.1 Site description and vine water stress measurements

Four commercial vineyards situated in three different climatic regions across California, as illustrated
in Figure 1, were included in this study. The vineyard blocks BAR012 and BAROO7, planted to 1/7#s
vinifera cv. Cabernet Sauvignon and cv. Petite Sirah, respectively, were the furthest north in Sonoma
County, south of Cloverdale, CA. The SLLM vineyard, planted to [7#s vinifera cv. Pinot Noir, was
situated around 20 km northeast of Lodi, CA in the California Central Valley. Lastly, the RIP 720
vineyard, planted to 177#s vinifera cv. Metlot, was situated around 30 km west of Fresno, also in the
California Central Valley. The RIP 760 vineyard, geographically proximate to the RIP 720 vineyard,
was not included in the model generation and was utilized as a test location (blind test) to validate the

model’s performance.

In all these locations, the vines were trained in a horizontally split canopy system, with rows separated
~3.35 m. The distance between vines was ~1.83 m in the Sonoma locations and ~1.52 m in the Central

Valley Locations. The white “X” symbols in Figure 1 indicate the specific locations within each block

where the Wi/ Paem measurements were taken periodically, over the course of multiple seasons along

U https:/ /uwtlusu.edu/aggieair/



with sUAS flights. The white “X” symbol highlighted by the black square represents the sample used

to test the machine learning model performance. Details will be presented in the section 2.4.2.
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Figure 1. GRAPEX vineyatd blocks in California showing specific Wicar/ Wsiem sampling sites (X). The samples
highlighted by the black square represent the sample used to test the performance of machine learning model
performance. The corresponding information is not included in the machine learning training dataset. RIP 760 is treated
as a blind test location.

Both Wi and Waem were measured during sUAS overflights at the sites identified in Figure 1. The

Wi.r measurements were conducted on fully expanded leaves fully exposed to sunlight. The leaves
were enclosed in a plastic bag, detached from the vine, and their water potential was immediately
measured using a pressure chamber (Turner and Long 1980). In each experimental site, there were
from nine to twelve predetermined sampling locations consisting of around four meters of vine
canopy along the vine row (two adjacent vine spaces of either 1.5 m in RIP and SML or 1.8 m in BAR).
These locations were the same for all the sampling times representing different levels of vine water
status at the site and are located strategically in the vineyard block. Two or three researchers working
in parallel and moving on small all-terrain vehicles could sample all the locations in less than one hour.
One sample consisted of an average of three to five leaves per sampling location, and between six and

twelve samples per block were collected at different sampling locations under each overflight,



depending on the vineyard site and the available resources on a specific date and time. The exact
position of each measured leaf within the canopy was not recorded, as identifying individual leaves
during measurement was impractical. Instead, the mean value from three to five leaves was assigned
to the corresponding canopy section. Three researchers worked simultaneously to ensure
representative conditions during image collection, minimizing the time between samples. Wem
measurements followed a similar procedure, with the leaf being placed in a small opaque bag for
around half an hour before measurement. The number of samples for both Wem and Wi.s for each

flight is shown in Table 1.

Table 1. The number of Wi and Wem measurements and corresponding AggieAir flights over four different California
vineyards between 2015 and 2019. “\" under the “EC tower” column indicates the available EC-flux tower data.

Ground measurements

Site name Date EC tower AggieAir sUAS flights*
\Plcaf \Ijstcm
6/2/2015 N 20 0 2
SI.M
7/11/2015 v 15 0 2
6/27/2019 N 11 8 2
BAR007
7/29/2019 v 17 12 2
8/8/2017 N 10 1
8/9/2017 N 10 1
BARO12 6/27/2019 v 15 13 3
7/29/2019 N 25 12 2
7/30/2019 N 17 11 3
6/19/2018 N 36 12 3
7/13/2018 v 48 0 2
RIP720 8/5/2018 v 8 4 2
8/6/2018 v 22 10 1
5/4/2019 N 9 5 1
Total 263 87

* Number of flights at around Landsat overpass, local solar noon, and mid-afternoon.

