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Carbon–water coupling in California almond orchards: a multi-scale 
assessment of ecosystem water use efficiency using eddy covariance and 
remote sensing

Srinivasa Rao Peddinti a, Isaya Kisekka a,b,*

a Department of Land, Air & Water Resources, University of California Davis, Davis, CA 95616, USA
b Department of Biological and Agricultural Engineering, University of California Davis, Davis, CA 95616, USA

H I G H L I G H T S G R A P H I C A L  A B S T R A C T

• Water use efficiency varies with almond 
phenology and is lowest during kernel 
fill.

• Seasonal WUE varies from 0.5 to 5.9 g C 
kg− 1H₂O, peaking during dormancy.

• Spatial WUE maps reveal heterogeneity, 
informing precision irrigation.

• Temperature and VPD are dominant 
controls on WUE.
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A B S T R A C T

Water use efficiency (WUE) at the ecosystem level is a critical ecophysiological indicator that integrates carbon- 
water coupling processes and provides essential insights for sustainable agriculture in water-limited environ
ments. This study investigated the dynamics of WUE in California almond orchards, a high-value and water- 
intensive crop system of global economic significance, by combining eddy covariance (EC) measurements 
with satellite remote sensing to analyze seasonal and interannual patterns from 2020 to 2022. Gross primary 
productivity (GPP) was estimated using the Vegetation Photosynthesis Model (VPM), while evapotranspiration 
(ET) was derived using the pySEBAL surface energy balance model applied to Landsat imagery. The ratio of these 
fluxes provided spatially distributed WUE estimates. Daily GPP ranged from ~0.5 to 11.5 g C m− 2 d− 1, while ET 
ranged from ~0.5 to 7.5 mm d− 1, with both fluxes peaking during mid-summer. WUE values exhibited distinct 
seasonal patterns (ranging from ~0.5 to 5.9 g C kg− 1 H2O), with higher efficiency during dormancy and lower 
values during fruit development stages, averaging 2.14 g C kg− 1 H2O over the study period. GPP and ET showed 
similar seasonal patterns and responded in tandem to key climatic variables (solar radiation, air temperature, and 
humidity), suggesting common environmental drivers govern these processes. WUE exhibited more complex 
behavior: it increased slightly with greater precipitation and humidity and declined under high solar radiation, 
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high vapor pressure deficit (VPD), and extreme temperatures. The remote sensing-derived GPP and ET agreed 
well with EC tower measurements (R2 

≈ 0.87–0.88), affirming the reliability of the integrated approach. This 
study advances our understanding of carbon-water coupling in perennial almond orchard systems. It provides 
valuable ecological indicators for precision irrigation management in the face of increasing water scarcity and 
climate variability.

1. Introduction

Water scarcity represents one of the most pressing challenges for 
global agriculture in the 21st century, particularly as climate change 
intensifies hydrological extremes and population growth increases food 
demand (Evans and Sadler, 2008). In this context, water use efficiency 
(WUE), the ratio of biomass produced to water consumed, has emerged 
as a critical ecophysiological indicator that integrates carbon and water 
cycles while providing essential insights for sustainable agricultural 
management. Understanding WUE dynamics is especially crucial for 
high-value, water-intensive perennial crops like almonds (Almond 
board, 2018; Doll, 2017; Vuppalapati, 2023), which face unique sus
tainability challenges compared to annual crops or natural ecosystems. 
Almond orchards constitute a distinct agroecosystem compared to 
annual and other perennial crops, due to their specific physiological 
traits, phenological cycles, and intensive management practices 
(Sánchez-Navarro et al., 2022; Vanella et al., 2022). Unlike annual 
crops, almonds possess extensive woody biomass and deep root systems, 
characteristic of perennials, yet their complete winter dormancy and 
early spring flowering under potential water stress distinguish them 
from evergreen or semi-deciduous perennials like citrus or olive 
(Esparza et al., 2001). These traits result in pronounced seasonal carbon- 
water decoupling, with a compressed phenological window for nut 
development and harvest. Furthermore, almond orchards are managed 
at high planting density with precise fertigation and pruning regimes 
tailored to maximize kernel yield within this short phenological time
frame (Álvarez et al., 2020), contrasting with the less phenologically 
constrained management of annual crops and the differing physiological 
demands of evergreen perennial crops. Consequently, almond orchards 
display pronounced periods of elevated water demand and a distinct 
seasonal pattern in WUE. These physiological and management-driven 
traits necessitate specialized, phenology-informed approaches to accu
rately quantify and interpret WUE dynamics in almond agroecosystems.

The economic and environmental significance of almond production 
further underscores the importance of studying WUE in these systems. 
California produces approximately 80 % of the world's almonds, with 
over 1.52 million acres (615,122 ha) dedicated to almond cultivation as 
of 2024 (Niederholzer et al., 2024; Urbana-Champaign, 2025). This 
extensive production represents a critical agricultural sector worth over 
$5 billion annually (Klein, 2024). But it also faces mounting sustain
ability challenges. Almond orchards require substantial irrigation water 
throughout their long growing season, with water costs representing up 
to 25 % of production expenses (Goodrich, 2020). As California con
tinues to experience severe drought conditions and increasing water 
regulations, optimizing WUE in almond production has become essen
tial not only for environmental sustainability but also for the economic 
viability of the industry (AgNet West, 2024). Accurately measuring 
ecosystem-scale carbon uptake (gross primary productivity, GPP) and 
water use (evapotranspiration, ET) in almond orchards poses distinct 
challenges, differing from the greater complexity of multi-species forest 
ecosystems. The eddy covariance (EC) technique provides direct, high- 
frequency measurements of CO2 and H2O fluxes but is limited to the 
tower footprint. Satellite remote sensing offers complementary capa
bilities for estimating these fluxes across broader spatial scales. Light- 
use efficiency models (He et al., 2013; Turner et al., 2003) can derive 
GPP from optical vegetation indices, while energy balance models (Allen 
et al., 2007; Bastiaanssen et al., 1998a, 1998b; Norman et al., 1995; Su, 
2002) estimate ET from thermal infrared data. The integration of these 

approaches, combining ground-based EC measurements with satellite- 
derived spatial estimates, creates a powerful framework for analyzing 
WUE across multiple scales.

This integrated approach, combining high-frequency EC measure
ments with satellite-derived estimates of GPP and ET, has proven 
effective in examining WUE across diverse ecosystems and agricultural 
settings. For instance, Mei et al. (2023) investigated the spatiotemporal 
variability and drivers of WUE in Inner Mongolia, while Elfarkh et al. 
(2023) successfully applied this methodology to high-density olive or
chards. Similarly, Abraha et al. (2016) utilized this integrated frame
work to compare WUE dynamics between annual corn and perennial 
grassland systems, and Peddinti et al. (2020) focused on citrus orchards. 
Tong et al. (2009) examined WUE patterns specifically within maize 
cropping systems. Furthermore, Liu et al. (2017) and Song et al. (2017)
extended the application of this methodology to old-growth forests and 
subtropical evergreen forests, respectively.

Across these various ecosystems, key drivers of WUE, such as soil 
moisture, vegetation structure, and drought-related stressors, have been 
identified. For example, Huang et al. (2017) analyzed global-scale re
lationships between ecosystem WUE and drought conditions, whereas 
Liu et al. (2020) employed process-based carbon cycle models to study 
global trends in WUE. In agricultural contexts, comparative analyses of 
WUE across maize, perennial crops, and restored prairie ecosystems 
have been conducted by Abraha et al. (2016), Hamilton et al. (2015), 
and Hoover et al. (2023). Similarly, Tong et al. (2009) evaluated WUE 
within irrigated wheat-maize rotation systems. More recently, Kandh
way et al. (2025) modeled the impacts of climate change and elevated 
atmospheric CO₂ on water use and phenological dynamics specifically in 
almond and pistachio orchards, highlighting the intricate interactions 
between evapotranspiration, phenology, and carbon-water exchanges.

However, despite these advancements, comprehensive studies inte
grating EC measurements with satellite-derived GPP and ET specifically 
for perennial or woody orchard systems such as almonds remain scarce. 
To our knowledge, this is the first study that integrates eddy covariance 
measurements with satellite-derived estimates of GPP (from VPM) and 
ET (from pySEBAL) to comprehensively evaluate ecosystem-scale water 
use efficiency (WUE) in almond orchards. Furthermore, by emphasizing 
the mapping of spatial heterogeneity in orchard WUE, this research of
fers a novel methodological contribution to enhance precision irrigation 
management practices in perennial systems, an issue that has received 
limited attention in previous research.

