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Abstract 

Evapotranspiration (ET), a key component of the terrestrial water and energy cycles, is essential 
for understanding ecosystem productivity, agricultural water use, and vegetation health. While 
traditional ground-based methods offer direct ET measurements, they are limited in spatial 15 
coverage and scalability. Two Source Energy Balance (TSEB) based satellite remote sensing ET 
retrieval algorithms have emerged as a powerful tool for estimating ET across diverse 
landscapes, providing robust field-to-regional ET estimates. With increasing needs for field-scale 
ET data for applications in agriculture, forest and water resources management, traditional ET 
computing relying on local servers is challenged for data storage and computing capability. The 20 
integration of ET models into the cloud-based platform via Google Earth Engine (GEE) enables 
scalable, high-resolution ET data production and delivery to stakeholders. This paper presents 
the cloud implementation of Disaggregation of the Atmosphere Land Exchange Inverse model 
(DisALEXI) on GEE, detailing technical enhancements, model evaluation across biomes and 
climate zones, and comparison with water balance estimated ET at basin-scale. Among all the 25 
land cover types assessed, GEE-DisALEXI consistently exhibited the best performance in 
croplands across all time scales, particularly during the growing season, where the model 
achieves a MAE of 16.8% at monthly timesteps. The annual bias of DisALEXI ET comparing 
with water balance estimated ET at Hydrologic Unit Code (HUC) 08 basins is -0.36%. An 
anomaly of the ratio between ET and reference ET is calculated at regional scale and is 30 
compared with US. Drought Monitor data to explore the capability of using ET metrics for 
drought monitoring over different climate zones. The ET metric shows good correlation with 
U.S. Drought Monitor drought signal and is the strongest over humid areas. We also discuss 
current limitations and future directions for improving GEE-DisALEXI, including opportunities 
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for enhanced forcing data and parameterization, to advance cloud-based ET modeling for water 35 
and agriculture management. 
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1. Introduction 40 

Evapotranspiration (ET), the combined process of soil evaporation and plant transpiration, plays 
a central role in the terrestrial water and energy cycles (Anderson et al., 2012; Yang et al., 2023). 
Because the process of ET takes tremendous energy to convert liquid water into vapor, it 
contributes to the Earth’s surface energy redistribution (Brutsaert, 2008). ET directly influences 
weather and climate patterns and is a key determinant in understanding ecosystem productivity 45 
(Xiao et al., 2021), agricultural water use (Gowda et al., 2008) and vegetation health (Yang et al., 
2021). As such, field-scale ET information at regional scale is fundamental for applications 
ranging from precision agriculture (Aragon et al., 2018; Kustas et al., 2022) to forest 
management (Isaacson et al., 2023; Yang et al., 2017a). Particularly in water-limited regions, ET 
serves as a critical indicator of water stress, making it an essential variable for supporting 50 
agriculture and water resource management (Melton et al., 2021). ET can also provide critical 
early warning signals regarding declining vegetation health and stress onset, which can be 
important for agriculture and forest management (Anderson et al., 2016; Otkin et al., 2014; Yang 
et al., 2021). 

Traditionally, ET measurements have relied on ground-based methods such as sap flow sensor, 55 
lysimeters and eddy covariance systems providing plant-based to footprint-scale (100–1000 m, 
depending on tower height) measurements. While these methods offer high accuracy, they are 
often time and labor consuming and limited in spatial coverage and scalability. In response to 
these limitations, satellite remote sensing provides sub-field-to-regional observations for scalable 
ET estimation, offering unique insights into the spatial variability and temporal dynamics of 60 
water use across diverse landscapes globally (Anderson et al., 2024; Wulder et al., 2022). Widely 
used satellite-retrieval ET methods can be generally grouped into energy balance-based 
algorithms (Allen et al., 2007; Kustas and Norman, 2000; Laipelt et al., 2021), Penman-Monteith 
based methods (Monteith, 1965; Zheng et al., 2022), Priestley-Taylor based methods (Fisher et 
al., 2008), and reflectance-based methods (Melton et al., 2012). With increases in computational 65 
power and access to cloud computing, purely data-driven ET models are emerging (Agrawal et 
al., 2022). Among the various satellite-based ET retrieval methods, the energy balance-based 
algorithms, such as the Two Source Energy Balance (TSEB) model ( Norman et al., 1995; Kustas 
and Norman, 2000; Anderson et al., 2024), have been widely used for ET retrieval. Unlike 
single-source energy balance models, TSEB partitions the incoming radiometric energy into soil 70 
and vegetation components, providing estimates of E and T separately. The Atmosphere-Land 
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Exchange Inverse (ALEXI) and associated spatial disaggregated method, DisALEXI, provide 
field-to-global ET estimation based on the TSEB partitioning scheme (Anderson et al., 2004a, 
1997). Using Landsat thermal and optical observations as the key inputs, DisALEXI downscales 
regional ALEXI ET maps to 30-m spatial resolution on the Landsat overpass days. Several 75 
studies have used ALEXI/DisALEXI for various applications over different land cover types and 
climate zones, including irrigation scheduling, yield prediction, forest management and 
disturbance monitoring, and assessing drought impacts on ecosystems (Knipper et al., 2019; Liu 
et al., 2025; Yang et al., 2018, 2021; Yang et al., 2021).  

