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24 Abstract
25 Water scarcity and increasingly irregular rainfall threaten avocado production in
26 Mediterranean regions, yet the longlJterm physiological responses of mature trees to

27 sustained deficit irrigation remain poorly understood. We conducted a twoJyear field study
28 integrating continuous monitoring of the soil-plant-atmosphere continuum, droneJbased
29 multispectral imaging, canopy structural analysis, and Al based fruit phenotyping in a
30 mature avocado orchard subjected to three irrigation regimes. The two years of study
31 differed markedly in rainfall, providing a unique opportunity to evaluate how environmental
32 conditions modulate tree responses to water limitation. Trees under severe deficit irrigation
33 showed depletion of water in deeper soil layers and a flattened physiological profile, with
34 nearlzero diel variation in leaf thickness and trunk water potential, indicating minimal
35 transpiration and decoupling of tree water status from environmental demand. Drone
36 telemetry via NDVI detected stress during fruit growth and maturation, but not during
37 flowering or the new summer leaf flush, revealing greater drought sensitivity at later
38 maturation stages. Although canopy area did not differ among irrigation treatments, canopy
39 surface roughness increased significantly under deficit irrigation, thereby identifying a novel
40 structural indicator of drought stress. Despite large physiological differences among
41 treatments, fruit number remained stable, while fruit weight decreased significantly under
42 severe deficit irrigation—particularly in the wetter year—suggesting that annual rainfall
43 modulates the trade-off between fruit retention and fruit growth. This study provides the
44 first continuous, multiliscale characterization of avocado performance under sustained
45 deficit irrigation in Mediterranean conditions. By integrating plant_based sensors, remote
46 sensing, and artificial intelligence, we reveal previously undescribed stress dynamics and

47 identify new indicators for precision irrigation management in fruit crops.

48 Keywords: physiology, Persea americana, precision agriculture, telemetry, UAV, water
49  deficit.
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53 1. Introduction

54 Mediterranean avocado production is increasingly threatened by water scarcity and more
55 irregular rainfall, exposing orchards to recurrent water deficits and highlighting an urgent
56 need for data-driven precision irrigation systems (Junquera et al., 2025; Massaad et al.,
57 2026). However, traditional irrigation research in perennial fruit crops still relies on discrete,
58 manual measurements that provide only snapshots of plant water status and fail to capture
59 diel hydraulic dynamics, carry-over effects among seasons, or the spatiotemporal

60 heterogeneity of mature orchards (Chartzoulakis et al., 2002; Moreno-Ortega et al., 2019,
61 2021; Duran-Zuazo et al., 2021; Nemera et al., 2021; Carceles-Rodriguez et al., 2023).
62 While recent advances in low-cost sensor networks, telemetry, high-throughput unmanned
63 aerial vehicle (UAV) imaging, and machine learning now enable continuous monitoring of
64 the soil-plant-atmosphere continuum (SPAC) (Carella et al., 2024; Velazquez-Chavez et al.,
65 2024), these precision tools are rarely integrated into a unified monitoring framework.
66 Therefore, integrated orchard-scale systems combining continuous plant sensing, multi-
67 depth soil monitoring, canopy imaging, and artificial intelligence to support operational

68 irrigation decision-making remain largely unexplored (Sharma and Shivandu, 2024).

69 Environmental and soil moisture sensors are widely adopted to guide irrigation decisions
70 (Yin et al., 2021). However, they estimate plant water status indirectly and can easily fail to
71 capture the spatial heterogeneity of the root zone (Wheeler et al., 2023). To address soil
72 limitations, plant-based sensors are also frequently utilized, predominantly focusing on
73 trunk diameter and sap flow (Ortufio et al., 2010). Yet these tools have inherent limitations:
74 sap flow measurements often track evaporative demand more closely than actual water
75 deficit (Wheeler et al., 2023), and trunk diameter fluctuations can lag rapid real-time
76 changes in trunk water potential (Wyunk) (Blanco and Kalcsits, 2023). Although advanced
77 continuous sensors, such as ZIM probes for leaf turgor monitoring and microtensiometers
78 for Wk have expanded the range of physiological measurements available, their
79 deployment remains restricted to a small number of tree crops (Rodriguez-Dominguez et al.,
80 2019). Recent studies emphasize that single-sensor approaches miss complex, cultivar-
81 specific drought strategies (Marino et al., 2021). Furthermore, accurately capturing diel
82 water uptake dynamics requires integrating multi-depth soil moisture profiles (Calabritto et
83 al., 2024; Magh et al., 2026) with atmospheric demand (Pagay, 2021). Consequently, while
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84 the physiological responses of individual trees are well documented, the combined use of
85 continuous Wyunk, leaf thickness dynamics, and multiple-depth soil moisture has rarely been
86 evaluated in mature orchards. As a result, how plant hydraulics coordinate with soil water
87 availability and atmospheric demand under sustained deficit irrigation remains poorly
88 resolved, constraining the development of robust, orchard-scale precision irrigation

89 strategies.

90 Remote sensing has been increasingly used to assess canopy vigor and water status in
91 perennial fruit tree crops (Campos et al., 2021). However, applications in avocado have
92 largely focused on Normalized Difference Vegetation Index (NDVI) using coarse or
93 infrequent time series (Robson et al., 2017). While NDVI varies with water stress across

94 phenological stages, its sensitivity depends strongly on the growth stage, canopy
95 architecture, and sensor resolution. For instance, studies in other tree crops, such as
96 almonds, have shown that NDVI differences became apparent only under moderate water
97 stress and were cultivar-dependent, limiting the use of NDVI for early-stage stress detection
98 (Gutiérrez-Gordillo et al., 2021). Furthermore, while fractional cover and canopy size
99 indicate an apparent response to water deficit, structural metrics alone are rarely validated
100 against chronic tree water stress (Berry et al., 2025). Moreover, traditional two-dimensional
101 (2D) metrics such as projected canopy area fail to capture vertical thinning, internal
102 defoliation, or microstructural degradation. These limitations highlight the need for robust,
103 high-resolution structural assessments, such as Al-based canopy segmentation and canopy

104 surface roughness (CSR), to accurately evaluate long-term irrigation responses.