Williams and Araujo (2002) reported a linear relationship between Wir and Wiem, which was also

observed in the GRAPEX dataset (Figure 2). A linear regression line (R*=0.73 and RMSE=0.07 MPa)
was generated based on the pait of Wit/ Psem measurements. Thus, instead of considering both Wi

and Wem, all modeling, analysis, and mapping presented in this manuscript focus on Wi
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Figure 2. Linear relationship between measured Wiear and Weem based on the available dataset from commetcial vineyards
in California.

2.2 sUAS data

High-resolution images gathered via the AggieAir SUAS platform between 2015 and 2019 were used
in this study. Details of the data are presented in Nassar et al. (2021). These data include four-band
spectral images: Blue (B), Green (G), Red (R), and Near-infrared (NIR) with similar spectral response
to Landsat 8 as well as calibrated microbolometer thermal imagery. The flight details, including the

date, number of flights, and corresponding ground measurements, are provided in Table 1.

2.3 Meteorological data

All the GRAPEX experimental sites were instrumented to monitor the local meteorological conditions
with full eddy-covariance (EC) systems. Six meteorological variables measured every hour within a
two-week time-series window per SUAS flight were used in this study: air temperature (T, in °C), vapor
pressure deficit (VPD in kPa), actual vapor pressure (e, in kPa), carbon dioxide density (CO; in mg-m°
%), net radiation (R, in Wm™), and relative humidity (RH in %). Therefore, a total of 2016 (6 variables
X 14 days X 24 hours) houtly features (potential predictors) per sUAS flight were evaluated for all the
sUAS flights.

A small portion of the meteorological dataset (approximately 1%) was missing due to factors such as
battery interruptions. Missing values were filled using the mean of available observations for the same
hour within a 14-day moving window. For example, if air temperature at 10:00 a.m. on Day 14 was
unavailable, the average of valid 10:00 a.m. readings from the preceding thirteen days was used as the

replacement.



2.4 Wi sample extending
2.4.1 Basis for increasing the number of samples of Wies

We proposed a methodology to extend the number of Wi.r samples for running the ML model. The

basis lies in the homogeneous canopies around the target vine.

® Target vine for data collection
A2 . .
15 Adjacent vines

8 LWP/SWP collection locations

Figure 3. An example showing the field Wi.s measurements. The background image comes from the AggieAir sUAS

platform on June 19t%, 2018 (11:20 am) at RIP720. The red cross cycle symbol represents the target data vine for Wiea
collection, and the black dash-lined cross cycle symbol represents the target vine’s adjacent vines. Five bold red crosses

represent five sample leaves where the researchers took Wiar measurements.

The vine canopy width in July is around 2.4 m (Figure 3). The distance between two adjacent vines in
the same row is ~1.5 m. The averaged Wi, value is considered to represent the water status for the
single vine (i.e., the target vine in Figure 3). Considering the similarity of the neighboring vines (same
variety, canopy management, soil, fertilization, and irrigation conditions), the i..s measurement then

represents the condition of the vines within an area, such as a 3.0 m by 2.4 m rectangle area (Figure

3).
2.4.2 Sample extending algorithm based on sUAS imagery

The AggieAir sUAS platform provided imagery with different pixel resolutions, with the highest
resolution being 0.15 m for the multispectral images and 0.60 m for the temperature images. Based
on these characteristics, we tested two rectangular domains for analysis. The first domain had
dimensions of 3.0 m in length and 2.4 m in width, containing 20 (5X4) 0.6-m pixels (Figure 4 (a)). The
second domain had dimensions of 3.0 m in length and 1.8 m in width, containing 15 (5%3) 0.6-m

pixels (Figure 4 (b)). Within each 0.6 m temperature pixel, there were 4X4 spectral pixels (R, G, B,



and NIR) at a resolution of 0.15 m (Figure 5). The displacement between domains (a) and (b) is 0.30

m north-south between them.

® Target vine for data collection

A2 ¢ :
x5} Adjacent vines

8 W, collection locations

7 0.6-m pixel

®)

Figure 4. Examples showing how the feature extraction model extends the Wiear samples. (a) Creating a rectangle domain
with 3.0 m length and 2.4 m width containing 20 (5%4) 0.6 m pixels. (b) Creating a rectangle domain with 3.0 m length
and 1.8 m width containing 15 (5%3) 0.6 m pixels.