The mechanistic drivers of WUE operate differently across ecosystem 
types due to variations in physiological responses and environmental 
interactions. In natural forest ecosystems, WUE is strongly influenced by 
stomatal regulation in response to vapor pressure deficit (VPD), with 
many species showing decreased WUE under high VPD conditions as 
stomatal closure limits carbon uptake more than water loss (Liu et al., 
2017). Annual crops typically exhibit different patterns, with WUE often 
peaking during specific developmental stages and showing strong re
sponses to management practices like irrigation timing (Tong et al., 
2009). Perennial orchard systems like almonds likely have distinct WUE 
response patterns due to their unique combination of woody biomass, 
seasonal phenology, and intensive management, but these mechanisms 
remain poorly characterized. Several key knowledge gaps exist 
regarding WUE in almond orchards. First, the seasonal dynamics of WUE 
in relation to the distinct phenological stages of almonds (dormancy, 
flowering, fruit development, post-harvest) have not been comprehen
sively analyzed. Second, the mechanistic responses of almond WUE to 
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environmental drivers like temperature, VPD, and solar radiation 
remain unclear, particularly how these responses might differ from 
other ecosystem types. Third, the spatial heterogeneity of WUE within 
orchard systems has received limited attention, despite its importance 
for precision irrigation management. Finally, the interannual variability 
of WUE in response to changing climate conditions represents a critical 
knowledge gap for long-term orchard sustainability.

To address critical knowledge gaps concerning WUE in almond or
chards, this study employs an integrated methodological framework that 
combines high-frequency EC measurements with satellite remote 
sensing to examine seasonal and interannual WUE dynamics in Cali
fornia almond orchards from 2020 to 2022. Specifically, this research 
aims to: (1) characterize the seasonal patterns of ET, GPP, and WUE, 
linking these patterns explicitly to distinct almond phenological stages; 
(2) develop and validate spatially explicit WUE estimates by integrating 
GPP derived from the Vegetation Photosynthesis Model (VPM) with ET 
estimated through the pySEBAL model; (3) quantify mechanistic re
lationships between key environmental variables (temperature, vapor 
pressure deficit [VPD], solar radiation), soil water storage within the 
rootzone, and almond orchard WUE; and (4) analyze spatial and tem
poral variability in orchard WUE to support precision irrigation 
management.

Despite the recognized importance of WUE in agricultural systems, 
significant gaps persist regarding perennial orchard crops like almonds, 
whose carbon-water dynamics fundamentally differ from annual crop
ping systems and natural ecosystems. Notably, no previous studies have 
integrated EC flux measurements with spatially explicit remote sensing 
models (e.g., VPM and pySEBAL) to comprehensively assess WUE in 
almond orchards. To explicitly address these gaps, this study tests the 
following novel hypotheses:

(1) Almond orchards exhibit distinctive seasonal WUE dynamics that 
are closely tied to their specific phenological stages, differing signifi
cantly from those observed in annual cropping systems.

(2) The responses of almond orchard WUE to environmental drivers 
such as temperature, VPD, and solar radiation are uniquely shaped by 
their perennial woody biomass and intensive agricultural management 
practices.

(3) Spatial heterogeneity in WUE within almond orchards is sub
stantial, driven primarily by variability in canopy structure, soil char
acteristics, and irrigation practices, thereby highlighting the necessity 
for targeted precision irrigation strategies.

(4) Almond orchard WUE displays notable interannual variability, 
emphasizing the critical importance of adaptive irrigation management 
strategies to effectively cope with ongoing climate variability.

This research contributes significantly to our understanding of 

carbon-water coupling in perennial orchard systems, providing novel 
ecological insights that can inform sustainable water management 
practices. By elucidating the unique WUE dynamics of almond orchards, 
this study offers critical guidance for enhancing irrigation strategies, 
ultimately aiding water conservation efforts while ensuring productivity 
in the context of increasing water scarcity and climatic pressures.

2. Material and methods

2.1. Study site description

This study was conducted in a commercial almond orchard managed 
by California Almond Packers and Exporters (CAPEX), an affiliate of 
Esteve Ranch, located near Corning in the northern Sacramento Valley 
of California, United States (39.93◦N, − 122.19◦W, elevation 68 m) 
(Fig. 1). This region was selected as representative of California's major 
almond-growing areas, characterized by a Mediterranean climate with 
hot, dry summers and mild, wet winters. The site experiences a mean 
annual temperature of 16.6 ◦C and receives approximately 548 mm of 
annual precipitation, predominantly during winter months (Novem
ber–March). Summer growing seasons feature abundant solar radiation, 
low humidity, and minimal rainfall, creating conditions that necessitate 
irrigation for optimal orchard productivity. The experimental orchard 
consists of 12-year-old almond trees planted in a systematic grid pattern 
with 6.7 m between rows and 3.4 m within rows (approximately 440 
trees per hectare), representing the standard commercial density for 
mature almond production in California. The orchard design in
corporates a strategic mix of complementary cultivars to enhance cross- 
pollination efficiency: 50 % Nonpareil (the industry standard and pri
mary commercial variety), 25 % Monterey, and 25 % Butte (Tombesi 
et al., 2011). This cultivar distribution is typical of commercial almond 
production systems in California, designed to optimize yield while 
maintaining nut quality. The trees had reached full maturity with an 
average height of 6.5 m and canopy diameter of 5.8 m at the time of the 
study, representing the productive phase of commercial almond 
orchards.

The orchard soil profile consists of two predominant soil types: sandy 
clay loam (53.1 % sand, 27.6 % clay, 19.3 % silt) and clay loam (42.8 % 
sand, 26.9 % clay, 30.3 % silt) (Peddinti and Kisekka, 2022; Vanella 
et al., 2022), both classified as fine-loamy, mixed, thermic Typic Hap
loxeralfs according to USDA soil taxonomy (Soil Survey Staff, 1999). Soil 
pH ranges from 6.4 to 7.2, with organic matter content of 1.2–1.8 %. 
These soil characteristics are representative of many almond-growing 
regions in California's Central Valley. The orchard is irrigated using a 
micro-sprinkler system that delivers 45 l per hour per tree, with one 

Fig. 1. Location of the study site and experimental setup. Map showing the location of the CAPEX almond orchard in the northern Sacramento Valley of California 
(left panel) and aerial view of the orchard with the location of the eddy covariance flux tower and neutron probe locations (right panel).
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sprinkler positioned between every two trees. Irrigation was typically 
applied 2–3 times per week during peak summer months (June–August), 
with reduced frequency during spring and fall. Total irrigation appli
cations ranged from approximately 900–1100 mm annually across the 
three-year study period, consistent with typical commercial practices for 
mature almond orchards in the region. Standard commercial manage
ment practices were maintained throughout the study period, including 
fertilization, pest management, and pruning. Annual nitrogen applica
tion averaged 280 kg N/ha, applied through fertigation in multiple ap
plications from April through August (Muhammad et al., 2020). Winter 
pruning was conducted annually to maintain tree structure and optimize 
light penetration. These management practices ensured that the study 
site represented typical commercial production conditions, enhancing 
the applicability of our findings to the broader almond industry.

To monitor soil water content, neutron probe (NP) access tubes were 
installed at 14 locations across the orchard (Fig. 1). Weekly NP mea
surements were collected during the growing seasons from 2020 to 2022 
at depths of 20, 45, and 76 cm. All probes were site-specifically cali
brated to convert raw neutron count ratios into volumetric water con
tent (VWC). The weekly VWC data were cleaned and then linearly 
interpolated to generate continuous daily time series. At each site, soil 
water storage (SWS, in cm) was calculated daily by multiplying VWC by 
the thickness of each measurement layer and summing across the three 
depths, covering the effective root zone to 76 cm. These site-level daily 
SWS values were then averaged across all 14 locations to derive orchard- 
scale SWS, which was used to assess temporal soil water availability and 
to evaluate correlations with water use efficiency (WUE) over the study 
period.

2.2. Eddy covariance measurements and data processing

A flux tower was erected within the CAPEX almond orchard to 
continuously measure carbon dioxide, water vapor, and energy fluxes 
across the soil-plant-atmosphere continuum (Fig. 1). The tower location 
was selected to maximize fetch in the predominant wind direction, 
ensuring that measured fluxes primarily represented the target almond 
orchard. The tower was positioned with a minimum fetch of 700 m in all 
directions within the uniform orchard block, exceeding the recom
mended fetch-to-height ratio of 100:1 for flux measurements over 
agricultural surfaces (Allen et al., 2011). The eddy covariance (EC) 
system consisted of a three-dimensional sonic anemometer (Gill R3–50, 
Gill Instruments Ltd., Hampshire, UK) paired with an open-path infrared 
gas analyzer (LI-7500, LI-COR Inc., Lincoln, NE, USA) mounted at 10 m 
above ground level, approximately 3 m above the average canopy 
height. This configuration allowed for measurements within the surface 
boundary layer while minimizing flow distortion effects from individual 
trees. The instruments were oriented toward the predominant wind di
rection (northwest) to reduce potential flow distortion from the tower 
structure.