105 The impact of water scarcity on avocado yield remains contradictory. Sustained deficit
106 irrigation can significantly reduce both total yield and fruit size (Duran-Zuazo et al., 2021),
107 but moderate water reductions have shown minimal effects on crop load and overall
108 production under specific conditions (Beya-Marshall et al., 2022). Furthermore, while

109 technological approaches have improved, comprehensive integrations remain insufficient.

110 For example, although recent studies have combined remote sensing and soil moisture
111 sensors to optimize avocado irrigation management, most lack multi-year yield-validation
112 frameworks that link physiological responses to crop productivity (Torres-Quezada et al.,
113 2025; Kaneko et al., 2026). Similarly, while remote sensing has been shown to improve

114 yield prediction in several perennial fruit-tree models (Bai et al., 2019), these methods have
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115 not been validated through empirical field studies in avocado. As emphasized in recent
116 reviews, reliable horticultural yield sensing requires combining multiple complementary
117 technologies (Longchamps et al., 2022). Even so, to date, no study has fully integrated
118 multi-year yield assessments with field-based physiological and remote sensing monitoring

119 under different drought conditions.

120 Finally, while the use of artificial intelligence for fruit phenotyping is advancing rapidly,
121 its application remains irregular across traits and crops. Although deep learning has become
122 widely adopted for fruit detection and counting, estimation of precise physical traits, such as
123 fruit weight, is limited to a few species (Miranda et al., 2023). In avocado, current deep
124 learning applications have largely focused on basic canopy detection and postharvest
125 ripeness assessment, leaving a relevant gap for robust models capable of precise fruit weight
126 estimation from 2D imagery (Davur et al., 2023). Moreover, abiotic stress phenotyping is

127 generally underrepresented in Al-driven agricultural studies (Houetohossou et al., 2023).
128 Therefore, developing an automated computer vision approach to accurately estimate fruit
129 weight could significantly optimize high-throughput evaluation of crop productivity and

130 yield components across different water-deficit regimes.

131 This study presents a two-year field experiment in a mature ‘Hass’ avocado orchard
132 subjected to three irrigation regimes under contrasting annual rainfall conditions. We
133 deployed a 5G-enabled sensor network to collect continuous Wiunk, leaf thickness, and soil
134 volumetric water content (VWC) at multiple depths. In parallel, we conducted weekly UAV
135 multispectral and photogrammetric surveys to monitor NDVI and extract aerial canopy
136 metrics using YOLO-based instance segmentation. Additionally, we developed a separate
137 YOLO pipeline for precise fruit phenotyping, processing avocados photographed
138 individually under controlled laboratory conditions. Our objectives were to (i) characterize
139 diel and seasonal hydraulic responses to sustained deficit irrigation, (ii) evaluate the
140 sensitivity of spectral (NDVI) and structural (canopy area and CSR) UAV metrics across
141 different irrigation treatments and/or phenological stages, and (iii) develop and validate an
142 Al model for automated fruit weight estimation. We hypothesized that severe water deficit
143 would reduce diel physiological performance, indirectly showing stomatal closure and
144 hydraulic decoupling, and that NDV1 responses to irrigation would be highly dependent on

145 the tree’s phenological stage. By integrating continuous plant sensors, telemetry, UAV
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146 remote sensing, and machine learning, this study provides a comprehensive framework for
147 characterizing avocado responses to sustained deficit irrigation and advances the
148 development of a practical, data-driven framework for precision irrigation in perennial
149 orchards.

150 2. Materialsand Methods
151 2.1. Experimental site and 5G networ k deployment
152 The field trial was conducted at the Institute for Mediterranean and Subtropical

153 Horticulture “La Mayora” (IHSM) in Malaga, Spain, within a 50-ha experimental station
154 dedicated to the study of subtropical crops. The study was performed in a mature avocado
155 orchard (Persea americana Mill., cv. Hass) with an area of 9,502 m2, coordinates 36° 45
156 26.67 " N 4° 02' 26.46™" W, and an elevation of 68 m above sea level (Fig. 1A).

157 To ensure that the experiment reflected commercial field conditions, mature 'Hass’
158 avocado trees (>40 years old) were selected, intentionally incorporating the natural
159 structural and architectural heterogeneity typical of mature orchards. In early 2023, the
160 orchard was structured into three distinct irrigation treatments. Each treatment was applied
161 to at least two adjacent tree rows, with at least seven trees per row. The standard historical
162 schedule for the orchard was maintained as the fully irrigated control, designated as the
163 ‘High’ irrigation treatment (100% of crop water requirement). The two sustained deficit
164 irrigation treatments received 66% (‘Medium’) and 33% (‘Low’) of the control irrigation
165 volume (Fig. 1B). Irrigation events occurred simultaneously across all treatments, with the
166 differential water application achieved by varying the number of active drip lateral lines per

167 tree row.

168 Finally, to support the high-frequency, real-time data transmission required for
169 continuous environmental and physiological monitoring, a dedicated private 5G network
170 was deployed. Two 5G sites provide coverage to the experimental farm. A macro cell (see
171 Fig. 1C) was installed in an adjacent plot to ensure full coverage over the avocado
172 experimental site without interfering with the orchard’s canopy architecture. This cell
173 radiates in band 40, which operates in the 2300-2400 MHz range under a Time Division

174 Duplex (TDD) configuration. It is a reasonable candidate for providing wireless network
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175 coverage to agricultural sites if the farm is compact-to-medium-sized and high data
176 throughput is a priority. Band 40 also provides good performance for delivering video
177 streaming from cameras and drones, backhauling 10T sensor data, providing a real-time
178 monitoring dashboard, and remotely controlling the drones. The 5G private network is
179 connected to the Internet via satellite, providing global connectivity and the ability to offer

180 third-party real-time access to the data and images collected.
181 2.2.  Sensor network and continuous physiological monitoring

182 To monitor the orchard microclimate, environmental sensors were installed on a
183 representative tree within the ‘Low’ irrigation regime to continuously track ambient
184 temperature and relative humidity (Fig. 1D). These data were used to calculate atmospheric
185 vapor pressure deficit (VPD). First, the saturation vapor pressure (e, in kPa) was estimated

186 using the Tetens equation:

187 e.(T) = 0.6108 xexp (;7;;:2) (1)
188 where T is the temperature in degrees Celsius (°C). Subsequently, VPD was calculated
189 as:
RH
190 VPD = e (T) X (1 _ m) )
191 where RH represents the relative humidity (%).
192 To monitor the soil-plant continuum, a specific subsample of trees was sensorized within

193 each irrigation treatment. Soil capacitance sensors (Sentek PLUS, Sentek Sensor
194 Technologies, Stepney, SA, Australia) were installed to continuously track VWC at three
195 depths: 10 cm, 30 cm, and 50 cm. Inside each treatment row, these soil probes were
196 distributed across three consecutive trees and placed at a consistent distance from the

197 sprinklers to minimize spatial variability.