All 35 pixels (from two rectangular domains) at 0.6-m resolution were initially assigned the same Wi
value; however, not all pixels were retained for further analysis. Any 0.6-m pixel with a mean NDVI
value below 0.65 was excluded. This NDVI threshold was determined based on a manual classification
of vine vegetation pixels using optical imagery, as described in a previous GRAPEX study (Gao,
Torres-Rua, et al., 2023). The mean NDVI at 0.6 m resolution was calculated by averaging the NDVI
values from the corresponding 0.15 m resolution sub-pixels (Figure 5). The remaining valid 0.6-m
pixels, those with NDVI = 0.65, were all assigned to the same Wi..s value. At the end, the Wi..r samples
were extended from 263 to 2370.

Among the 2370 samples, 153 samples (6.5% of the total) were related to the target vine, which were
highlighted by black squares in Figure 1, to test the XGB model performance. 2217 samples (93.5%)
were used to train the XGB model. Importantly, the test samples were completely independent of the

training dataset, and no information from these samples was used during model development.
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Figure 5. An example: one 0.6 m temperature pixel aligned with a 4x4 0.15 m spectral image (R, G, B, and NIR).

A Python algorithm developed by Gao & Torres-Rua (2025) implements the process described above.
This program also generates sixteen sSUAS image-based values for each thermal pixel location that will
be evaluated for inclusion in the XGB Wi.s model, including averaged spectral bands, vegetation
indexes (VIs), and temperature. Since only grapevine-vegetation pixels are retained, the 0.6 m
temperature pixel is recognized as the canopy (vine-vegetation) temperature (T). It is assumed that
this feature extraction model can also be applied to other vineyards. In such cases, the NDVI threshold

(0.65) needs to be adjusted accordingly.

2.5 Model evaluation metrics

Root mean square error (RMSE), bias, the Pearson correlation coefficient (1), and Willmott’s index of
agreement (d) were used together to provide a comprehensive assessment of model performance,
covering the aspects of accuracy, precision, and agreement with observations. These statistics, along
with optional plots such as 1:1 scatter plots, residual plots, and Q—Q plots, are documented in a Python

GitHub repository (Gao, 2025), making them easily accessible during code development.

RMSE (Equation 1) can indicate how much the model’s predictions deviate from the observations on
average. Bias (Equation 2) helps in understanding the systematic tendency of the model to either
overestimate or underestimate the observations. 7 (Equation 3) can indicate the strength and direction
of the linear relationship between predicted and observed values. A correlation close to 1 or —1
indicates a strong linear relationship, suggesting that the model can capture the variability of the
observations well. d (Equation 4) considers both the mean absolute etror and the variability of the

observations, showing insight into how well the model replicates the variability and pattern of the

observations (Willmott, 1982).

11
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where 0 represents observations, 0; is the observed value for the ith observations, 0 is the mean of
observations, p represents predictions, p; is the estimated value for the ith estimations, P; is the

estimated value corresponding to the ith observations, n is the number of paired observations.

3. Results

3.1 Meteorological predictor selection

Figure 6 (a) presents the Pearson correlation coefficients quantifying the relationships between Wi
and meteorological variables at different houtly lags (e.g., air temperature eight hours before flight
time). The red dashed arrows indicate the empirical threshold (|r| > 0.6) adopted in this study to
highlight features strongly associated with Wi... Based on this criterion, 112 out of 2016 tested
variables are strongly associated with Wi.r. Among these, 42 (38%) correspond to T., 37 (33%) to
VPD, 26 (23%) to RH, and 7 (6%) to e, as shown in Figure 6 (b). These four meteorological variables
were therefore selected as potential predictors for Wi estimation, whereas CO» density and R, were

excluded due to weak correlation (|r| < 0.6).

12
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Figure 6. The Peatrson cortelation coefficient between meteorological vatiables and Wi (2) The histogram of the

Pearson correlation coefficient between the meteorological variable and Wiar. The red dashed arrows indicate the
threshold -0.6 and 0.6, respectively. The number of variables with an absolute Pearson correlation coefficient above 0.6
is 112. (b) The percentage of each type of meteorological variable among the 112 identified.