The EC system measured three-dimensional wind velocity compo
nents and concentrations of CO2 and H2O at a frequency of 10 Hz, 
providing high-resolution data for flux calculations. Supporting meteo
rological measurements included air temperature and relative humidity 
(HMP155, Vaisala Inc., Helsinki, Finland), photosynthetically active 
radiation (LI-190R, LI-COR Inc.), net radiation using a four-component 
net radiometer (SN-500-SS, Apogee Instruments Inc., Logan, UT, USA), 
and precipitation (TR-525 M, Texas Electronics, Dallas, TX, USA). These 
instruments were mounted at various heights on the tower to capture the 
relevant environmental variables influencing carbon and water fluxes. 
Soil heat flux was measured using three soil heat flux plates (HFT-3, 
Radiation Energy Balance Systems, Bellevue, WA, USA) installed at 8 cm 
depth in representative locations (under canopy, at canopy edge, and in 
inter-row space) to account for spatial variability in soil heat flux. Each 
heat flux plate was paired with a soil temperature profile measured by 
thermocouples (TCAV-L, Campbell Scientific Inc., Logan, UT, USA) at 
2.5 and 5 cm depths and soil moisture probes (GS-1, METER Group Inc., 

Pullman, WA, USA) at 5 cm depth to correct for heat storage in the soil 
layer above the plates. This comprehensive soil measurement approach 
ensured accurate quantification of the ground heat flux component of 
the energy balance.

Post-processing of EC data was conducted using EddyPro software 
(version 7.0.6, LI-COR Inc.) following standardized procedures for flux 
calculation and quality control. Raw 10 Hz data were processed to 30- 
min flux values with the following corrections applied: (1) coordinate 
rotation using the planar fit method to align the coordinate system with 
the mean wind streamlines; (2) time lag optimization between wind and 
scalar measurements; (3) spectral corrections for high and low- 
frequency losses following Moncrieff et al. (1997); and (4) density 
fluctuation corrections according to Webb et al. (1980) to account for 
heat and water vapor effects. The EC dataset had only 2 % missing values 
during the measurement period, which were gap-filled using the Mar
ginal Distribution Sampling (MDS) method implemented in Tovi soft
ware (LI-COR Inc.). The energy balance closure, calculated as the ratio of 
turbulent energy fluxes (sensible heat + latent heat) to available energy 
(net radiation - soil heat flux), averaged 0.86 across the study period, 
with an R2 value of 0.91 (Fig. 2). This closure ratio is within the typical 
range reported for EC measurements over agricultural systems and in
dicates satisfactory performance of the EC system (Mauder et al., 2024). 
Partitioning of net ecosystem exchange (NEE) into gross primary pro
ductivity (GPP) and ecosystem respiration (Reco) followed the approach 
of Reichstein et al. (2005), which uses nighttime flux data to establish a 
temperature response function for respiration and then applies this 
function to daytime periods. This partitioning approach was selected 
based on its robust performance in agricultural ecosystems and its 
implementation in standardized flux processing workflows. The result
ing GPP estimates represent the total carbon uptake by the orchard 
ecosystem before accounting for respiratory losses.

2.3. Flux footprint analysis

A detailed footprint analysis was conducted to characterize the 
spatial source area contributing to the measured fluxes, ensuring 
appropriate comparison between tower-based measurements and 
satellite-derived estimates. The flux footprint represents the spatial 
distribution of surface sources and sinks that influence the scalar con
centration measured at the tower, which varies with atmospheric sta
bility, wind direction, and surface roughness. We employed the 
parameterized footprint model of Kljun et al. (2015), which provides a 
two-dimensional representation of the flux source area based on mea
surement height, roughness length, boundary layer height, and atmo
spheric stability parameters. This model was selected for its 
computational efficiency and validated performance across diverse 
ecosystems, including agricultural systems with heterogeneous vegeta
tion structure. Footprint calculations were performed for each 30-min 
flux period using the measured friction velocity, standard deviation of 
lateral wind velocity, wind direction, and Obukhov length as inputs. The 
resulting footprints were aggregated to daily averages weighted by the 
magnitude of the carbon and water fluxes, providing a representative 
source area for each day of the study period. These daily footprints were 
then used to extract corresponding values from the satellite-derived GPP 
and ET maps for direct comparison with tower measurements. The 
average 80 % contribution footprint extended approximately 200–300 
m upwind of the tower, with dimensions varying seasonally due to 
changes in atmospheric stability and canopy structure. During unstable 
daytime conditions typical of the growing season, the footprint was 
relatively compact (80 % contribution area of ~5–7 ha), while stable 
nighttime conditions resulted in more extended footprints. The pre
dominant wind direction at the site was from the northwest, resulting in 
a primary footprint orientation along this axis.
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2.4. Remote sensing data acquisition and preprocessing

This study utilized data from the Landsat 8 Operational Land Imager 
(OLI) and Thermal Infrared Sensor (TIRS) to derive spatially explicit 
estimates of gross primary productivity (GPP) and evapotranspiration 
(ET) (Madugundu et al., 2017; Zhao and Running, 2010). Landsat 8 was 
selected as the primary data source due to its moderate spatial resolution 
(30 m for multispectral bands and 100 m for thermal bands, resampled 
to 30 m), suitable temporal resolution (7 or 16-day revisit cycle), and 
comprehensive spectral coverage, including visible, near-infrared, 
shortwave infrared, and thermal infrared bands. This spatial resolu
tion is particularly well-suited for almond orchards, which typically 
have row spacing of 6–7 m, allowing for multiple pixels within indi
vidual orchard blocks and capturing the spatial heterogeneity of the 
orchard landscape.

Cloud-free Landsat 8 images covering the study area (path 44/45, 
row 32) were acquired from the United States Geological Survey (USGS) 
Earth Explorer platform (http://earthexplorer.usgs.gov) for the period 
from 2020 to 2022. Image selection followed a rigorous quality assess
ment protocol to ensure data integrity. First, only images with <10 % 
cloud cover over the study area were initially selected. Each image was 
then visually inspected to confirm the absence of clouds and cloud 
shadows over the orchard site. Second, images were screened using the 
Landsat Quality Assessment (QA) band to exclude pixels affected by 
detector failures, saturation, or other data quality issues. Third, images 
acquired during periods of high atmospheric aerosol loading (e.g., 
during wildfire smoke events) were excluded based on aerosol optical 
depth data from the MODIS aerosol product (MOD04). Lastly, priority 
was given to maintaining consistent temporal intervals between acqui
sitions, with emphasis on capturing key phenological stages of almond 
development, including dormancy, bloom, fruit development, harvest, 
and post-harvest periods.

Following this selection process, a total of 58 high-quality Landsat 
images were retained for analysis: 8 images for 2020, 33 for 2021, and 
17 for 2022. The higher number of usable images in 2021 resulted from 
more favorable atmospheric conditions and the combined coverage 
provided by adjacent Landsat paths. The temporal distribution of the 
selected images offered comprehensive coverage of seasonal variations 

in orchard conditions across the three-year study period. All Landsat 
images were obtained as Collection 2, Level 2 surface reflectance 
products, which include radiometric calibration, geometric correction, 
and atmospheric correction using the Land Surface Reflectance Code 
(LaSRC) algorithm. These pre-processed products provide standardized 
surface reflectance values, minimizing the effects of atmospheric vari
ability and enabling consistent multi-temporal analysis. Thermal bands 
were provided as surface temperature products derived using the 
Landsat 8 Single-Channel Algorithm, with atmospheric correction based 
on NCEP atmospheric profiles.

2.5. Evapotranspiration estimation with pySEBAL model

Based on the analysis of remote sensing of ET published papers, 
SEBAL stands out as one of the leading computational models for 
determining ET. Among its notable variations, the pySEBAL model, a 
Python-based version developed by the IHE-Delft Institute for Water 
Education, represents a significant advancement in the field and is 
readily available for scholarly use (https://github.com/wateracco 
unting/PySEBAL_dev). The SEBAL methodology is based on a funda
mental concept of resolving the energy balance equation, as delineated 
in Eq. (1). Within this framework, the latent heat flux (LE), representing 
the energy utilized in the process of ET, is determined as the residual of 
the energy balance, Rn is net radiation, G is ground heat flux, and H is 
sensible heat flux in units of W m− 2. 