198 Among these three trees, one representative tree per irrigation treatment was additionally
199 equipped with plant-based sensors to monitor diel hydraulics. Two microtensiometers

200 (FloraPulse, Davis, CA, USA) were inserted into the trunk of each representative tree.
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201 Following the manufacturer’s protocols, the sensors were covered with insulating, reflective
202 mats to protect against thermal fluctuations and wildlife. Additionally, at least one magnetic
203 leaf patch pressure probe (ZIM Plant Technology GmbH, Hennigsdorf, Germany) was
204 installed on a fully expanded, healthy leaf representative of the same tree (Fig. 1E) to
205 continuously monitor changes in leaf turgor. Following calibration, data were obtained in

206 mV and were transformed into units of pressure (pp, in kPa) using the manufacturer

207 instructions.
208 To integrate all parameters in real time, the sensors were connected to a data logger
209 (Campbell Scientific) programmed to record measurements at 15-minute intervals

210 throughout the experimental period (Fig. 1F). The data loggers were further linked to a 5G
211 router, enabling high-frequency telemetry to a local server. All time-series data were
212 systematically stored in InfluxDB and processed for real-time visualization on an open-
213 access Grafana dashboard, enabling continuous public monitoring of the orchard’s hydraulic
214 status (http://150.214.47.156:43000/dashboards/f/dds7hzOx3ow74b/).

215 2.3.  UAV remote sensing and canopy segmentation

216 To evaluate the structural canopy area of the avocado trees, weekly flights were
217 conducted in 2025 using a DJI Matrice 600 drone equipped with an RGB camera (DJI
218 Zenmuse Z3) and 5G connectivity to deliver images to the edge server hosting the Al
219 algorithm. Flights were conducted at an altitude of 30m above ground level, with continuous
220 video recorded from which individual images were extracted at a rate of 1 frame per second.
221 A dataset of 775 frames was manually annotated using Roboflow software (Dwyer et al.,
222 2026) to train a YOLOv11n-seg instance segmentation model. During the inference phase, a
223 confidence threshold of 0.5 was established to ensure robust mask predictions. Finally, a
224 custom Python script was developed to translate the pixel-based segmentation into physical
225 metrics, calculating the estimated true canopy area using the Ground Sample Distance
226 (GSD) conversion factor for the 30 m flight altitude.

227 For spectral evaluations, specifically the NDVI, a DJI Mavic 3 Multispectral (Mavic 3M)
228 drone was utilized. The UAV is equipped with an integrated incident light sensor and
229 multispectral imaging system including four 5 MP bands: Green (560 + 16 nm), Red (650 +
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230 16 nm), Red Edge (730 + 16 nm), and Near-Infrared (NIR) (860 + 26 nm). Weekly flights
231 were conducted from December 2025 through May 2026 at an approximate altitude of 60 m,
232 yielding a GSD of 3 cm/pixel.

233 24. Photogrammetry and real-time spatial data analysis

234 Following data acquisition, individual RGB and multispectral images were processed
235 using OpenDroneMap (ODM) software to generate dense point clouds and orthomosaics
236 (RGB and multispectral). Radiometric calibration was applied to the multispectral dataset
237 using metadata from the drone’s incident light sensor to compensate for variations in solar
238 irradiance across flights. To ensure high-fidelity data extraction and to strictly isolate the
239 trees within each irrigation regime from background elements, the RGB orthomosaic was
240 imported into QGIS, where tree canopies for the three irrigation treatments were manually
241 delineated using precise vector polygons. Concurrently, the multispectral orthomosaic was
242 processed in R (R Core Team (2024)) using the terra package (Hijmans R (2025), version
243 1.8-50) to calculate the NDVI at the pixel level according to the standard formula:

NIR—-Red
NIR+Red

244 NDVI =

(3)

245 To isolate the true canopy reflectance and eliminate background noise, such as soil or
246 shade, an empirical threshold was applied to exclude pixels with NDVI values below 0.5.
247 Finally, the vector polygons defined in QGIS were used as zonal masks to extract the mean

248 NDVI1 value for each tree canopy for subsequent statistical analysis.

249 For the three-dimensional structural analysis of avocado trees, CSR, the generated dense
250 point clouds were processed using the lidR (Jean-Romain Roussel and David Auty, 2026),
251 version 4.2.3, and terra (Hijmans R, 2025), version 1.8-50, packages in the R statistical
252 environment. First, a Digital Surface Model (DSM) was created at a spatial resolution of 0.1
253 m by applying a point-to-raster algorithm. Then, a Digital Terrain Model (DTM) was
254 generated at the same spatial resolution using exclusively the points previously classified as
255 ground by the ODM photogrammetric engine. This was achieved by applying a k-nearest
256 neighbors (k = 10, p = 2) Inverse Distance Weighting (IDW) interpolation algorithm.