Red circles in Figure 7 denote instances where the absolute Pearson correlation coefficient exceeds
0.6, highlighting periods of strong association between meteorological variables and Wi.r. The x-axis
represents the sUAS flight index i, with {—=336 corresponding to 336 hours (two weeks) prior to the
flight time. Gray-shaded blocks indicate 24-hour intervals. Among the four meteorological variables
analyzed, high-correlation periods were primarily observed within the first, fourth, fifth, thirteenth,

and fourteenth 24-hour intervals closest to the flight time (7).

Based on these findings, and to streamline the XGB model, only the houtly T,, VPD, and RH from
the closest 24-hour period were included in the subsequent analysis. e; was excluded because its
strong correlations with Wi.s occurred predominantly before this period. Additionally, CO, density

was incorporated as an exploratory variable to assess the XGB model’s capability in handling this

rarely measured field parameter.

Including all hourly observations for the four meteorological variables within the 24-hour window
would substantially increase the complexity of data collection, processing, and model training. To
preserve temporal information while reducing dimensionality, we extracted key features that capture
meaningful temporal dynamics. Since most AggieAir flights occurred between 11 a.m. and 3 p.m., we
examined the diurnal variation of meteorological variables over 24-hour periods on flight days. Two
examples are shown in Figure 8: one flight at 10:41 a.m. on 6 August 2018 (Figure 8a) and another at
3:22 p.m. on 13 July 2018 (Figure 8b).

13
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Figure 7. Pearson correlation coefficients between each meteorological and hour vatiable and measured Wic.r across a
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occurred between 11 a.m. and 3 p.m., and “i — 336" refers to 336 hours (14 days) before the flight. Each color block
represents a 24-hour interval. The absolute correlation coefficients greater than 0.6 are highlighted with red cycles,
indicating periods with stronger linear relationships between the meteorological variable and Wieat.
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From these analyses, three representative features were derived for each variable:

(1) the value at the flight time, representing the condition during image acquisition and leaf water
potential measurement; (2) the early-morning extreme (minimum for T, and VPD, maximum for RH
and CO; density), reflecting the initial physiological stress level and potential short-term weather
trends; and (3) the difference between the flight-time value and its corresponding extreme, capturing

the daytime change in meteorological conditions.
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Figure 8. Example of the 24-hour variation in the four selected meteorological variables prior to sSUAS data collection.
Column(a) corresponds to the flight conducted at 10:41 a.m. on August 6™, 2018, while column (b) represents the flight
at 3:22 p.m. on July 13%, 2018. The red dashed arrows indicate the approximate time of predawn, used to extract
physiologically relevant extreme values for each variable.

3.2  Wir estimation via XGB models and forward variable selection

The XGB model was initially developed using twenty input features, and its performance under this
full-feature configuration (Table 2) served as the baseline. In Table 2, “Exp” denotes individual

experiments, with the numeric suffix indicating the number of input variables included (e.g., “Exp 27
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represents a model with two variables). The corresponding scatter plots are shown in Figure A 1. Air
temperature (T,) features included the flight-time value, the minimum value, and their difference, while

canopy temperature (Tc) was derived from sUAS data.

A forward variable selection procedure was applied from Exp 1 to Exp 5. The process was
intentionally stopped at Exp 5 to maintain model simplicity, with fewer than five input variables. In
Exp 1, T, (represented by the three derived features), was identified as the most influential predictor
of Wiear, with model performance summarized in Table 2. However, because local meteorological
sensors cannot capture spatial variability within the vineyard, subsequent variables were drawn from

sUAS-derived data to improve spatial generalizability.

During Exp 2-Exp 5, the forward selection sequentially identified canopy temperature (T.), the blue

(B) spectral band, the red (R) band, and the simple ratio vegetation index (SR) as additional predictors.

Table 2. The performance for Wi estimation using the XGB model for the testing tree records. “Exp” denotes
“experiment”. “T'a” represents three key temperature features: the temperature at the time of flight, the minimum
temperature within a 24-hour period, and the temperature difference between these two values.