Despite these advancements, challenges remain in making satellite-based ET data accessible, and 80 
operational for stakeholders such as water managers, policymakers, and growers, especially at 
regional scales where data production is limited by computational capability. The growing 
demand for scientifically credible field-scale ET estimates that are easy to use has spurred the 
development of cloud-computing platforms. One such initiative is OpenET, a collaborative effort 
among the remote sensing ET community that aims to provide open, accurate, and easy-to-access 85 
ET products through a web-based platform (Melton et al., 2021).  OpenET hosts six ET models, 
including DisALEXI (Anderson et al., 2004), eeMETRIC (Allen et al., 2007), PT-JPL (Fisher et 
al., 2008), geeSEBAL (Laipelt et al., 2021), SSEBop (Senay et al., 2023) and SIMS (Melton et 
al., 2012), which are used to generate model-specific and ensemble 30-meter, daily, monthly, and 
annual ET estimates across the Western United States. Built on Google Earth Engine (GEE) 90 
(Gorelick et al., 2017), OpenET leverages cloud computing and satellite data archives to 
operationally produce ET data with high spatial and temporal resolution that are suitable for 
field-scale applications. Data produced from OpenET can be accessed directly from GEE, 
through the OpenET website, and through the OpenET application programming interface (API). 
OpenET data have been evaluated at ~150 eddy covariance stations in a variety of land cover 95 
types at multiple time scales (Volk et al., 2024). Many applications are already actively using 
OpenET data, including vineyard irrigation management (Knipper et al., 2024), water 
conservation programs (Wobus et al., 2024), and monitoring forest recovery after wildfire 
(Ahmad et al., 2024).  

DisALEXI was integrated into GEE through this effort as one of the six ensemble ET models. 100 
Due to the multi-scale nature of ALEXI/DisALEXI, it is unique in comparison with the other 
OpenET models in many aspects including model structure, GEE integration and interpolation 
from ET on overpass days to daily and longer time steps. In this paper, we focus on the cloud-
based implementation of the DisALEXI model on GEE, aiming to provide a thorough overview 
of the cloud-based model structure and evaluation of model results, showcase potential 105 
applications of GEE-DisALEXI, and discuss remaining challenges and future improvements. 
While there are papers focusing on OpenET as a whole (Melton et al., 2021; Volk et al., 2024), 
our study can contribute to a deeper understanding of GEE-DisALEXI data and build a baseline 
for future evolution of the GEE version of the DisALEXI model. The objectives of this paper are 
threefold: (1) to describe the technical modifications and enhancements made to DisALEXI for 110 
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integration into the cloud computing environment on GEE, (2) to evaluate the model’s 
performance against ground observations across multiple biomes and climate zones, and (3) to 
demonstrate the practical utility of GEE-DisALEXI ET products for drought monitoring and 
other potential applications in agricultural, forest and water management contexts. Through this 
paper, we aim to inform both the scientific community and end-users about the design, 115 
capabilities, and future directions of GEE-DisALEXI.  

2. Methodology and Data 
 
This section begins with an overview of the GEE-DisALEXI algorithm, followed by a 
description of its implementation and model structure within the GEE platform. The key input 120 
variables required by GEE-DisALEXI, along with ancillary datasets used for model evaluation, 
are described subsequently.  
 
2.1. GEE-DisALEXI Model  

GEE-DisALEXI uses a TSEB land-surface representation that is consistent with previous 125 
published DisALEXI studies. A brief description of the model is included in the following sub-
sections, while additional details about the multi-scale ALEXI/DisALEXI modeling approach are 
provided by Anderson et al. (1997, 2004b). 

2.1.1. TSEB 

The TSEB model (Kustas and Norman, 2000; Norman et al., 1995) forms the foundational 130 
framework of the ALEXI/DisALEXI modeling system and is based on principles of surface 
energy balance applied to both the canopy (subscript ‘c’) and soil (subscript ‘s’) components of 
the model pixel:  

𝑅𝑛! + 𝑅𝑛" = (𝐻! + 𝐻") + (𝐿𝐸# + 𝐿𝐸") − 𝐺                  (1) 

where Rn is net radiation, H is sensible heat, lE is latent heat, and G is the soil heat flux. The 135 
bulk directional surface radiometric temperature (TRAD) is also partitioned between soil and 
canopy components using Eq. 2. 