257 The Canopy Height Model (CHM), which represents the true or orthometric height of the

9
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258 vegetation above ground level, was obtained through a pixel-by-pixel subtraction of the
259 DTM from the DSM (CHM = DSM - DTM). Any resulting negative values, typically
260 associated with photogrammetric noise, were reassigned to zero. Finally, the CHM was
261 spatially aligned with the previously mentioned vector polygons delineating individual tree
262 crowns. To evaluate the effects of different irrigation levels on the crown's internal
263 architecture, zonal statistics were extracted at the individual-tree level using the terra
264 package. The CSR parameter was calculated as an indicator of structural homogeneity and
265 foliage density. This CSR is defined as the standard deviation of the heights of all CHM
266 pixels falling within the bounding polygon of each crown. Low values indicate a dense,
267 continuous, and compact canopy (reduced variation in outer foliage surface heights), while

268 high values represent an irregular canopy with partial defoliation.

269 To automate these processes, an algorithm for real-time transmission was developed,
270 comprising a drone-based system equipped with a Pixhawk V6X flight controller, a
271 Raspberry Pi, and an onboard 5G modem. Telemetry and control data were forwarded
272 through the Raspberry Pi to a ground station running the Mission Planner application,
273 enabling bidirectional communication over the private 5G network. Simultaneously, an
274 Insta360 camera streamed RTSP video to a MediaMTX server and, using a modified SDK,
275 captured images every 5 s. These images were automatically transferred to the processing
276 server, where the YOLOv11n-seg model performed canopy segmentation, object detection

277 and counting, and canopy area estimation throughout the programmed flight mission.
278 2.5.  Fruit harvest and computer vision-based weight estimation

279 Yield parameters were evaluated across two consecutive productive cycles. During the
280 2024-2025 campaign (harvested in spring 2025), total fruit count and fruit weight were
281 recorded per tree. In the 2025-2026 campaign, to ensure an accurate evaluation of total
282 productivity, the harvest included all fruits remaining on the trees, as well as those that had

283 fallen before harvest due to severe winter winds (February 2026).

284 In addition to recording the total fruit count, a representative subset of 1004 individual
285 avocado fruits, from the 2025-2026 campaign, was selected to estimate their weights using
286 computer vision. Each fruit was individually weighed on a precision balance and

287 photographed under controlled laboratory lighting using a Nikon D3500 (Nikon AF-P DX
10
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288 NIKKOR 18-55mm f/3.5-5.6g VR camera lens) mounted at a fixed distance of 50 cm. This

289 image dataset was used to train a YOLOV8s-seg instance segmentation model to accurately
290 extract the 2D projected area (A, measured in cm?) of each fruit. An empirical quadratic
291 regression model was then derived to predict actual fruit mass based on the segmented area:
292 Weight = 0.01 x A2+ 3.51 X A—15.5 4)

293 2.6. Data processing and statistical analysis

294 Time-series data recorded at 15-minute intervals were retrieved from the central database

295  (InfluxDB) and preprocessed in Python using pandas (McKinney, 2010, version 1.2.4) and
296  NumPy (Harris et al., 2020, version 1.20.1), following a common quality-control workflow
297  for the three irrigation treatments. Complementary records associated with the same
298  timestamp were merged, and the analysis was restricted to the period from 22 April 2024 to
299 21 April 2026. Duplicate timestamps were subsequently resolved, and the series from the

300 three treatments were aligned to a regular 15-minute time grid.

301 Redundant channels were evaluated based on their temporal coverage, the plausibility of
302 their readings, and the temporal coherence of the signal. Observations outside the reference
303  ranges established for each sensor type—air temperature, —10 to 55 °C; relative humidity and
304  soil volumetric water content, 0 to 100%; leaf patch signal, 3 to 100 mV/V; and trunk water
305 potential, -3 to 0 MPa—were flagged as missing values. At each timestamp and depth, the
306 available readings from the three soil probes installed in each treatment were averaged to

307  obtain a single series per treatment and depth.

308 For the seasonal analysis (Fig. 2), the cleaned 15-minute series were summarized at a
309 daily resolution using maximum VPD, minimum trunk water potential, and mean soil
310  volumetric water content at each depth. Daily rainfall records were obtained from the official
311 National Agency of Meteorological Station (AEMET 6201X), located at the Experimental
312  Station, and incorporated at their original daily resolution. On days with less than 50%
313  coverage of the local meteorological variables, daily climate statistics were gap-filled using
314  AEMET records when all required variables were available. This procedure was applied
315 exclusively to the daily aggregates and not to the 15-minute series. Daily leaf patch pressure

316  amplitude was calculated as the difference between the daily maximum and minimum only

11
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317  when at least 50% of the expected records were available—48 of the 96 daily observations—
318 and was converted to kPa using the sensor transformation constant (K = 80). Days showing
319  abrupt shifts in the overall signal level or amplitudes inconsistent with their local temporal
320  dynamics, suggestive of possible repositioning of the leaf probe, were flagged as anomalous.
321  Internal gaps comprising one or two consecutive missing observations, and bounded by valid
322  observations, were linearly interpolated. Longer interruptions were retained as missing values

323  toavoid introducing artificial patterns.

324 For the diel analysis (Fig. 3), the cleaned series were retained at their original 15-minute
325  resolution during August 2024, selected as the month of highest atmospheric demand of 2024,
326  during fruit growth. The leaf patch pressure signal was plotted as a continuous 15-minute time
327  series rather than summarized as a daily amplitude and was expressed in kPa using the same
328  constant (K = 80). Daily rainfall from the AEMET station was overlaid at its original daily
329  resolution, and day and night periods were delineated using local sunrise and sunset times.
330 Both figures were generated in Python using Matplotlib (Hunter, 2007, version 3.3.4).
331  Subsequent data wrangling and temporal filtering for the statistical analyses were performed
332 in R using the dplyr (Wickham et al., 2023, version 1.1.4) and lubridate (Grolemund and
333  Wickham, 2011, version 1.9.4) packages. Remaining missing values or technical anomalies
334  resulting from sensor maintenance or connection loss were treated as NA and excluded from

335  subsequent analyses.

336 All statistical evaluations were conducted using the stats (version 4.4.1), car (Fox and
337 Weisberg (2019), version 3.1.5), and ggsignif (Ahlmann-Eltze and Patil (2021), version
338 0.6.4) packages in R. Before the global test, the datasets within each irrigation treatment
339 (High, Medium, and Low) were evaluated for parametric assumptions. Normality was
340 assessed using the Shapiro-Wilk test, and homoscedasticity was assessed using Bartlett’s

341 test for normally distributed data or Levene’s test when non-normality was detected.