RMSE Bias t d Features in the XGB model
Baseline 0.14 -0.06 0.88 0.91 All features were considered.
Exp 1 0.17 -0.08 0.81 0.85 T,
Exp 2 0.16 -0.06 0.83 0.88 T,, T
Exp 3 0.15 -0.05 0.84 0.89 T, Tc, B
Exp 4 0.15 -0.05 0.85 0.90 T, Te, B, R
Exp 5 0.14 -0.06 0.88 091 T, Te, B, R, SR

Table 3 provides a statistical assessment of the experiments shown in Table 2, evaluating whether the
observed differences in mean performance are significant at the 5% level, assuming equal means across

all groups under the null hypothesis.

Table 3. Comparing the mean value differences among different experiments using ANOVA and the Tukey test.

Group1 Group?2 Mean Difference p-Adj Lower Boundary Upper Boundary Mean values are the same

Baseline Exp 1 0.079 0.018 0.008 0.149 No
Baseline Exp 2 -0.016 0.987 -0.087 0.055 Yes
Baseline Exp 3 -0.026 0.903 -0.096 0.045 Yes
Baseline Exp 4 -0.025 0.909 -0.096 0.045 Yes
Baseline Exp 5 -0.023 0.942 -0.093 0.048 Yes

The results indicate that the null hypothesis of equal group means is rejected when only air temperature
is considered. However, when both air temperature (three features) and canopy temperature are

included, the hypothesis is not rejected. As additional variables are added, the hypothesis continues to
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be accepted across all subsequent experiments. These findings suggest that a model using only air
temperature (three features) and canopy temperature (one feature) performs statistically equivalently
to models incorporating all twenty features. Therefore, these four features, as defined in Table 2 and

Table A 2, were retained for subsequent analyses.

The relative importance of the four selected features was evaluated using the “Gain” metric from the
XGB model. Because the model was trained with RMSE as the objective function, “Gain” represents
the average reduction in squared error achieved by splits using a particular feature within the decision
trees. A higher Gain value, therefore, indicates greater contribution to reducing prediction error and

higher relative importance in the model’s predictive process.

Among the four predictors, canopy temperature showed the lowest importance (Gain = 0.36). In
contrast, the minimum air temperature within the 24-hour period preceding the flight was the most
influential (Gain = 8.14), followed by air temperature at flight time (Gain = 0.93) and the temperature

difference between these two values (Gain = 0.79).

3.3 Wi mapping and practice application

Wie.r maps To assess spatial variability, Wi..r maps of the RIP 720 vineyard were generated for three
different times of day (Figure 9). The maps were produced using a simplified Python program (Gao
et al, 2025), which implemented the methodology previously described in Section 2. The
corresponding mean Wi values (+ standard deviation) at 11:20, 13:17, and 15:38 were —1.1040.01
MPa, —1.15+0.01 MPa, and —1.1120.01MPa, respectively.

\
N
I
i

2018-06-19 11:20 2018-06-19 13:17 2018-06-19 15:38

Figure 9. Estimated Wiear maps using Exp 2 inputs at different times on June 19, 2018 at RIP720.

17



As an additional validation for RIP 720, three ¥i..s measurements from a single vine location collected
throughout the day on 19 June 2018 were excluded from XGB model training and later used to assess
model performance (Table 4). The measured Wi averaged —1.14 + 0.05 MPa, while the modeled

value was —1.12 + 0.03 MPa. These results confirm that the XGB model can estimate Wie.r with high

accuracy and precision across different times of the day.

Notably, the lowest (most negative) Wi value occurred at 13:17, followed by partial recovery by 15:38,
despite continued increases in vapor pressure deficit (VPD). This diurnal pattern corresponded with
a decline in the Bowen ratio, indicating a gradual shift in surface energy partitioning toward latent heat
flux. Such behavior suggests active stomatal regulation and transpiration adjustment under sustained
atmospheric demand. Collectively, these observations imply that Wi..s dynamics are governed not only

by external atmospheric forcing but also by vine-level physiological feedback mechanisms.

Table 4. The Wiar measurements and the corresponding XGB modeled Wie.r at one single location within the RIP 720
vineyard throughout the day on June 19, 2018. The local VPD measurements, latent heat flux, sensible heat flux, and the
corresponding Bowen ratio were also provided.