LE = Rn − G − H (1) 

The method for calculating the key components of the surface energy 
balance in SEBAL has been comprehensively detailed in the works of 
(Bastiaanssen et al., 1998a, 1998b). Additionally, the application of 
these calculations within the pySEBAL framework can be found in the 
research conducted by (Jaafar and Ahmad, 2020; Peddinti and Kisekka, 
2022; Xue et al., 2020). Specifically, the net radiation (Rn), which is the 
actual radiant energy available at the earth's surface, is calculated as the 
difference between all incoming and outgoing radiant energy flows, as 
outlined in Eq. (2) by Allen et al. (2007). 

Rn = [RS↓ +RL↓] − [αRS↓ +RL↑ +(1 − ε0)RL↓ )] (2) 

Fig. 2. Energy balance closure at the study site. Relationship between available energy (net radiation minus soil heat flux, Rn - G) and turbulent energy fluxes 
(sensible heat plus latent heat, H + LE) for 30-min periods during the three-year study period (2020–2022). The solid line represents the 1:1 relationship, and the 
dashed line represents the linear regression. Here the EBR is the energy balance ratio.
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where RS↓ represents the incoming shortwave solar radiation (W m− 2), 
while RL↓ and RL↑ denote the incoming and outgoing longwave radiation 
(W m− 2), respectively. The term α refers to the surface albedo, which is a 
dimensionless coefficient reflecting the proportion of incident light or 
radiation that is reflected by a surface, and ε0 is defined as the surface's 
thermal emissivity (W m− 2), indicating its efficiency in emitting thermal 
radiation.

G quantifies the heat transfer rate into soil through thermal con
duction. In the pySEBAL model, G, which is a fraction of the net radia
tion (Rn), is determined using Eq. (3) based on the empirical equation 
developed by (Bastiaanssen, 1995). 

G = Ts(0.0038+0.0074α)
(
1 − 0.98NDVI4) (3) 

where Ts is the surface temperature (K), α is the surface albedo 
(dimensionless), and NDVI is the Normalized Difference Vegetation 
Index.

H reflects the heat transferred to the atmosphere through convection 
and conduction, driven by a temperature gradient between the surface 
and the air. It is calculated using Eq. (5). 

H =
ρairCpdT

rah
(4) 

where ρair represents the density of air (Kg m− 3), Cp denotes the specific 
heat capacity of air at constant pressure (∼ 1004 J kg− 1 K− 1), and dT is 
the temperature difference in the air near the surface for each pixel, and 
rah stands for the aerodynamic resistance (s m− 1).

Since the exact air temperatures above each individual pixel are not 
known, dT is deduced by assuming that there is a linear correlation 
between dT and the altitude-corrected surface temperature. To establish 
the parameters of this linear correlation, SEBAL employs two reference 
points known as “anchor” pixels, where the H can be accurately deter
mined. These anchor pixels are identified for every satellite image by 
selecting the hottest and coldest pixels over the driest part of the land
scape and over a moist feature like a water body or an irrigated region, 
respectively. Once these pixels are selected, pySEBAL calculates the 
instantaneous latent heat flux (LE) and the Evaporative Fraction (EF) at 
the instant the satellite data was captured. The daily actual evapo
transpiration (ET) is then derived by multiplying EF24 by the total 24-h 
net radiation, consciously disregarding the relatively insignificant 
ground heat flux over the course of a day. 

ET =
8.64 × 107 × AF × EF × (Rn24 − G24)

λ × ρw
(5) 

where ET represents the daily ET refers to the daily actual evapotrans
piration rate (mm d− 1) on the date of the aerial imagery overpass λ 
denotes the latent heat of vaporization (J Kg− 1), ρw represents the 
density of water (Kg m− 3), AF is the advection factor, Rn24 indicates the 
daily average net radiation (W m− 2), and G24 corresponds to the daily 
average soil heat flux (W m− 2).

2.6. Estimation of gross primary productivity using the VPM model

The Vegetation Photosynthesis Model (VPM) (Xiao et al., 2004) en
tails the conceptual division of the distribution of photosynthetically 
active vegetation (PAV) within plant leaves (chloroplasts) and non- 
photosynthetic vegetation components (such as stems, branches, and 
cell walls) to estimate the Gross Primary Productivity (GPP) of forests 
during the active photosynthesis period of vegetation (Xiao et al., 2005). 
The equation used in the VPM to estimate GPP is given in Eq. (6)

GPP = εg × FAPARPAV ×PAR (6) 

where εg is the light use efficiency (μmol CO2/μmol PAR), PAR is the 
photosynthetically active radiation (μmol m− 2 s− 1), and FAPARPAV is the 

fraction of PAR absorbed by PAV (chloroplasts).
In the VPM, the parameter εg, reflects the light usage efficiency of 

vegetation and is influenced by various environmental parameters such 
as temperature, water availability, and the phenological state of the 
leaves. Each of these factors exerts a regulating effect on εg, and they are 
quantified by specific down-regulation scalars. These scalars, denoted as 
Tscalar for temperature, Wscalar for water availability, and Pscalar for leaf 
phenology, serve to modulate the efficiency of light utilization by the 
vegetation. Incorporating these scalars εg can be written as 

εg = ε0 ×Tscalar ×Wscalar ×Pscalar (7) 

where ε0 is the maximum light use efficiency, varying at the ecosystem 
level depending on the specific vegetation type.

The ε0 value was determined by fitting a nonlinear correlation be
tween net ecosystem exchange (NEE) and incident PAR (Eq. (8)), spe
cifically during the peak of the plant growing season, as described by 
(Madugundu et al., 2017; Peddinti et al., 2020; Wang et al., 2010; Yan 
et al., 2009). The calculation was based on an analysis of 30-day (July 
month data) eddy covariance flux data collected every 30 min during the 
2022 growing season. Notably, the ε0 value for almond orchards was 
determined in this study to be 0.51 g C-mol PAR. 

NEE =
ε0 × PAR × GPPmax

ε0 × PAR + GPPmax
− Reco (8) 

where GPPmax is the maximum GPP that was derived from flux data, and 
Reco is ecosystem respiration.

Temperature plays a crucial role in regulating the rate of photosyn
thesis, which is the essential biochemical process that allows plants to 
convert light energy into chemical energy. Understanding this rela
tionship necessitates quantifying the effect of temperature on photo
synthesis, which is referred to as the temperature scalar (Tscalar). This 
factor is investigated in the VPM model at each discrete time interval 
using the Eq. (9) derived by Raich et al. (1991) for a terrestrial 
ecosystem model. 

Tscalar =
(T − Tmin)(T − Tmax)

[(T − Tmin)(T − Tmax) ] −
(
T − Topt

)2 (9) 

where Tmin represents the lowest temperature at which photosynthetic 
activities can occur, Tmax denotes the highest temperature before these 
processes begin to decline, and Topt is the optimal temperature that al
lows for peak photosynthetic performance. If the air temperature falls 
below Tmin, then Tscalar is set to zero.

As the first order of approximation, Wscalar, the influence of water on 
plant photosynthesis is estimated using a satellite-derived water index 
using Eq. (10)

Wscalar =
1 + LSWI

1 + LSWImax
(10) 

where LSWI Land Surface Water Index, and LSWImax is the maximum 
value of the LSWI within a peak growth period of almonds considered in 
this study.

The Pscalar is included in the VPM model to account for the influence 
of leaf age on photosynthesis at the canopy level, and its calculation is 
dependent on leaf lifetime. The growth cycle in almond orchards is 
divided into two separate periods. The first phase, which lasts from 
December to March, is distinguished by the absence of leaves on the 
trees. This is a dormant stage in which the almond trees preserve energy 
in preparation for the upcoming bud break, followed by a rapid growth 
period. In this stage, the influence of leaf maturity on the photosynthetic 
process throughout the plant canopy is quantified through the applica
tion of the Pscalar value, as outlined in Eq. (11). The second phase of the 
orchards begins in late March and lasts through the end of the harvest 
season in October. To account for the increased photosynthetic activity 
and robust vegetative development seen during this time, the Pscalar was 
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Fig. 3. Environmental conditions during the study period (2020–2022). Daily values of (a) air temperature, (b) relative humidity, (c) solar radiation, (d) vapor 
pressure deficit, (e) wind speed, and (f) precipitation.

S.R. Peddinti and I. Kisekka                                                                                                                                                                                                                  Science of the Total Environment 990 (2025) 179914 

7 



calculated based on Eq. (12). 