342 For datasets that fitted both parametric assumptions, a one-way Analysis of Variance
343 (ANOVA) followed by a pairwise Student’s t-test was carried out. In cases with a normal
344 distribution but without homoscedasticity, Welch’s ANOVA, combined with a pairwise
345 Welch’s t-test, was used. For datasets without a normal distribution, the nonparametric

346 Kruskal-Wallis test was used, followed by the pairwise Wilcoxon post hoc test. P-values

12
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347 were adjusted using the Holm-Bonferroni correction.

348 3. Results

349 3.1. Seasonality and water dynamics in the soil-plant-atmospher e continuum

350 The phenological cycle of avocado is primarily defined by its reproductive development,
351 which spans approximately one year. During March and April, the trees lose most of their
352 old leaves concomitant with massive flower development and bloom. In June, the initial

353 fruit set is followed by a massive physiological drop in fruitlets. The remaining fruits
354 developed from June to November, with physiological maturity (the availability of ripening
355 after harvest) reached around December. Because avocado is a climacteric fruit, commercial
356 harvest can extend for several months, as fruits remain attached to the tree without ripening
357 and only begin to ripen after detachment. In this study, fruits were harvested from February
358 to March, coincident with the onset of the subsequent flowering cycle (see also Alcaraz et
359 al., 2013).

360 Both 2024 and 2025 were characterized by VPD maxima in the summer, when rainfall
361 was near zero, and coincided with periods of fruit growth (Fig. 2A). The summer of 2024
362 followed several consecutive years of drought, and VPD reached a maximum of > 6kPa
363 (Fig. 2A). In contrast, abundant rainfall during autumn and winter 2024-2025 reversed the
364 prolonged drought, making 2025 the wettest year of the decade, interrupting a prolonged

365 hyper-arid cycle. Consequently, maximum VPD in the summer of 2025 was below 4kPa.

366 Continuous monitoring of leaf thickness revealed contrasting hydraulic responses among
367 irrigation treatments (Fig. 2B). The daily amplitude of the leaf patch p, remained minimal in
368 the tree with low irrigation treatment in both years, except during the initial fruit set period
369 of the fruit set, suggesting a minimum variation (Fig. 2B). In contrast, this parameter was
370 positive and followed a similar pattern in leaves under medium and high irrigation
371 treatments. Throughout 2024, the amplitude of the leaf patch p, increased progressively
372 during fruit growth, reaching maximum values before fruit maturation in the medium
373 irrigation treatment and during fruit maturation in the high irrigation treatment, then
374 declining during leaf senescence. In the wet year 2025, leaf patch p, dynamics exhibited

375 comparable seasonal patterns in all treatments.
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376 Interestingly, these leaf-level dynamics mirrored the variations in the water potential of
377 the stem, or Wyunk (Fig. 2C). For example, the Wik Values remained stable and close to 0.0
378 MPa in the trees with the low-irrigation treatment throughout 2024, suggesting low tension
379 in the xylem. In contrast, trees under medium and high irrigation treatments showed more
380 negative Wyunk values, reaching seasonal minima of approximately -1.0 MPa during the fruit
381 growth period. During the wet year 2025, all irrigation treatments showed negative Wunk
382 values, but asynchronously: medium- and high-irrigation treatments reached their lowest
383 potentials during the initial fruit set, whereas low irrigation trees delayed their drop to

384 negative YWyynk values until the fruit maturity phase in autumn.

385 In the soil profile, the VWC in the most superficial layer was similar among all three
386 irrigation regimes (Fig. 2D), oscillating from a minimum of 15% during the fruit growth
387 periods of both years to a maximum of 30-35% during maturation and flowering (coincident
388 with the period of rains). This baseline pattern was conserved in the intermediate soil layer
389 for all three treatments (Fig. 2E). However, in the deepest measured layer, the low irrigation
390 treatment reached a minimum of 25% during the dry summer of 2024 (Fig. 2F) compared to
391 higher VWC values sustained by the medium and high irrigation treatments. This vertical
392 gradient was maintained throughout the two-year study period, with greater depletion in the

393 deeper soil layers under the restricted-irrigation treatment.
394 3.2.  Diel water dynamics in the continuum soil-plant-atmosphere

395 To evaluate the high-resolution temporal perception provided by the agrotechnical
396 sensors, we examined a representative month in detail: August, the hottest and driest month
397 of 2024. This month was characterized by a single minor rainfall event and extreme
398 fluctuations of VPD (Fig. 3A). The leaf patch p, oscillated during the diel cycle, with
399 minimum values at night and maximum values during the day (Fig. 3B). Comparison among
400 irrigation treatments revealed that the amplitudes of diel variations were larger in medium
401 and high irrigation treatments compared with the minimal variations exhibited by the leaves
402 under low irrigation treatment (Fig. 3B). Similarly, the Wy, showed diel variations in the
403 potential registered (Fig. 3C), yet the variation was minimal for the trees under low
404 irrigation treatment (Fig. 3C). In contrast, the Wy Of the trees under medium and high

405 irrigation treatments exhibited more negative potentials, with minima around -1.0 MPa (Fig.
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406 3C). In the soil matrix, sensors of the superficial layers captured individual irrigation events
407 among all treatments, fluctuating between 15 and 25 % (Fig. 3D). However, in the
408 intermediate (Fig. 3E) and deeper soil layers (Fig. 3F), dynamic variations and water
409 refilling were only observed under the medium and high irrigation treatments. In these

410 deeper layers, the low irrigation treatment maintained a consistently lower water percentage.
411 3.3.  Remote sensing and computer vision for avocado canopy characterization

412 Weekly UAV flights were used to train a YOLOv11n-seg algorithm to automatically
413 define the tree canopy area (Fig. 4A), achieving a mean Average Precision (MAP@50) of
414 89%. Interestingly, no significant differences were found in the tree canopy area among the
415 three different irrigation treatments, demonstrating that 2D canopy projection area alone is a
416 poor indicator of drought stress in mature avocado orchards due to high tree-to-tree
417 morphological heterogeneity (Fig. 4B). On the other hand, the CSR successfully
418 discriminated against irrigation treatments (Fig. 4C). Trees under the low irrigation
419 treatment showed significantly higher CSR values compared with trees under medium and
420 high irrigation treatments, which displayed no significant differences among them. This
421 structural alteration implies that severe water deficit triggers partial defoliation and

422 formation of foliar gaps in the canopy (Fig. 4D).