𝑇$%&(𝜃) = [𝑓'𝑇"( + (1 − 𝑓')𝑇!(]
!
" (2) 

Here, 𝑇" and 𝑇! are canopy and soil temperatures, respectively, and 𝑓'is the apparent fractional 
vegetation cover at sensor view angle 𝜃, parameterized using vegetation index and a view angle-140 
dependent clumping index using Eq. 3.  

𝑓(𝜃) = 1 − exp	()*.,-(')0%1
234(')

)      (3) 

where LAI is the leaf area index derived from Landsat data (more details in section 2.2) and W(q) 
is a clumping factor dependent on the vegetation class (Anderson et al., 2005).  Tc and Ts 
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constrain the sensible heat, net radiation fluxes, and soil heat in (1), while soil latent heat is 145 
computed as a residual to Eq 1.  An iterative solution is employed to capture canopy stress 
conditions, decrementing LEc from a potential unstressed rate if LEs is negative under the 
assumption that soil evaporation around local noon is unlikely to fall below zero. 

 

Figure 1. Structure of ALEXI/DisALEXI model. The DisALEXI process disaggregates coarse-150 
scale (4km resolution over CONUS) ALEXI data to finer spatial resolution. Ta is air temperature. 
Ra, Rsoil and Rx are aerodynamic resistance, soil resistance, and canopy resistance, respectively. 
ABL represents the atmospheric boundary layer model providing closure to the regional ALEXI 
model.  

2.1.2. ALEXI 155 

As shown in Fig. 1, ALEXI model integrates TSEB with a simplified atmospheric boundary 
layer (ABL) model to estimate regional ET at a spatial resolution of approximately 4–5 km at 
daily time-step (Anderson et al., 2007b). Over the Conterminous United States (CONUS), 
ALEXI utilizes land surface temperature (LST) inputs from geostationary satellite observations 
(GOES) and LAI derived from MODIS or VIIRS standard products. The GOES-East and -West 160 
Imager instruments provide 11um brightness temperature observations that are used to generate 
TRAD inputs to ALEXI (Hain et al., 2015). The model specifically uses time-differential 
measurements of TRAD acquired during the period of morning ABL rise (at approximately 1.5h 
after local sunrise and 1.0h before local noon), which helps reduce sensitivity to potential biases 
in the absolute LST values, thereby enhancing the robustness and stability of ET retrievals. Gaps 165 
caused by cloud cover are filled using the technique described by Sun et al. (Sun et al., 2017). 
This technique applies Savitzky-Golay filter to smooth and gap-fill timeseries of ET normalized 
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by solar radiation. Daily ET is then recovered by multiplying the gapfilled timeseries with daily 
insolation. 

2.1.3. DisALEXI 170 

DisALEXI was designed to downscale ALEXI-derived ET from the coarse (4–5 km) resolution 
of geostationary satellites to finer spatial scales by incorporating higher-resolution satellite 
observations, such as those from MODIS, VIIRS, Landsat, and ECOSTRESS (Anderson et al., 
2020; Anderson et al., 2004; Yang et al., 2017a). LST and LAI for TSEB are from these higher 
spatial resolution satellite observations, while the meteorological inputs are the same as inputs of 175 
ALEXI to keep consistency between the two steps. The upper boundary layer air temperature to 
DisALEXI, Ta in Fig.1, is estimated through an iterative process. The disaggregated ET at fine 
resolution is spatially aggregated and compared with the original coarse-resolution ALEXI ET. 
Through the iterative process, Ta is adjusted until convergence is achieved, ensuring consistency 
between the fine- and coarse-scale ET estimates. 180 

2.2. Implementation of DisALEXI in GEE 

The original offline version of DisALEXI provides the baseline for the implementation in GEE 
(Yang et al., 2022). While the offline version uses a mix of multiple computer languages, 
including C, Fortran and IDL, the GEE version uses Python. The languages and platform 
differences in GEE necessitated several modifications to the original version of DisALEXI code, 185 
which are described in the following sections. 

2.2.1. GEE-DisALEXI Technical Architecture  

The cloud-based implementation of the DisALEXI model on GEE is organized to support large-
scale, automated ET retrievals using Landsat Collection 2 Level 2 surface temperature and 
reflectance as the key inputs. The processing pipeline is modular, allowing for extensibility, 190 
efficient scaling and easy modification to accept potentially different inputs (Fig. 2). In addition, 
the iterative modification of air temperature used to achieve ALEXI convergence in the off-line 
version of DisALEXI is replaced with a series testing of an incremental air temperature series. 
This is implemented to improve efficiency, as GEE iteration is consumptive of compute 
resources. 195 

The core structure is built around a “disalexi” module, which integrates inputs, parameterization, 
and execution of the DisALEXI algorithm. The implementation begins with the preprocessing of 
the Landsat Collection 2 surface reflectance and surface temperature products on GEE. Cloud, 
snow, and water masking are applied based on pixel quality attributes, and scenes with less than 
70% cloud are used for further model processing. Surface albedo data are derived from 200 
reflectance bands following the algorithm in Liang et al. (Liang, 2001). The LAI and LST 
sharpening (DMS) preprocessing modules are required before running the “disalexi” module. 
This module includes optimal air temperature selection over each ALEXI pixel area within the 
DisALEXI modeling domain. These key steps are described below. 
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 205 

 

Figure 2. Flow chart of GEE-DisALEXI. Grey color boxes are data from Landsat used to prepare 
inputs for DisALEXI. The inputs are fed into the TSEB model to estimate instantaneous ET at 
30-m spatial resolution, which is further upscaled to 24hr ET (ETd) using insolation. This field is 
compared with the baseline ALEXI ETd at the 4-km pixel level and used to refine the air 210 
temperature inputs in two rounds, as described further in the text. 