Pscalar =
1 + LSWI

2
during the dormant stage (11) 

Pscalar = 1 after leaf full expansion (12) 

According to Liu et al. (2018) and (2015), EVI (Enhanced Vegetation 
Index) based FAPARPAV calculations have shown effective dependability 
in analyzing agricultural ecosystems. As a result, utilizing a linear 
relationship with EVI, calculated FAPARPAV using Eq. (13). Following 
the methodology detailed by Xiao et al. (2005) and (2004), the coeffi
cient α was set to 1.0 to simplify parameterization and maintain model 
consistency. 

FAPARPAV = α×EVI (13) 

2.7. Estimation of ecosystem water use efficiency

Utilizing satellite data from Landsat, calculations were conducted on 
a pixel-by-pixel basis to derive WUE based on GPP and ET values. By 
applying these algebraic operations in accordance with Eq. (13), the 
ability to map and understand spatial variations in WUE across different 
parts of the orchard was facilitated, correlating these differences with 
resource availability and agricultural practices. To confirm the reli
ability of this satellite-based approach, an assessment of its accuracy was 
conducted by evaluating the fit of statistical residual parameters within 
the flux tower footprint. Subsequently, the investigation into WUE over 
time was undertaken to identify and explain patterns of change within 
individual seasons and across different seasons. 

WUE =
GPP
ET

(14) 

3. Results

3.1. Environmental variables dynamics

The three-year study period (2020− 2022) exhibited distinct seasonal 
and interannual variations in environmental conditions that influenced 
carbon and water fluxes in the almond orchard (Fig. 3). Daily average air 
temperature followed a characteristic Mediterranean climate pattern, 
ranging from 3 ◦C during winter months (December–February) to 30 ◦C 
during summer (June–August). The seasonal temperature amplitude 
remained relatively consistent across years, though 2021 experienced 
slightly higher peak summer temperatures compared to 2020 and 2022 
(Fig. 3a). Relative humidity exhibited substantial seasonal fluctuations, 
ranging from 25 % to 95 % throughout the study period (Fig. 3b). During 
the growing summer season (June–September), relative humidity typi
cally ranged from 25 % to 55 %, reflecting the characteristic dry con
ditions of California's Mediterranean summer. In contrast, winter 
months showed higher humidity (60–95 %) associated with the rainy 
season. Interannual comparison revealed that 2020 experienced lower 
average humidity during summer months compared to subsequent 
years, potentially increasing evaporative demand during this period.

Solar radiation followed a clear seasonal pattern with maximum 
values occurring during summer months (Fig. 3c). Daily average radi
ation ranged from 5 W m− 2 during winter to 400 W m− 2 during summer, 
with peak values consistently observed in June and July. The 2022 
growing season exhibited greater variability in radiation compared to 
previous years, with more frequent fluctuations likely due to increased 
cloud cover events. These radiation patterns directly influenced photo
synthetic activity and evaporative demand throughout the orchard. 
Vapor pressure deficit (VPD), a key driver of transpiration, showed 
pronounced seasonal dynamics with values ranging from 0.5 to 2.2 kPa 
across the study period (Fig. 3d). Peak VPD values occurred during 
summer months (May–September), reaching maximum values between 
1.5 and 2.2 kPa, indicating strong atmospheric demand for water during 

the primary growing season. Notably, 2021 experienced higher peak 
VPD values compared to other years, potentially increasing water stress 
during critical fruit development stages.

Wind speed ranged from 1 to 7 m s− 1 throughout the study period, 
with a distinct seasonal pattern of lower wind speeds during summer 
months (Fig. 3e). From June to September, minimum values typically 
ranged from 1 to 2.5 m s− 1, while other months exhibited greater 
variability and higher average wind speeds. This seasonal wind pattern 
influences boundary layer conductance and consequently affects both 
carbon uptake and water loss from the orchard canopy. Precipitation 
showed substantial interannual variability across the study period 
(Fig. 3f). The 2020 water year was exceptionally dry, with total recorded 
rainfall of only 48 mm. In contrast, 2021 received significantly higher 
precipitation (383 mm), primarily concentrated during winter months. 
The 2022 water year returned to dry conditions with only 36 mm of 
precipitation. This precipitation variability created different baseline 
soil moisture conditions across years, though irrigation remained the 
primary water source throughout the growing seasons due to the Med
iterranean climate's characteristic summer drought. These environ
mental conditions collectively established the meteorological context 
for carbon and water fluxes in the almond orchard, with their seasonal 
and interannual variations driving the observed patterns in GPP, ET, and 
WUE described in subsequent sections.

3.2. Seasonal dynamics of carbon and water fluxes

3.2.1. Gross primary productivity patterns
Eddy covariance measurements revealed distinct seasonal patterns in 

gross primary productivity (GPP) that closely followed the phenological 
cycle of almond trees (Fig. 4a). Daily GPP values ranged from 0.5 to 
11.5 g C m− 2 d− 1 across the three-year study period, with a clear annual 
cycle that reflected the deciduous nature of almond trees and their 
characteristic Mediterranean-climate adaptation. During the dormant 
season (November–February), when almond trees shed their leaves and 
enter physiological dormancy, GPP values were consistently low, 
ranging from 0.5 to 3 g C m− 2d− 1. This residual carbon uptake during 
dormancy likely originated from limited photosynthesis in evergreen 
cover crops and orchard floor vegetation rather than the almond trees 
themselves. As temperatures increased in late February and early March, 
almond trees transitioned from dormancy to bud break and flowering, 
initiating a rapid increase in ecosystem carbon uptake. The spring 
transition period (March–April) showed a steep increase in GPP as leaf 
development progressed, and canopy photosynthetic capacity 
expanded. By late April, GPP typically reached 6–8 g C m− 2d− 1, 
reflecting the establishment of full canopy conditions.

Peak GPP values (10–11.5 g C m− 2d− 1) were consistently observed 
during the summer months (June–August), coinciding with the fruit 
development stage when almond trees allocate substantial resources to 
nut growth and maturation. During this period, the fully developed 
canopy maximized light interception while favorable temperature con
ditions supported high photosynthetic rates. Interannual comparison 
revealed that 2022 exhibited slightly higher peak GPP values compared 
to previous years, potentially reflecting optimized orchard management 
practices or favorable microclimatic conditions. Following harvest in 
late August to early September, GPP began a gradual decline as trees 
reduced photosynthetic activity and prepared for leaf senescence. This 
post-harvest decline was more pronounced than the spring increase, 
with GPP decreasing from peak values to dormancy levels over 
approximately 8–10 weeks. By November, GPP had returned to 
dormant-season levels as trees completed leaf drop and entered winter 
dormancy. The VPM model successfully captured these seasonal GPP 
dynamics, as evidenced by the strong agreement between model esti
mates and tower measurements (Fig. 4b). Linear regression analysis of 
VPM-derived GPP against EC-measured GPP yielded an R2 of 0.88 and 
RMSE of 1.5 g C m− 2 d− 1, indicating robust model performance across 
the range of observed values. The model slightly underestimated peak 
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summer GPP in some instances, particularly during periods of extremely 
high temperature, suggesting potential model limitations under envi
ronmental extremes.

3.2.2. Evapotranspiration patterns
Evapotranspiration (ET) exhibited seasonal patterns that paralleled 

GPP dynamics but with distinct differences reflecting the influence of 
environmental drivers beyond canopy development (Fig. 4c). Daily ET 
values ranged from 0.5 to 7.5 mm d− 1 across the study period, with 
seasonal amplitude modulated by both biological factors (phenology, 
canopy development) and physical factors (radiation, temperature, 
VPD). During the dormant season (November–February), ET rates were 
consistently low (< 2 mm d− 1), reflecting minimal transpiration from 
leafless almond trees and reduced evaporative demand due to lower 
temperatures and radiation. Despite low biological activity during this 
period, ET showed greater day-to-day variability than GPP, responding 
more directly to fluctuations in meteorological conditions such as wind 
events and winter rainfall. As almond trees progressed through bud 
break and flowering in March, ET began to increase in parallel with GPP, 
though the rate of increase was initially less steep. This pattern suggests 
that early-season carbon uptake increased more rapidly than water use, 
potentially reflecting favorable water use efficiency during leaf devel
opment when transpiring leaf area was still expanding but photosyn
thetic capacity was already substantial.