423 NDVI maps were generated during the latest fruit maturation phenological stages.
424 Through the fruit maturation stage (Fig. 5A), while no differences were quantified between
425 the medium and high irrigation treatments, significant differences in the NDVI index were

426 depicted for the trees under low irritation treatment (Fig. 5B). These differences were
427 maintained across the months of fruit development and harvest, when the trees kept the
428 leaves from the previous year (Fig. 5C). However, at the time of new flush and flowering
429 (Fig. 5D), which coincided with the seasonal winter rains, the NDVI values showed no

430 significant differences across treatments (Fig. 5E).

431 34. Productivity and machine lear ning-assisted fruit weight estimation

432 Measurements of the fruit production revealed that the trees showed a similar number of
433 fruits regardless of the irrigation treatment in both years 2024 (Fig. 6A) and 2025 (Fig. 6B).
434 In contrast, while no significant differences were measured in the weight of individual fruits
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435 in 2024, those under low irrigation showed a trend towards smaller fruits (Fig. 6C). This
436 trend became highly significant in the wet year 2025 (Fig. 6D), maintained when including
437 the fallen fruits. Fruit drop itself was not significantly affected by the irrigation treatment,
438 indicating that the reduction in yield under severe water deficit resulted primarily from

439 decreased fruit size rather than increased fruit abscission.

440 To automate weight estimation from digital imagery, a YOLOvV8-seg algorithm was
441 trained on images of fruits collected at the physiologically mature stage from all irrigation
442 treatments. Under laboratory conditions, the model demonstrated high accuracy in fruit

443 detection and instance segmentation, achieving a mAP@50 of 99.5% (Fig. 7A-I).
444 Subsequently, the 2D projected area extracted from the YOLO segmentation masks was
445 utilized to predict the physical fruit weight, yielding a strong predictive correlation (r* =
446 0.83) (Fig. 7J). Moreover, this YOLO model was trained to categorize fruit according to
447 their respective irrigation treatments. When evaluated on a separate validation dataset
448 comprising 100 images per treatment, the algorithm successfully classified fruits from the
449 low-, medium-, and high-irrigation treatments with accuracies of 95%, 92%, and 99%,
450 respectively (Fig. 7K).

451 Discussion

452 This study provides a comprehensive, continuous, multi-year characterization of avocado
453 responses to sustained deficit irrigation under Mediterranean conditions. By integrating
454 plant-based sensors, soil moisture monitoring, remote sensing, and Al-based fruit
455 phenotyping, this multi-scale approach revealed undocumented physiological and structural
456 patterns that would otherwise go undetected with conventional discrete measurements.
457 Consequently, these findings provide new insights into the mechanisms underlying avocado
458 adaptation to prolonged water limitation while demonstrating the value of integrating

459 complementary sensing technologies for precision irrigation management.
460 Severe deficit irrigation induces a minimal physiological mode in avocado trees

461 This work provides highly extensive, continuous data on the physiological responses of
462 avocado trees to sustained water scarcity under field conditions. Severe water limitation,

463 combined with accumulated drought, markedly reduced the physiological activity of the
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464 trees. This aligns with recent studies demonstrating strict stomatal control and relatively
465 isohydric behavior in avocado under prolonged deficit (Opazo et al., 2024; Moreno-Ortega
466 et al., 2021). While previous works have identified xylem hydraulic embolism as a primary
467 consequence of drought at the leaf level (Cardoso et al., 2020), our continuous monitoring
468 reveals that both leaf thickness, a reliable integrated representation for plant water status
469 (Afzal et al., 2017), and Wy remained tightly correlated, displaying minimal diurnal
470 fluctuations during the severe deficit irrigation regime. The pressure patch clamp has been
471 used previously to assess water stress in several fruit trees, such as persimmon (Ballester et
472 al., 2022; Martinez-Gimeno et al., 2017), or avocado (Ruger et al., 2010), where a strong
473 correlation with stem and leaf water potential respectively was evidenced. Given that
474 variations in leaf thickness are linked to stomatal conductance in avocado (Kaneko et al.,
475 2026), this “physiological flattening’ (i.e., persistent stomatal closure) indicates an intense

476 decoupling from atmospheric demand.

477  Furthermore, this flattening phenomenon revealed a temporal delay in the recovery process.
478  The reduced amplitude of diurnal sensor signals persisted even as rainfall and soil water
479  availability increased, whereas Wynk responded faster to rain events. This asynchronous
480  recovery strongly points to a carry-over memory effect of accumulated drought in the soil-
481  plant continuum (Jacques et al., 2021). The use of microtensiometers to continuously monitor
482  the stem water potential is becoming popular in perennial fruit crops, and has been validated
483  as a good indicator of the plant water status under certain conditions of soil water potential,
484  such as in kiwifruit (Di Biase et al., 2025), nectarine (Conesa et al., 2023), grapevines (Lakso
485 et al., 2022; Pagay, 2022), or citrus (Vaccaro et al., 2025), while the correlation with VPD
486  was evidenced in pear (Blanco and Kalcsits, 2023) and apple (Blanco and Kalcsits, 2024). In
487  avocado, the combination of continuous multi-sensor data demonstrates that 33% water
488 irrigation accelerates leaf senescence with limited additional physiological disorders. Thus,
489 rather than only detecting discrete stress, these results generate a novel hypothesis regarding

490 delayed recovery and physiological legacy behaviors in perennial crops.