Time Measured Modeled VPD Latent heat flux Sensible heat flux Bowen
(MPa) (MPa) (kPa) (Wm-2) (Wm-2) ratio
11:20 -1.08 -1.10 ~2.43 ~402.57 ~100.90 ~0.25
13:17 -1.20 -1.15 ~2.92 ~409.66 ~86.44 ~0.21
15:38 -1.15 -1.10 ~3.06 ~318.47 ~14.74 ~0.05

Given the geographical proximity of the RIP 720 and RIP 760 vineyards, multispectral imagery for
RIP 760 was acquired simultaneously using AggieAir. However, Wi..r measurements for RIP 760 were
not available in this study. In addition, differences in grapevine variety and vineyard management
practices introduce further variability between these two vineyards. Figure A 2 presents Wi maps for

RIP 760 at the same three flight times, allowing for a comparison based solely on remotely sensed

data.

Despite these site-specific differences, both vineyards exhibited similar diurnal trends, with the most
negative Wi.r values occurring at 13:17, reflecting peak plant water stress during midday. These
findings highlight the potential of meteorological and remote sensing-driven machine learning models

to capture the dynamics of plant water status across vineyards with varying conditions.
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4. Discussion

This study demonstrates the feasibility of using a reduced feature set derived from sUAS imagery and
short-term meteorological data to estimate grapevine Wi..r across commercial vineyards. The modeling
framework was deliberately designed for operational simplicity to support near-real-time crop water
stress monitoring and precision irrigation. While some meteorological variables recorded several days
prior to the flight exhibited an interesting correlation with Wiy, in this study, we restricted our analysis

to the 24-hour period preceding each UAV flight.

This choice was motivated by two key considerations. First, maintaining a 24-hour window allowed
us to pair meteorological conditions with the specific time of observation directly, ensuring more
straightforward model interpretability and comparability (meteorological conditions at pre-dawn have
an influence on stress conditions during the day). Second, the 24-hour window aligns with the intended
goal of building a practical, transferable model for operational use. While the observed influence of
meteorological conditions from prior days suggests that physiological time-lag effects may exist, these
dynamics are not yet fully understood and were beyond the scope of this study. Additionally, although
meteorological variables from earlier days (e.g., 13 days before the flight) showed high correlations
with Wi, their inclusion posed challenges. Due to the lack of consistent physiological evidence
defining the appropriate time-lag structure and the variability in sampling times across sites and
seasons, such long-range predictors may introduce noise and overfitting, especially when generalizing
to new fields or crops. As such, we prioritized temporal proximity and consistency to support practical
deployment and model transferability. Future research should explore more sophisticated approaches
to investigate the effects of long-term meteorological time-lags on grapevine Wi, particulatly to better

understand underlying physiological mechanisms and improve model interpretability.

For this study, key meteorological variables were selected based on the extreme value — either the
maximum ot minimum — obtained from the 24-hour historical records, as all variables reached their
respective extremes simultaneously. This synchronous occurrence provided a consistent
representation of atmospheric conditions during the observed time window. Based on recent research
findings, future studies are encouraged to examine the effects of both minimum and maximum
extremes on Wi to better capture the full range of plant physiological responses. Furthermore, given
that publicly available meteorological datasets commonly include both maximum and minimum air

temperature, there is a promising opportunity to scale these findings to broader spatial extents. This
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could be achieved by combining remote sensing data (e.g., 30-meter Landsat multispectral imagery)
with gridded meteorological datasets (e.g., California Irrigation Management Information System —
CIMIS) to evaluate drought conditions from an alternative and complementary perspective. Future
research should also explore the feasibility of leveraging high-resolution imagery (< 1 m pixel) to
inform drought or vegetation stress assessments using coarser-resolution meteorological and remote

sensing datasets.