ET reached maximum values (6–7.5 mm d− 1) during summer months 
(June–August), coinciding with peak GPP but also with maximum solar 
radiation, temperature, and VPD. The highest daily ET values were 
typically observed in July, when the combination of full canopy devel
opment and maximum atmospheric demand created optimal conditions 
for water flux. Interannual comparison revealed that peak ET values 
were similar across years despite differences in precipitation, high
lighting the dominant role of irrigation in maintaining consistent water 
availability during the growing season. Post-harvest ET decline followed 
a pattern similar to GPP but with a slightly more gradual decrease, 
particularly in the early post-harvest period (September–October). This 
pattern suggests that transpiration continued at relatively high rates 
even as photosynthetic activity began to decrease, potentially reflecting 
a decoupling of carbon and water fluxes during the transition to 
dormancy. The pySEBAL model effectively captured these seasonal ET 
dynamics, with strong agreement between model estimates and tower 

measurements (Fig. 4d). Linear regression analysis yielded an R2 of 0.87 
and RMSE of 0.9 mm d− 1, indicating robust model performance across 
the range of observed values. The model showed a slight tendency to 
overestimate ET under very high evaporative demand conditions, 
possibly due to limitations in capturing stomatal regulation under 
extreme VPD.

3.2.3. Water use efficiency dynamics
Ecosystem water use efficiency (WUE), calculated as the ratio of GPP 

to ET, exhibited complex seasonal patterns that reflected the differential 
responses of carbon and water fluxes to environmental conditions and 
phenological stages (Fig. 5a). Daily WUE values ranged from 0.5 to 5.9 g 
C kg− 1H₂O across the study period, with an average of 2.14 g C kg− 1H₂O. 
The seasonal WUE pattern revealed distinct phases corresponding to key 
phenological transitions in the almond orchard. During the dormant 
season (November–February), WUE exhibited high variability with 
values ranging from 1.5 to 6 g C kg− 1H₂O. This variability during 
dormancy reflects the complex balance between minimal but fluctuating 
carbon uptake (primarily from orchard floor vegetation) and low but 
environmentally responsive evaporation. The highest WUE values of the 
entire annual cycle were occasionally observed during this dormant 
period, particularly on days with favorable temperature and humidity 
conditions that supported photosynthesis while limiting evaporative 
water loss. As trees transitioned from dormancy to flowering and leaf 
development (March–April), WUE showed a decreasing trend with 
values dropping below 4 g C kg− 1H₂O. This decrease occurred despite 
rising GPP, indicating that water use increased proportionally faster 
than carbon uptake during this phenological transition. The declining 
WUE during bloom likely reflects the substantial water requirements for 
reproductive development and initial leaf expansion, processes that 
consume water but do not immediately translate to maximum photo
synthetic returns.

During the kernel development and maturation phase (May–August), 
WUE values remained relatively low (1–4 g C kg− 1H₂O) despite peak 
GPP, reflecting the high-water requirements for fruit development and 
the strong evaporative demand during summer months. WUE reached 
minimum values (as low as 0.5 g C kg− 1H₂O) by late August, coinciding 
with the completion of nut maturation and the onset of harvest. This 
seasonal minimum in WUE indicates that water use remains high even as 
carbon uptake begins to decline at the end of the fruit development 

Fig. 4. Seasonal dynamics in daily gross primary production (GPP) (a) and evapotranspiration (ET) (b) as recorded by an eddy covariance flux tower. In addition, the 
vegetation photosynthetic model (VPM) produced GPP values and pySEBAL-derived ET values are displayed as red dots over the Landsat overpass dates for the three 
years from 2020 to 2022, with their linear regression analysis on the right panels.
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cycle. Post-harvest (September–October), WUE exhibited a sharp 
decrease followed by a gradual recovery as trees transitioned toward 
dormancy. This pattern suggests complex post-harvest physiology, 
where initial reductions in photosynthetic activity occur while transpi
ration continues, followed by a more balanced reduction in both fluxes 
as leaf senescence progresses. Interannual comparison revealed consis
tent seasonal WUE patterns across the years despite differences in 
environmental conditions, indicating that these efficiency dynamics are 

strongly governed by phenological controls. However, subtle differences 
were observed, particularly during the 2021 growing season, which 
showed slightly lower mid-summer WUE compared to other years, 
potentially reflecting the impact of higher VPD conditions during this 
period. The remote sensing approach successfully captured these WUE 
dynamics, as evidenced by the strong agreement between satellite- 
derived and tower-based WUE estimates (Fig. 5b). Linear regression 
analysis yielded an R2 of 0.81, indicating that the integrated VPM- 

Fig. 5. Seasonal fluctuations in daily water use efficiency (WUE) were derived from eddy covariance flux tower data (a) and analyzed through regression (b) between 
EC and Landsat-derived WUE in almond orchards for the three years spanning from 2020 to 2022.

Fig. 6a. Spatial distribution of WUE fluxes was calculated from Landsat imagery for the dates of satellite overpasses during the year 2020. The white pixels indicate 
that there is no data.
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pySEBAL approach effectively represented the temporal variations in 
ecosystem WUE. This validation provides confidence in the spatial WUE 
patterns derived from satellite observations.

3.3. Spatial patterns of water use efficiency

Spatial patterns of WUE in almond orchards demonstrated distinct 
spatial and temporal variations from 2020 to 2022, closely associated 
with specific phenological stages (Figs. 6a–6c). During the dormant 
season (November–February), spatial WUE values generally ranged 
from approximately 2 to 4 g C kg− 1H₂O, with consistently higher effi
ciency observed in central and northern orchard sections. Peripheral 
orchard areas displayed comparatively lower WUE values (1–2 g C 
kg− 1H₂O), potentially indicating variability in soil moisture or localized 
environmental conditions. Throughout the leaf development phase 
(March–April), spatial WUE values notably decreased, generally falling 
below 2 g C kg− 1H₂O across most orchard areas. This reduction was 
particularly evident along southern and eastern orchard boundaries, 
likely reflecting increased water demand for foliage expansion and 

flowering. Central orchard zones retained marginally higher values 
(around 2 g C kg− 1H₂O), indicating slightly better water use efficiency 
during these critical phenological transitions.

During the kernel maturation phase (May–August), spatial WUE 
consistently remained low, ranging from 0.5 to 2 g C kg− 1H₂O. Minimal 
spatial differences were observed, indicating uniformly high-water use 
across the orchard associated with fruit development and elevated 
summer evaporative demand. However, occasional localized pockets 
within central orchard regions exhibited marginally higher WUE values, 
suggesting spatial heterogeneity in water use, possibly driven by dif
ferential irrigation management practices or soil characteristics. Post- 
harvest periods (September–October) showed gradual spatial recovery 
in WUE values, generally rising to approximately 2–3 g C kg− 1H₂O, 
particularly prominent in central orchard zones. Peripheral orchard 
sections continued to exhibit lower efficiency, maintaining values below 
2 g C kg− 1H₂O, reflecting ongoing spatial variability in water availability 
or residual physiological stress from preceding growth phases.

Fig. 6b. Spatial distribution of WUE fluxes was calculated from Landsat imagery for the dates of satellite overpasses during the year 2021. The white pixels indicate 
that there is no data.
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3.4. Seasonal dynamics of soil water storage and water use efficiency

Fig. 7 illustrates the seasonal variation of soil water storage (SWS) 
and WUE in an almond orchard, with SWS calculated across the root 
zone depth of 76 cm. During the growth period, spanning from 
approximately March to August, SWS values are notably lower 
compared to other periods, likely due to the increased water uptake by 
the almond trees to support their active growth and development. 

Concurrently, the WUE values are also low, which may reflect a higher 
proportion of water loss through transpiration and evaporation relative 
to carbon assimilation, possibly influenced by the trees' high-water de
mand and environmental factors such as temperature and solar radia
tion. In contrast, from November to February, SWS values rise 
significantly, suggesting reduced root water uptake and lower transpi
ration rates due to the dormant phase of the almond trees during the 
colder months. This period also exhibits higher WUE values, indicating 
that the limited water use is more efficiently converted into biomass, as 
the trees' physiological activities are minimized. These observations 
underscore the seasonal interplay between water availability, tree 
physiology, and environmental conditions throughout the year, 
providing a comprehensive view of water dynamics across the almond 
crop cycle.

3.5. Environmental controls on water use efficiency

The relationships between environmental variables and ecosystem 
fluxes (GPP and ET) were analyzed at monthly time scales, revealing 
distinct patterns of influence on WUE. Figs. 8 and 9 present these re
lationships for the almond orchard over the three-year study period 
(2020–2022). Precipitation showed weak negative relationships with 
both monthly GPP (R2 = 0.04) and ET (R2 = 0.16) (Fig. 8a). Despite 
these weak negative relationships with individual fluxes, precipitation 
exhibited a moderate positive relationship with WUE (R2 = 0.42), with 

Fig. 6c. Spatial distribution of WUE fluxes was calculated from Landsat imagery for the dates of satellite overpasses during the year 2022. The white pixels indicate 
that there is no data.