491 Drone imaging and Al reveal novel structural and phenological parameters of drought

492 stressin fruit crops

493 We initially developed a novel algorithm that measures the area of the tree canopy in real
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494 time using a recently developed methodology (Ponce et al., 2021). Tree crop phenotyping
495 through UAV image acquisition and processing with Al has been successfully applied to
496 other fruit crops, such as the evaluation of tree positioning and health evaluation in Citrus
497 (Ampatzidis and Patel, 2019), mortality determination in oil palm (Khokthong et al., 2019),
498 detailed crown area estimation in hazelnut (Altieri et al., 2022; Vinci et al., 2023), and
499 crown planar area in papayas (Lai et al., 2024). While our algorithm detected tree canopy
500 area with high accuracy, it did not detect differences across irrigation treatments in our
501 mature avocado orchard. Among the few available studies evaluating the effects of drought
502 on tree-crop crown size, canopy area extraction detected water stress in olive (Caruso et al.,
503 2019, 2022). The lack of differences in our study can be attributed to the inherent
504 architectural heterogeneity of mature avocado orchards and the limitations of 2D metrics in
505 capturing internal canopy thinning during spring defoliation. To overcome these limitations,
506 we evaluated the CSR, a three-dimensional descriptor that quantifies canopy surface
507 complexity. Trees subjected to low irrigation exhibited an irregular canopy characterized by
508 increased internal foliage gaps. While remote sensing is more commonly used to measure
509 geometrical changes and porosity-related parameters in orchard canopies (Ponce et al.,
510 2021), canopy gaps are specifically recognized as a meaningful structural signature of
511 environmental disturbance (Jucker, 2021). To our knowledge, this is the first study to
512 validate CSR as a highly sensitive remote-sensing metric of prolonged water stress in
513 avocado, directly capturing leaf senescence and canopy thinning, which are typically

514 triggered by chronic drought.

515 Furthermore, temporal NDVI analysis revealed that the spectral response of avocado trees to
516 drought is strictly modulated the phenology. While trees under low irrigation displayed
517 significantly lower NDVI values during fruit development than well-irrigated trees, this
518 spectral separation disappeared during spring flowering and summer leaf flush, when NDVI
519 values converged across all treatments. Although NDVI-based workflows are widely
520 established for classifying plant water status in avocado orchards (Castillo-Guevara et al.,
521 2020; Torres-Quezada et al., 2025), as well as in other fruit tree crops (Altieri et al., 2022;
522 Vinci et al., 2023 ), UAV stress assessments are frequently conducted without accounting
523 for the dynamic background of the crop’s development stages. Our continuous monitoring

524 demonstrates that severe water deficit degrades canopy greenness at the mature
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525 developmental stages of leaves and fruits, thereby masking their spectral signatures during
526 active vegetative flushing. This aligns with recent satellite-based observations indicating
527 that avocado vegetation indices change significantly across vegetative growth stages
528 (Torres-Quezada et al., 2025). Consequently, these findings emphasize that incorporating
529 phenological context into the interpretation of remote-sensing data is essential for improving
530 the reliability of precision irrigation systems and optimizing the management of scarce

531 water resources.

532 I ntegrating sensors, drones, and Al provides a holistic view of water stress boundaries in
533 fruit crops

534  This work exemplifies an innovative and multi-scale approach to characterizing the spatial
535 and temporal effects of water deprivation in mature avocado orchards. While plant water
536  potential and stomatal conductance are widely accepted as direct indicators of water stress in
537 avocado (Moreno-Pérez et al., 2024), traditional field assessments rely on manual, discrete
538  measurements that are highly laborious and difficult to scale at the orchard level (Cho et al.,
539  2024). Our 5G-enabled sensor stack successfully overcomes this constraint by capturing the
540 rapid physiological responses of the tree continuum. The synchrony observed between
541  continuous Wuunk and leaf patch pressure under low irrigation conditions highlights the strict
542  isohydric defense mechanism of this cultivar, which operates in close coordination with root-
543  zone water dynamics across the monitored soil profile (Torres-Quezada et al., 2025). In
544  contrast, we demonstrated that reducing irrigation to 66% has minimal effects on physiology,

545  vegetative indices, or productivity.

546  While plant-based sensors only provide point-source information, they typically miss the
547  spatial heterogeneity of mature orchards. Remote sensing is increasingly used to assess
548 orchard productivity and predictability using satellite imagery (Benami et al., 2021). Yet,
549  satellites are only suitable for large crop areas, limiting the technology's potential for smaller
550  growers and less accessible territories. Our work is pioneer in providing real-time Al-based
551  processing and integrating it with sensors. For example, previous remote-sensing efforts have
552  successfully linked stem water potential measurements to the field level using UAV thermal
553  mapping (Park et al., 2017), but a multi-scale approach is still lacking. Our comprehensive

554  spatiotemporal integration is particularly relevant for providing real-time data during critical
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555  phenological stages in crops, such as fruit development, when avocado is highly sensitive to
556  water deficits, often leading to reduced fruit size or accelerated fruit drop (Fuentes-Pefiailillo
557 et al., 2025; Kaneko et al., 2026). By incorporating Al-based phenotyping using YOLO
558  segmentation models, our workflow directly links atmospheric and subterranean water
559 limitations to their ultimate productive consequences, demonstrating that long-term water
560  deficit alters fruit weight allocation rather than total fruit count. Indeed, we provided the first
561 approach for yield prediction in avocado under water deficit. Yield predictions, combined
562  with phenology, have become a priority in sustainable agriculture over the last five years
563  (Istiak et al., 2023; Bregaglio et al., 2023). We combined yield prediction with sensor
564  networks, aerial imagery, and machine learning to provide a comprehensive framework that
565 ultimately optimizes non-renewable resources under increasingly arid Mediterranean
566  conditions. Recent technological support for irrigation studies suggests that the actual water
567 requirements of Mediterranean avocado orchards can be managed significantly below
568 conventional regional recommendations without triggering a catastrophic collapse in yield
569  (Lilli et al., 2024). By capturing both short-term physiological dynamics and long-term
570  structural and productive outcomes, this multi-scale study sets a robust precedent for future
571  precision agriculture protocols in perennial fruit crops, offering actionable insights to
572  establish precise water stress boundaries and secure sustainable crop production under climate

573  change, a major goal in orchard and land management (Wang et al., 2025).
574 5 Conclusions

575 This study demonstrates that integrating continuous physiological monitoring, remote
576 sensing, and artificial intelligence provides a comprehensive framework for precision
577 irrigation management in mature avocado orchards. High-frequency sensing successfully
578 captured previously undocumented hydraulic dynamics, such as the physiological flatline
579 response under severe water deficit and drought carryover effects between seasons.