30-m LAI Module 
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 LAI is calculated at 30-m resolution using the reference-based algorithm based on Gao et 
al.(2012a) and follows the detailed method in Kang et al. (2021). First, a training dataset was 
created by linking Landsat surface reflectance (SR) data aggregated to 500-m with co-located 215 
MODIS LAI 500-m data and land cover information. Random forest models were trained on 
these 500-m SR-LAI pairs, and then applied to the SR data at native resolution in GEE to 
generate 30-m LAI. The resulting sub-field-scale LAI estimates demonstrate strong performance 
across tested National Ecological Observatory Network (NEON) sites. This LAI calculation is a 
separate module, executed as one of the preprocessing steps.  220 

30-m LST Module 

LST products from the Landsat suite of satellites have native spatial resolution ranging from 60 
m (Landsat 7) to 120 m (Landsat 5), with the most recent platforms (Landsats 8 and 9) carrying 
thermal sensors with nominal 100 m resolution. The LST sharpening module is employed to 
sharpen LST products these various platforms from their native resolution to consistent 30-m 225 
spatial resolution using the Data Mining Sharpener (DMS) method described by Gao et 
al.(2012a). The DMS algorithm implemented on GEE builds scene-based random forest models 
between LST and Landsat visible and shortwave infrared (VSWIR) bands, aggregated to the 
coarser resolution. Sample selection strategy follows the original DMS algorithm, identifying 
relatively homogeneous coarse-scale pixels with low covariation in 30-m reflectance. Both a 230 
global model, developed over the entire Landsat scene, and a local model defined within a 
moving-window kernel are built and fused together according to residual agreement. Energy 
conservation is enforced at the end of the sharpening process to make sure thermal energy is 
conserved at the coarse native thermal resolution. More details about LST sharpening and DMS 
can be found in Gao et al. (2012a) and Liu et al., (Liu et al., 2026).   235 

DisALEXI Module 

The core component of the DisALEXI module executes the TSEB at each 30-m pixel within the 
target Landsat scene that has valid inputs. Execution is limited to scenes with less than 70% 
cloud cover. For clear pixels, instantaneous ET at the time of the Landsat overpass is upscaled to 
24hr ET (ETd) using daily solar radiation by preserving the ratio between instantaneous latent 240 
heat flux and solar radiation.  

To replicate the iterative process in the offline version of DisALEXI used to define the air 
temperature boundary condition for the TSEB model, the GEE-based implementation of 
DisALEXI adopts a hierarchical framework to enhance computational efficiency. This structure 
avoids the inefficiency of the expensive iteration processes on GEE. The workflow consists of 245 
three primary steps to generate the final ET product. First, DisALEXI is executed using a 
sequence of 11 different air temperature maps, centered around the air temperature from the 
North American Land Data Assimilation System (NLDAS) and incremented/decremented in 5 
steps of 10 K each. This produces a set of 11 ETd maps (with cloud gaps) at 30-m resolution. 
The next step estimates the bias over each 4-km ALEXI pixel area between the aggregated fine-250 
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resolution ET and the ALEXI ET at that pixel. The air temperature that produces the least bias in 
each ALEXI pixel is selected to create an input map for a finer search in the second step. Here, 
11 additional simulations are run using ±1 K increments around the output air temperature map 
from the 10-K step. Again, the temperature minimizing bias in DisALEXI-ALEXI ETd is 
selected at each ALEXI pixel to create a final air temperature field. This temperature field is 255 
spatially smoothed before running TSEB one final time to avoid boxy artifacts at the 4-km scale.  

This process of enforcing match between DisALEXI and ALEXI at the 4-km helps to minimize 
platform-related inconsistencies across various Landsat sensors. To generate daily ET time series 
from the overpass day ET, the ratio of Landsat ETd to daily insolation on Landsat days is 
interpolated in time, and this interpolated ratio is multiplied by daily insolation to produce 260 
continuous daily estimates. These daily ET values are then aggregated in time to generate multi-
temporal composites (e.g., weekly, monthly, annual ET). 