Fig. 7. Monthly variation of root-zone soil water storage (76 cm) and water use 
efficiency in an almond orchard from 2020 to 2022.
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WUE increasing by approximately 0.02 g C kg− 1H₂O per mm of pre
cipitation (Fig. 9a). This positive relationship suggests that precipitation 
events may have proportionally greater negative effects on ET than on 
GPP, potentially due to reduced atmospheric demand and increased soil 
moisture availability during and after rainfall events.

Solar radiation showed strong positive relationships with both GPP 
(R2 = 0.59) and ET (R2 = 0.79) (Fig. 8b). Both fluxes increased linearly 
with increasing radiation, reflecting the fundamental role of solar en
ergy in driving both photosynthesis and evapotranspiration. However, 
the steeper slope for GPP compared to ET resulted in a negative rela
tionship between solar radiation and WUE (R2 = 0.40) (Fig. 9b). This 
pattern indicates that under high radiation conditions, the proportional 
increase in ET exceeds that of GPP, reducing overall water use efficiency. 
Vapor pressure deficit (VPD) showed no significant relationship with 
GPP (R2 = 0.00) but a moderate positive relationship with ET (R2 =

0.11) (Fig. 8c). The lack of GPP response to VPD coupled with increasing 
ET at higher VPD values resulted in a moderate negative relationship 
between VPD and WUE (R2 = 0.44), with WUE decreasing by approxi
mately 1.20 g C kg− 1H₂O per kPa increase in VPD (Fig. 9c). This pattern 

reflects the direct influence of atmospheric water demand on transpi
ration rates while photosynthesis remains relatively unaffected within 
the observed VPD range.

Air temperature exhibited non-linear relationships with both GPP 
and ET (Fig. 8d). GPP showed a quadratic response to temperature (R2 

= 0.40), increasing up to approximately 17.5 ◦C and then declining at 
higher temperatures. ET showed a similar but less pronounced quadratic 
pattern (R2 = 0.46). The resulting relationship between temperature and 
WUE was also non-linear (R2 = 0.58) providing the best fit (Fig. 9d). 
WUE remained relatively stable at temperatures between 7.5 ◦C and 
15 ◦C, then declined more rapidly as temperatures increased above 
20 ◦C. This pattern suggests that high temperatures disproportionately 
reduce photosynthesis compared to transpiration, likely due to 
increased photorespiration and potential stomatal closure at high tem
peratures. Relative humidity showed strong negative relationships with 
both GPP (R2 = 0.47) and ET (R2 = 0.65), with both fluxes decreasing 
non-linearly as humidity increased (Fig. 8e). Despite both fluxes 
decreasing with increasing humidity, WUE showed a moderate positive 
linear relationship with relative humidity (R2 = 0.32), with WUE 

Fig. 8. Relationship between monthly GPP (left axis) and Evapotranspiration (right axis) with monthly accumulation of (a) precipitation, and averages of (b) solar 
radiation, (c) vapor pressure deficit, (d) air temperature, (e) relative humidity, and (f) wind speed for the almond orchard over three years from 2020 to 2022. The 
regression lines in blue represent GPP and the lines in red represent evapotranspiration.
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increasing by approximately 0.03 g C kg− 1H₂O per percentage point 
increase in humidity (Fig. 9e). This pattern is consistent with the 
negative VPD-WUE relationship, as relative humidity and VPD are 
inversely related. The positive relationship suggests that under high 
humidity conditions, the reduction in ET outpaces the reduction in GPP, 
resulting in more efficient water use. Wind speed showed weak positive 
relationships with both GPP (R2 = 0.19) and ET (R2 = 0.05) (Fig. 8f). 
The relationship between wind speed and WUE was also positive but 
weak (R2 = 0.12), with WUE increasing by approximately 0.47 g C 
kg− 1H₂O per m s− 1 increase in wind speed (Fig. 9f). This positive rela
tionship, though weak, suggests that increased air movement may 
enhance carbon uptake more than water loss, potentially by reducing 
boundary layer resistance and improving CO₂ diffusion to photosyn
thetic tissues. The relative importance of environmental variables in 
explaining WUE variation, as assessed by the coefficient of determina
tion (R2), ranked as follows: air temperature (R2 = 0.58), vapor pressure 
deficit (R2 = 0.44), precipitation (R2 = 0.42), solar radiation (R2 =

0.40), relative humidity (R2 = 0.32), and wind speed (R2 = 0.12). This 
ranking highlights the dominant role of temperature in controlling WUE 
in almond orchards, followed by atmospheric water demand (VPD) and 
water availability (precipitation).

4. Discussion

Integrating eddy covariance and remote sensing data has delineated 
distinct water use efficiency (WUE) patterns in almond orchards, 
diverging from those observed in other ecosystems. These patterns arise 
from the trees' complete winter dormancy, early spring flowering under 
potential water deficit, rapid and highly synchronized nut development, 
adaptation to Mediterranean climatic conditions, and intensive man
agement practices including high-density planting, precision fertigation, 

and phenology-based pruning (Álvarez et al., 2020; Esparza et al., 
2001). Elucidating these mechanistic drivers yields critical insights for 
optimizing water management in this economically significant perennial 
agroecosystem. The observed pattern of high WUE during dormancy, 
declining efficiency during bloom and leaf development, minimum ef
ficiency during kernel filling, and recovery during post-harvest differs 
substantially from patterns reported in evergreen systems (Liu et al., 
2017; Wu et al., 2015) and annual crops (Tong et al., 2009). This 
distinctive phenological control can be explained by the resource allo
cation strategy of almond trees (Kandhway et al., 2025).

During dormancy, minimal physiological activity and leafless can
opies result in low absolute fluxes of both carbon and water, but the 
limited photosynthesis from orchard floor vegetation can occur at 
relatively high efficiency due to cool, humid winter conditions (Sperling 
et al., 2025). As trees transition to flowering and leaf development in 
spring, they prioritize reproductive structures and rapid canopy 
expansion, processes that require substantial water investment before 
full photosynthetic capacity is established (Sperling et al., 2025; Trainin 
et al., 2022). This temporal mismatch between water use and carbon 
gain explains the declining WUE during this critical phenological tran
sition. The minimum WUE observed during kernel filling (June–August) 
reflects the high-water requirements for fruit development combined 
with increasing atmospheric demand (Moldero et al., 2021). During this 
period, almond trees maintain high transpiration rates to support car
bohydrate translocation to developing nuts and to regulate canopy 
temperature under hot summer conditions. This physiological prioriti
zation of reproductive development and thermal regulation over water 
conservation represents an evolutionary adaptation to the Mediterra
nean climate and has been reinforced through selective breeding for 
high yield. The post-harvest recovery in WUE indicates a shift in 
resource allocation from fruit production to reserve accumulation and 

Fig. 9. Relationship between monthly average water use efficiency (left axis) with monthly accumulation of (a) precipitation, and averages of (b) solar radiation, (c) 
vapor pressure deficit, (d) air temperature, (e) relative humidity, and (f) wind speed for the almond orchard over three years from 2020 to 2022.

S.R. Peddinti and I. Kisekka                                                                                                                                                                                                                  Science of the Total Environment 990 (2025) 179914 

14 



preparation for dormancy. During this period, trees maintain photo
synthetic activity while gradually reducing transpiration as environ
mental demand decreases and leaf senescence begins (Egea et al., 2010; 
Espadafor et al., 2017). This transition represents a critical period for 
tree health and subsequent year productivity, as carbon reserves accu
mulated during this time support initial growth in the following spring.

The seasonal WUE dynamics in almond orchards differ substantially 
from patterns reported in natural forest ecosystems. In evergreen forests, 
Liu et al. (2017) observed relatively stable WUE throughout the year 
with modest seasonal variations driven primarily by environmental 
conditions rather than phenology. In contrast, our almond orchard 
exhibited pronounced seasonal WUE fluctuations strongly linked to 
phenological transitions, reflecting the deciduous nature of these trees 
and their agricultural management. The environmental responses of 
WUE also showed important differences. While both systems exhibited 
negative relationships between WUE and VPD, the sensitivity to VPD 
was greater in the almond orchard, likely reflecting differences in sto
matal regulation strategies. Natural forests often show more conserva
tive stomatal behavior under high VPD, prioritizing water conservation 
over maximum carbon gain. In contrast, irrigated almond orchards 
maintain higher stomatal conductance under elevated VPD, maximizing 
productivity at the expense of efficiency (Espadafor et al., 2017). 
Compared to annual crops, almond orchards showed both similarities 
and distinctive differences in WUE patterns. Tong et al. (2009) reported 
that irrigated wheat-maize rotation systems exhibited maximum WUE 
during grain filling stages, contrasting with the minimum efficiency we 
observed during almond kernel development. This difference likely re
flects the contrasting resource allocation strategies of annual and 
perennial crops (Chapman et al., 2022). Annual crops maximize effi
ciency during reproductive stages to complete their life cycle within a 
single season, while perennial trees like almonds prioritize long-term 
survival and multi-year reproduction, allowing for periods of lower ef
ficiency when necessary for reproductive success (Lindberg et al., 2020; 
Sperling et al., 2023).