580 Concurrently, UAV-derived CSR and phenology-modulated NDVI emerged as robust,

581 complementary indicators for tracking long-term structural and spectral water-stress
582 signatures. Together, these multi-scale findings prove that a unified sensor stack provides a
583 more reliable assessment of tree water status than any individual monitoring method.
584 Finally, beyond advancing our understanding of avocado physiological responses to water
585 limitation, the data-driven integrated framework presented here provides a technological
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586 basis for developing plant-informed irrigation strategies that optimize water-use efficiency

587 while ensuring crop productivity under increasingly scarce and variable water resources in

588 Mediterranean climates.
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905 Figure 1. Experimental design. (A) Location map of the avocado field within the
906 Experimental Station of the Institute of Subtropical and Mediterranean Hortofruticulture
907 (IHSM-CSIC-UMA) 36°45'26.67" N 4°02'26.46" W. (B) Drone RGB orthomosaic showing
908 the three irrigation tree lines (dotted). (C) Telecommunication tower with a 5G antenna
909 (yellow arrow) used to transmit data from the field data logger to the local server. (D)
910 Climate station (yellow arrow) for temperature and humidity. (E) Leaf patch clamp sensor

911 (yellow arrow). (F) Trunk water potential sensors (yellow arrow, top) are protected with a
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912 gray insulating mat; the cabinet with the battery for the data logger (pink arrow) collects
913 sensor signals, including the soil volumetric water content sensor protected by the cone

914 (yellow arrow, left).

915

916

917
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919 Figure 2. Seasonal dynamics of the soil-plant-atmosphere continuum across phenological
920 stages from April 2024 to April 2026. Colored backgrounds indicate the phenological stages
921 labeled within the figure, also pictured with drawings of fruits. (A) Daily maximum vapor
922 pressure deficit (VPD; grey line) and daily precipitation recorded by the AEMET 6210X
923 meteorological station (blue bars). (B) Daily leaf patch pressure amplitude (kPa). (C)
924 Daily trunk water potential (MPa). (D-F) Daily mean soil volumetric water content at a
925 10cm depth(D), 30cm depth (E), and 50 cm depth (F). Treatments represented by colors:
926 blue (high or 100% field capacity), orange (medium or 66%), and red (low or 33%). Color-
927 coded phenological stages (bottom legend): light pink (flowering), yellow (initial fruit set),

928 light green (fruit growth), light blue (maturation).
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930 Figure 3. Diel dynamics of the soil-plant-atmosphere continuum during August 2024, the
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931 month of highest atmospheric demand within the fruit growth period. White and grey
932 backgrounds indicate day and night periods, respectively. (A) Vapor pressure deficit (VPD;
933 grey line) at a 15-min resolution (kPa) and daily precipitation recorded by AEMET 6201X

934 meteorological station (blue bars) (B) Leaf patch pressure (kPa), showing daytime maxima

High Wrdm rrgator
0% )

Canopy Surisce Roughoens

WI‘:H“@‘
%)

935 and nocturnal minima. (C) Trunk water potential showing daytime minima and nocturnal
936 maxima (MPa). (D-F) Soil volumetric water content at a 10cm (D), 30cm (E), and 50 cm
937 depth (F). Irrigation treatments represented by colors: blue (high or 100% field capacity),

938 orange (medium or 66%), red (low or 33%).

939 Figure 4. Canopy telemetry and remote sensing-derived canopy metrics. (A) YOLO
940 inference example for avocado canopy segmentation and real-time measurement of canopy
941 area. (B) Boxplot displaying canopy area (m?) by irrigation treatment (High: blue; Medium:

38


https://doi.org/10.64898/2026.09.03.745400

bioRxiv preprint doi: https://doi.org/10.64898/2026.09.03.745400; this version posted September 7, 2026. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

942 orange; Low: red). (C) 3D point cloud derived from drone imagery; dotted lines indicate the
943 irrigation treatments. (D) Canopy surface roughness (CSR) by irrigation treatment. ANOVA
944 test followed by pairwise t-tests with Holm’s correction; significance comparing irrigation

945 levels at p < 0.05(*), or “ns” (not significant).

946
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947
948 Figure 5. NDVI dynamics across phenology and irrigation treatments. (A) NDVI index

949 imaged at fruit maturation in December 2025 (B) NDVI distribution by irrigation. (C)
950 Comparison of the NDVI index at the flowering stage in March 2026. (D) NDVI
951 distribution by irrigation. (E) NDVI index at the initial fruit set in May 2026. (F) NDVI

952 distribution by irrigation. ANOVA test followed by a pairwise t-test with Holm’s correction
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953 comparing irrigation levels at p < 0.01(**), p < 0.001 (***) or “ns” (not significant).
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954 -
955 Figure 6. Two-year productivity of avocado during the harvest in the spring of 2025 (A,
956 C) and the spring of 2026 (B, D). Top panels (A, B) represent the average number of fruits
957 per tree, and bottom panels (C, D) detail the mean fruit weight. A nonparametric Kruskal-
958 Wallis test followed by a Wilcoxon post hoc test, when significant differences were found,
959 was used at p < 0.01 (**) or “ns” (not significant).
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961 Figure 7. Artificial intelligence-based fruit detection and weight estimation. (A, C, E)

962 Raw avocado images from each treatment. (B, D, F) Example YOLO segmentation and
963 weight prediction derived from the 2D YOLO estimated area of avocado fruits per irrigation
964 treatment. (G) Scatter plot and regression showing correlation between the estimated area of
965 each individual fruit (green circles) calculated by YOLO (X axis, cm?) and the measured
966 weight (Y axis, g). (H) Normalized confusion matrix from YOLO validation showing
967 classification accuracy by class; values and percentages of correctly classified fruits during

968 the YOLO model validation. A-I scale bars: 3cm.
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