This architecture used in GEE-DisALEXI leverages the distributed computation capabilities of 
GEE to support larger-scale ET generation at high spatial resolution, while remaining modular 
enough for future integration of additional sensors or algorithm enhancements.  265 

2.2.2. Key inputs for GEE-DisALEXI 

Key inputs for GEE-DisALEXI include LST, LAI, albedo, ALEXI ET, land cover type, and 
meteorological data. ALEXI 4-km data are produced at NASA Marshall Space Flight Center 
using GOES LST and meteorological inputs from CFSR (Dee et al., 2014).  Both ALEXI data 
and CFSR data, including air temperature, wind speed, vapor pressure and air pressure at 3-hour 270 
temporal resolution are ingested into GEE every day at a predefined time. The ingest time can be 
modified to daily time step to support the near real time efforts (Yang et al., 2024). The land 
cover data are from National Land Cover Database (NLCD), which is used to define surface 
roughness and leaf optical properties for different vegetation types. Landsat atmospherically 
corrected surface reflectance and LST data (native resolution) are from the Landsat Collection 2 275 
Level 2 products; and LAI and sharpened LST are produced from Landsat Collection 2 data 
using the methods described in section 2.2.1.  

2.3.Dataset for Model Evaluation 

At the time of writing, GEE-DisALEXI data were available over the western states from 2016 to 
2022. To better understand GEE-DisALEXI performance over different vegetation types and 280 
climate zones, multiple datasets were used in the assessment presented here. These datasets 
include flux tower measurements, water balance ET estimates, and drought severity data from 
the U.S. Drought Monitor (USDM) to test DisALEXI response to regional water stress. Flux 
tower data are compared with DisALEXI timeseries extracted within the tower footprint, while 
the water balance analysis considering precipitation and U.S. Geological Survey (USGS) gauge 285 
station observations was applied at watershed HUC08 scale for regional evaluation. Details are 
included in the following sub-sections. 
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2.3.1. Flux Tower Observations 

We utilized eddy flux tower observations from the dataset published by Volk et al.( 2023) which 
provides benchmark ET observations derived mainly from eddy covariance systems distributed 290 
across CONUS. All data underwent standardized post-processing including gap-filling, temporal 
aggregation and energy balance closure correction. An energy balance ratio closure method 
((LE+H)/(Rn-G)) was used to adjust both LE and H to maintain the ratio as one over 15-day 
windows. The energy balance closure correction method that was applied follows the 
FLUXNET2015 approach, however limits were added to exclude very large (more than doubling 295 
or less halving) adjustments to daily ET estimates (Pastorello et al., 2020; Volk et al., 2023). 
More details about the process and the eddy flux tower ET dataset can be found in Volk et al. 
(Volk et al., 2024). Fig. 3 shows the locations of the flux towers used in different climate zones 
over the CONUS, as well as the elevation ranges for towers in six different key vegetation types. 
A detailed list of the flux towers is provided as supplement in Table A2. To extract GEE-300 
DisALEXI pixels around the observation sites for comparison, we used the methods adopted by 
Volk et al. (2023) for the full OpenET ensemble evaluation. This method involved using a 
temporally dynamic footprint model (Kljun et al., 2015) for sites with sufficient data or static 
grid footprints (e.g., 7´7 Landsat pixels). These nominal extraction sites were sometimes slightly 
shifted to consider predominant fetch area and land cover while still maintaining the flux tower 305 
within the grid.  
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Fig. 3 Locations and dominant vegetation type associated with ground observations used in the 
evaluation, overlaid on Köppen-Geiger climate zones. 

 310 
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Fig. 4 Box plots of describing range of elevation at ground observation sites used in the model 
evaluation, separated by vegetation type. 

 
2.3.2. Land Cover Type and Climate Zones 

To characterize land surface conditions at the evaluation sites, we used land cover information 315 
from NLCD, focusing on dominant classes including cropland, evergreen forest, grassland, 
mixed forest, shrubland, and wetland. Climate classification was based on the Köppen-Geiger 
system, emphasizing five representative climate zones across the CONUS. These climate zone 
abbreviations are Bsk + Bsh for code and hot semi-arid steppe, Bwh + Bwk for hot and cold 
desert, Cfa for humid subtropical, Csa + Csb for hot and warm summer Mediterranean, and Dfa 320 
+ Dfb for hot and warm summer humid continental.  

2.3.3. Drought Condition Data 

The U.S. Drought Monitor (USDM) provides weekly drought condition maps that classify 
drought severity across the United States and its territories. The USDM is jointly produced by 
the National Drought Mitigation Center (NDMC), the National Oceanic and Atmospheric 325 
Administration (NOAA), and the U.S. Department of Agriculture (USDA), utilizing a 
convergence of evidence approach that integrates multiple indicators including temperature, 
evaporative demand, precipitation, vegetation health, streamflow, soil moisture, reservoir levels, 
and observed impact. These factors are combined with expert assessment to assign drought 
severity classifications (Svoboda et al., 2015). The USDM defines six categories: normal 330 
conditions, abnormally dry (D0), and four escalating drought severity levels: moderate (D1), 
severe (D2), extreme (D3), and exceptional drought (D4).  