Regarding the XGB model, the Feature importance was assessed using the “Gain” metric. While this
metric offers valuable insights, it may not fully capture complex, nonlinear interactions among
variables. Two additional importance metrics, Weight (frequency of use in splits) and Cover (the
number of samples affected by a split), can provide complementary perspectives on feature influence.
Furthermore, advanced interpretation methods such as SHAP (SHapley Additive exPlanations) values
can also be used for the understanding of both global and local feature contributions. Incorporating
these tools in future analyses could enhance feature selection and model interpretability by uncovering

intricate dependencies and interactions between meteorological variables and image-derived

predictors associated with Wi, while maintaining the overall goal of operational simplicity.

Although the estimated Wi.r maps for both RIP 720 and RIP 760 vineyards exhibited discernible
spatial patterns, they also revealed a characteristic uniformity in the estimated Wi values within

specific areas. This observation provided valuable insights for handling P sample extensions. The
method described in Section 2.4 allows for generating additional samples for machine learning, but
inherently reduces the variability captured by the sSUAS data. Specifically, the machine learning model
assigns a single measured Wi.s value to represent each 0.6-meter pixel within the rectangular domain,
thereby forcing the variability in the SUAS data to become uniform. Therefore, using smaller domains
in future studies may help mitigate the uniformity issue and preserve the inherent variability in the

data.

While our model was successfully tested in an independent vineyard with different cultivars and
management practices, further work is needed to assess its performance in vineyards with greater
environmental or geographic diversity. Integrating additional data types, such as soil moisture, plant
phenology, or irrigation schedules, could further improve generalizability and predictive power.
Extending the model to different regions or crops could also validate its broader applicability in

precision agricultural water management.
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5. Conclusions

In this study, we developed a machine learning framework to estimate grapevine Wie.r by integrating
time-series meteorological data with sUAS-derived canopy observations, focusing on the 24-hour
period preceding data collection to enhance operational relevance and real-time applicability. By
leveraging key features (predictors), including maximum air temperature, flight-time air temperature,
their temperature difference, and canopy temperature, our XGB model achieved estimative accuracy
at RMSE = 0.16 MPa, bias = —0.06 MPa, and r = 0.83, while maintaining computational efficiency.
The estimated Wi..s maps and statistical summaries effectively captured diurnal water stress dynamics,
with peak stress occurring around midday. Importantly, the model demonstrated strong
generalizability across vineyards with distinct environmental and geographic conditions, highlighting
its potential for scalable deployment in commercial settings. While localized uniformity in some
estimated Pi..s values indicated a potential need for more granular field measurements, this work
provides a robust foundation for advancing vineyard water stress monitoring. Future refinements in
model architecture (both feature extraction and machine learning models) and input resolution can
potentially further enhance precision irrigation strategies and improve resilience in water-limited
viticulture systems. Moreover, insights from this field-scale research can serve as a critical foundation
for scaling up to regional drought assessment and adaptive water management across broader

agricultural landscapes.
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Figure A 1. Scatter plots showing the XGB model performance corresponding to Table 2.

Table A 1. The XGB model performance under different scenarios.

Inputs for the XGB model RMSE Bias r d
Only considering inputs from the meteorological data 0.17 -0.08 0.82 0.86
Only considering inputs from sUAS 0.20 -0.03 0.67 0.79
Considering both types of inputs 0.14 -0.06 0.88 0.91
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Figure A 2. Estimated Wi..f maps at different times on the same day at RIP760.
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Table A 2. Twenty features used in the XGB model as the baseline.

Variable Description Variable Description
name name
R Red spectral band VPD_diff  The corresponding vapor pressure deficit between the
previous two values
G Green spectral band Ta_min Minimum air temperature
B Blue spectral band Ta_fly Air temperature at flight time
NIR Near-infrared spectral band | Ta_diff The corresponding air temperature difference between the
previous two values
NDVI Normalized difference RH_max The maximum relative humidity
vegetation index
SAVI Soil-adjusted vegetation RH_fly Relative humidity at flight time
index
SR Simple ratio RH_diff The corresponding relative humidity difference between
the previous two values
Tc Canopy temperature COz_max  The maximum carbon dioxide density
VPD_min  Minimum vapor pressure COo_fly Carbon dioxide density at flight time
deficit
VPD_fly Vapor pressure deficit at COo_diff  The corresponding carbon dioxide density difference
flight time between the previous two values
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