Our findings align with and extend recent research on WUE in tree 
crop systems. Kandhway et al. (2025) conducted a simulation-based 
study in California examining how elevated CO₂ and warming could 
impact water use and phenology in almond and pistachio orchards. 
Their model projected a modest increase in almond WUE under elevated 
CO₂, partially offsetting rising evapotranspiration demands due to 
warming. While their study used process-based modeling, our empirical 
results derived from EC and remote sensing highlight how phenological 
shifts and atmospheric conditions drive seasonal WUE variation in 
mature orchards. The agreement between their projected responses and 
our observed WUE minima during kernel filling underscores the 
importance of both physiological and environmental controls in WUE 
dynamics. Complementing our field-based approach, Álvarez et al. 
(2023) conducted a controlled greenhouse experiment in Spain evalu
ating WUE among four almond cultivars grafted onto the dwarfing 
rootstock ‘Rootpac-20’. They reported significant genotypic variation in 
WUE, with some cultivars showing superior efficiency under uniform 
irrigation. In contrast, our field-based study in California demonstrates 
that even under standardized commercial conditions, seasonal WUE 
patterns are primarily driven by phenology and environmental stressors 
like VPD, rather than cultivar differences. Together, these studies sug
gest that optimizing WUE in almond orchards requires a dual focus on 
both cultivar selection and dynamic, phenology-aware irrigation stra
tegies. The importance of orchard structure and development stage on 
WUE was highlighted by Thorp et al. (2023), who examined WUE in 
young high-density almond orchards in South Australia. Their research 
showed that WUE (measured as liters per gram of kernel yield) remained 
consistent across planting densities when per-tree irrigation volumes 
were matched. Their work emphasizes structural factors such as age, 
spacing, and early growth irrigation strategy. In contrast, our study in 
mature California orchards highlights how WUE varies seasonally due to 
phenological development and environmental demand. The two studies 

together reveal that improving WUE across an orchard's lifespan re
quires stage-specific strategies—structural and developmental consid
erations during establishment and phenological, environmental 
alignment in mature phases.

Comparisons with other tree crop systems provide additional context 
for our findings. Peddinti et al. (2020) reported that citrus orchards in 
India exhibited maximum WUE during the cool, dry season and mini
mum efficiency during the hot, humid monsoon period. While this 
seasonal pattern superficially resembles our observations in almonds, 
the underlying mechanisms differ. In citrus, the seasonal WUE pattern 
was driven primarily by environmental conditions, with high humidity 
during monsoon reducing the atmospheric demand gradient for tran
spiration. In contrast, almond WUE dynamics were strongly influenced 
by phenological transitions, reflecting the deciduous nature of these 
trees compared to evergreen citrus. This distinction highlights the 
importance of considering both environmental and phenological factors 
when developing water management strategies for different orchard 
systems. Irrigation management approaches also significantly impact 
WUE in tree crops, as demonstrated by Stagno et al. (2024) who eval
uated the impact of three deficit irrigation strategies such as SSDI, RDI, 
and PRD on WUE in orange orchards in Sicily, Italy. All treatments 
improved WUE without reducing fruit yield, with PRD saving up to 49 % 
of irrigation water. While their study focuses on evergreen citrus and 
irrigation methods, our findings in deciduous almond orchards highlight 
phenological controls on WUE, especially the post-harvest recovery 
period, which aligns conceptually with their observed nutrient alloca
tion benefits under PRD. These parallels reinforce the importance of 
both physiological timing and irrigation strategy in optimizing WUE 
across diverse woody crops.

The relationship between irrigation levels and WUE has been 
explored in various tree crop systems. da Silva et al. (2009) quantified 
mango orchard WUE under four irrigation levels in semiarid north
eastern Brazil, showing maximum WUE at 70 % and 80 % of ETo. Their 
results confirmed that moderate water deficits can enhance WUE, 
consistent with deficit irrigation studies in Mediterranean climates. 
Unlike their empirical water balance approach focusing on applied 
irrigation, our eddy covariance–based method quantifies seasonal WUE 
dynamics as influenced by phenology and atmospheric demand, offering 
complementary insights on optimizing productivity under water-limited 
conditions. Similarly, Tejero et al. (2011) compared sustained, regu
lated, and low-frequency deficit irrigation strategies in citrus orchards in 
southwestern Spain and found that all improved agricultural and 
financial WUE without yield penalties. Their use of stem water potential 
to guide irrigation aligns with the physiological underpinnings of our 
almond WUE patterns, particularly in periods of reproductive stress. 
While their work emphasizes irrigation scheduling, our study contrib
utes a complementary phenology-based framework for WUE optimiza
tion in deciduous systems under Mediterranean climates.

Broader perspectives on WUE improvement strategies provide 
valuable context for our findings. Cooper et al. (1987) reviewed WUE 
improvement strategies for annual crops under rainfed systems in West 
Asia and North Africa. They identified three mechanistic pathways to 
increase WUE improving transpiration efficiency, maximizing transpi
ration over evaporation, and extending the effective growing season. 
While focused on annual cereals and legumes, their principles translate 
to our almond findings: particularly the importance of managing periods 
of low photosynthetic return (e.g., early leaf-out, post-harvest) to avoid 
WUE inefficiencies. Our data affirm the significance of synchronizing 
carbon gain with water use, even in irrigated perennial systems. The 
advantages of perennial systems for WUE were demonstrated by Zeri 
et al. (2013), who used eddy covariance to compare WUE across 
perennial and annual bioenergy crops in central Illinois. They showed 
that perennial crops like Miscanthus had higher ecosystem WUE than 
maize-soy rotations. Their results support our findings that perennial 
systems with extended growing seasons and efficient canopy develop
ment can sustain higher WUE when phenology and carbon allocation are 
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favorably aligned. The importance of crop specific WUE assessments 
was emphasized by Katerji et al. (2008), who reviewed WUE data for 16 
crops across the Mediterranean basin and identified wide variability due 
to water regime, crop type, and environmental stress. They stressed the 
lack of data for fruit trees and emphasized the need for crop-specific, 
phenology-sensitive WUE assessments. Our study directly addresses 
this knowledge gap by offering detailed WUE patterns for almonds 
across developmental stages, supporting their call for precision in 
Mediterranean WUE research, especially in high-value perennial 
systems.

These findings underscore the importance of phenological moni
toring in water management strategies. As climate change alters the 
timing and intensity of environmental stressors, almond orchards may 
require adaptive irrigation scheduling tailored to dynamic WUE pat
terns. Integrating EC and remote sensing approaches offers a scalable 
pathway to enhance irrigation efficiency, particularly during pheno
logically sensitive periods such as flowering and post-harvest reserve 
accumulation. By understanding the mechanistic basis of seasonal WUE 
variations, growers can develop targeted irrigation strategies that opti
mize water use while maintaining productivity and orchard health in 
this economically important perennial crop system. Building on these 
insights, future research should investigate long-term climate vari
ability, spatial environmental gradients, management practices, genetic 
diversity among almond varieties, and contrasting resource allocation 
strategies between annual and perennial crops collectively influence 
seasonal and interannual dynamics of water-use efficiency and pro
ductivity, using integrated models that combine process-based simula
tions with remote sensing data.

5. Conclusions

This study underscores the importance of water use efficiency (WUE) 
as a pivotal ecological indicator for perennial orchard systems in water- 
limited environments. The integration of eddy covariance measure
ments with remote sensing provides a robust framework for jointly 
assessing orchard productivity and water consumption, offering valu
able insights to support sustainable resource management in perennial 
agroecosystems. The multiscale framework applied in this study, which 
combines ground-based eddy covariance flux observations with 
satellite-derived estimates, offers robust spatial and temporal insights 
into crop carbon and water dynamics. This approach enables growers, 
researchers, and policymakers to refine irrigation management, enhance 
site-specific decision-making, and strengthen the resilience of high- 
value specialty crops amid ongoing water scarcity due to regulations 
or changing climate. Future research can build on these methods by 
incorporating a wider range of environmental gradients and varietal 
responses, broadening the application of WUE as an indicator of 
resource use efficiency and sustainability in orchard systems globally.
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