In this study, we evaluated response of DisALEXI ET for different vegetation types to drought 
conditions reported in the USDM over the western US (consistent with DisALEXI coverage) 
from 2001 to 2025. To quantify regional drought severity, we computed the Drought Severity 335 
and Coverage Index (DSCI, ranging from 0 to 500) following Eq. 4 as recommended on USDM 
website, to create a single composite metric for each vegetation time. The DSCI is calculated as a 
weighted sum of the percentage area affected by each drought level over vegetation type area 
represented in the NLCD dataset:  

𝐷𝑆𝐶𝐼 = 1(𝐷0) + 2(𝐷1) + 3(𝐷2) + 4(𝐷3) + 5(𝐷4)                  (4) 340 

where D0 through D4 represent the proportion of area classified under each respective drought 
severity level. DSCI timeseries were generated for different climate zones and compared with 
average DisALEXI ET extracted for each climate zone. 

2.3.4. Water-balance ET 

To evaluate GEE-DisALEXI ET over regional scale from a water-balance perspective, we 345 
employed a basin-scale approach using observed streamflow from USGS and precipitation data. 
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Streamflow records were obtained from USGS gauge stations and precipitation inputs were 
derived from the PRISM dataset (Daly et al., 1994), which offers gridded daily precipitation 
estimates at 4 km spatial resolution, incorporating station observations and accounting for 
orographic effects. For each CONUS HUC08 basin used in the evaluation, total precipitation and 350 
streamflow were aggregated to assess temporal relationship and consistency with DisALEXI ET 
estimates at monthly and seasonal time steps.  

Following Senay et al. (2022), we applied a series of thresholds to identify appropriate 
watersheds to be included in the study. We first filtered out the watersheds with mean elevation 
larger than 2000 m and standard deviation in elevation larger than 250 m (strong topographic 355 
variability). Basins with annual run off larger than 40% precipitation were also removed from the 
analysis to filter out basins with sparse vegetation. Basins with ET exceeding precipitation with 
10% tolerance (ET > 1.1 P) were excluded to avoid physically implausible water balance 
conditions. In the remaining basins, water-balance ET (WBET) was computed as the difference 
between precipitation and runoff. We then compared WBET with reference ET and precipitation 360 
and further filtered out basins where WBET exceeds either reference ET or precipitation at the 
annual timestep. This water balance framework enables cross-validation of ET dynamics against 
independent hydrologic observations and enhances understanding of land-atmosphere water 
exchanges under varying climate and land cover conditions. 

2.4 Methods for Model Evaluation 365 

To evaluate the performance of GEE-DisALEXI, we employed multiple methods ranging from 
time series statistics to spatial pattern analysis. The 30-m ET results on overpass days and at a 
monthly and growing season time step were compared with ground observations mainly from 
eddy covariance flux towers across the CONUS. All statistics were calculated on a site-by-site 
basis pairing modeled with observed ET. The resulting statistical metrics have been organized by 370 
general vegetation types (6) and by climate zones (5). Spatial pattern analysis was employed to 
compare WBET with GEE-DisALEXI ET regionally. The response of ET metrics to drought was 
analyzed by climate zones at the annual and monthly timesteps. Statistical metrics include R2, 
slope, Mean Bias Error (MBE), Mean Absolute Error (MAE), Root Mean Square Error (RMSE). 

3. Results 375 

The GEE-DisALEXI ET results on Landsat overpass dates and aggregated monthly ET were 
evaluated in comparison with ground observations from flux towers and lysimeters for various 
climate regions and different vegetation types. While Volk et al. 2024 evaluated all the six 
models and the ensemble values of OpenET, this study takes a more detailed look at the 
performance of GEE-DisALEXI.  380 

 
3.1. Evaluation of ET results on Landsat Overpass Dates 
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Over the 2016 to 2022 study period considered, there were a total of 11723 Landsat scenes 
collected over the113 flux sites. Comparing tower ET (with corrections described in Sec. 2.3.1; 
ET_corr) on these overpass days with model ET estimates extracted in each tower footprint, the 385 
MBE is -0.00 mm d-1, the MAE is 0.86 mm d-1, and the RMSE is 1.02 mm d-1. In terms of the 
tower fluxes themselves, the average observed ET is 2.40 mm d-1 and 2.10 mm d-1 with and 
without closure correction, respectively. Statistical evaluation was further partitioned between 
seasons to better understand changes in model performance over the course of a year. Fig. 5 
shows the seasonal box plot of RMSE, MAE and MBE values as well as the average corrected 390 
observed ET (ET_corr) for four seasons: December, January, and February as Winter (DJF); 
March, April, and May as Spring (MAM); June, July, and August as Summer (JJA); and 
September, October, and November as Fall (SON). MAE and RMSE follow a similar seasonal 
pattern as observed ET, peaking in the summer months, while MBE is more consistent 
throughout the year. Among the seasons, MAM has the largest number of outliers, which 395 
suggests higher biases over the spring comparing with ground observations. 

 

Figure 5. Statistical metrics comparing GEE-DisALEXI ETd on overpass days with closure-
corrected flux tower observations (ET_corr) by seasons. 

3.2. Evaluation of ET Results by Vegetation Types and Climate Zones 400 

The radar plots and bar charts in Fig. 6 provide a comparative evaluation of model performance 
across six land cover types (grasslands, evergreen forests, croplands, wetlands, shrublands, and 
mixed forests) at overpass day, monthly, and growing season time steps. Key performance 
metrics include R², slope, MAE, MBE, and RMSE (Table A1). Among these land cover types, 
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croplands consistently exhibit the best performance across all time scales, particularly during the 405 
growing season, where the model achieves a RMSE of 12.4%. In contrast, wetlands show the 
greatest uncertainty, especially at longer timescales. Evergreen forests also show a relatively low 
performance, but is better over growing season timescale. As shown in Fig. 1 that evergreen 
forest and shrubland flux tower sites have the highest average elevation, which shows the 
potential relationship between biases and elevation and indicates future work is needed on 410 
improving ET over complex terrains. 

Temporal aggregation significantly improves model accuracy, with growing season averages 
outperforming daily and monthly estimates across most land covers and metrics. This trend 
suggests that smoothing over longer time periods helps reduce variability and noise, especially in 
complex ecosystems like forests. For example, Evergreen Forests show a reduction in RMSE 415 
from 79.30% (Daily) to 31.72% (Growing Season) and a drop in MAE from 62.10% to 37.26%. 
However, wetlands errors stand out as not dropping as much, particularly at the growing season 
scale, which suggests persistent bias. 

 

Figure 6. Performance of GEE-DisALEXI at overpass day (a1), monthly (a2) and growing 420 
season (a3) time steps for the six major vegetation types. Figure (b1) and (b2) show the R2 and 
slope for each vegetation types, respectively. 

 

Overpass
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Figure 7. Bar chart of the error metrics for monthly GEE-DisALEXI and OpenET-ensemble over 425 
different climate zones. Bars with cross-hatching represent error metrics associated with the 
ensemble value. The line represents the average observed monthly ET over each of the climate 
zones. 

Fig. 7 evaluates model performance in estimating monthly ET across five Köppen climate zone 
groupings using three error metrics: MBE, MAE, and RMSE, all expressed in millimeters per 430 
month. Error metrics for OpenET-ensemble results are also shown in Fig. 6 as a reference. 
Overall, the performance of GEE-DisALEXI shows a similar trend and relatively higher biases 
comparing with OpenET-ensemble. The model performs best in temperate and humid climates, 
especially in humid continental regions (Dfa + Dfb), where R² reaches 0.90, the slope is 0.93, 
and MAE is relatively low at around 15.68 mm month-1. This region also shows a modest 435 
negative bias (MBE ≈ –7 mm month-1). Mediterranean climates (Csa + Csb) follow closely, with 
R² = 0.87, a near-unity slope, and similarly low error magnitudes. Model performance is 
relatively lower in arid climates. Semi-arid (Bsk + Bsh) and desert (Bwh + Bwk) zones exhibit 
lower R² values between 0.81 and 0.85, underestimation bias (MBE less than –10 mm), and 
MAE values exceeding 21 mm. The humid subtropical zone (Cfa) presents a mixed result: the 440 
slope (1.03) indicates good proportionality, the R² value (0.72) reflecting higher scatter. The 
results demonstrates that the model performs better in humid and temperate climates, while arid 
regions remain more challenging due to their complex surface and atmospheric conditions. 

Across different vegetation types, monthly ET exhibits strong seasonality (Fig. 8). For the flux 
tower observed ET, shrubland and grassland show a larger variation between the closed and 445 
unclosed ET comparing with other vegetation types. Most vegetations types show a single peak 
value in the summer, while both model and observations indicate a double peak in the ET 
phenology curve in grasslands. While the modeled monthly ET from croplands, shrublands, 
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wetlands, and grasslands are mostly inside the range between closed ET plus standard deviation 
and unclosed ET minus standard deviation, modeled monthly ET from evergreen forests and 450 
mixed forests tend to be around the upper boundary. This suggests the overestimation of modeled 
ET for both evergreen forests and mixed forests. Model fluxes in wetlands and shrublands show 
a positive bias in the spring and early summer but match observed fluxes well in the second half 
of the year. 

 455 

Figure 8. Time series of monthly GEE-DisALEXI ET for different vegetation types, comparing 
with flux tower observations and ensemble values. The upper bound represents the average 
closure-corrected observed value plus one standard deviation (ST) among sites while the lower 
bound represents uncorrected ET observations minus one standard deviation. 

 460 

3.2. WBET Evaluation of Spatial Patterns in GEE-DisALEXI ET  

Comparing the spatial pattern of HUC08 ET from WBET, annual GEE-DisALEXI and OpenET-
ensemble ET from 2016 to 2022, all three ET maps show a similar east-to-west gradient, with 
higher ET in the humid south-central U.S. and Pacific Northwest and lower ET in the arid 
interior west (Fig. 9). GEE-DisALEXI and OpenET-ensemble ET are larger than WBET for the 465 
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arid interior west area. The map in Fig. 9 shows differences between WBET and GEE-
DisALEXI, applying the filtering criteria described in Sec. 2.3.4 applied to ensure the WBET 
estimate is not missing critical sources or sinks in the water balance equation.  After filtering, the 
remaining HUC08 watersheds show lower DisALEXI ET relative to WBET in the Mississippi 
Alluvial Plain, whereas higher DisALEXI ET is observed in watersheds across the central U.S.  470 

 

Figure 9. Maps showing the a) WBET, b) GEE-DisALEXI ET, c) OpenET-ensemble ET, and 
d) relative difference between GEE-DisALEXI ET and WBET at HUC08 watersheds. The 
marked HUC08 watersheds in d) are the retained watersheds after applying all the filters.  
 475 
The scatterplots in Fig. 10 compare modeled ET from GEE-DisALEXI (left) and the 
OpenET-ensemble (right) with the water balance ET (WBET, P–Q) across more than 500 
U.S. HUC08 basins, using multi-year averages. Each point represents a HUC08 basin, with 
symbol size indicating cropland fraction and color representing standard deviation of 
elevation. GEE-DisALEXI ET shows a strong correlation (R2 = 0.90) with WBET with a 480 
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slight underestimation of ET in watersheds with higher ET. OpenET-ensemble ET performs 
similarly, with slightly better performance (R2 = 0.94). Both models show higher biases in 
basins with high elevation variability and lower cropland proportions.  

   

 485 

Figure 10. Scatter plots of DisALEXI ET and Ensemble ET vs. WBET for all the filtered HUC08 
watersheds. The size of the points represents crop land ratio in the watershed, with larger points 
corresponding to higher crop land ratios. The color of the points shows the elevation standard 
deviation in the watershed.  

3.4. Relationships Between ET Metrics and Drought 490 

Previous studies have demonstrated responsiveness of ALEXI/DisALEXI ET estimates to 
drought and drought impacts (Anderson et al., 2011, 2013; Anderson and Kustas, 2008; Otkin et 
al., 2018; Yang et al., 2020). The Evaporative Stress Index (ESI) represents anomalies in the ratio 
between ET and reference ET (fRET), often normalized by fRET standard deviation (Anderson 
et al., 2007a).  ESI response has been evaluated at coarse (ALEXI; 4-10km) resolution over 495 
country scales, showing good relationship with crop yield anomalies and indicating value as a 
metric of vegetation health (Yang et al., 2020, 2021b). Analyses to date of ESI at DisALEXI 
resolution (30m) have been confined to small area due to computational constraints, but also 
indicate value for yield prediction (Yang et al., 2018, 2021a) and forest management (Isaacson et 
al., 2023; Yang et al., 2020). 500 

The compute power offered by GEE now enables assessment of DisALEXI ESI at regional 
scales.  Fig. 11 shows the temporal variation and relationship between ESI and DSCI mean 
values from 2000 to 2025 across five Köppen climate classes in the western U.S. In each subplot, 
the ESI (blue) and mean DSCI (green) are plotted as a function of year. While we do not expect 
perfect agreement between these indicators, particularly at these scales, the comparison 505 
demonstrates responsiveness to major regional drought events over the period of record. 
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Relatively strong correlations between ESI and DSCI are observed for the Cfa, Bsk_Bsh and 
Dfa+Dfb climate zones, highlighting the Texas and south-central drought in 2011 (Cfa, Bsk_Bsh) 
and the 2012 flash drought that impacted the Midwest and Corn Belt (Dfa+Dfb). Drought cycles 
on the West Coast (Csa+Csb) are captured, with some mitigation of ET anomalies at the peak of 510 
the mega-drought in 2014-2015, perhaps due to irrigation captured by ESI. Correlations are less 
strong in the arid southwest desert (Bwh+Bwk) where the ET signal is low. 

 

Figure 11. Plot of average ESI and DSCI for different climate zones for 2000-2025.  

4. Discussion 515 
 

4.1. Uniqueness of GEE-DisALEXI among OpenET Models 

From both a model-structure and physical-process perspective, GEE-DisALEXI exhibits distinct 
characteristics among the OpenET models. The GEE-DisALEXI links the coarse-scale ALEXI 
solution with field-scale DisALEXI retrievals and explicitly partitions soil and canopy fluxes. 520 
The nested design constrains fine-resolution flux estimates to be consistent with regional energy 
balance and relies primarily on thermal infrared land surface temperature, in contrast to models 
that depend more heavily on crop coefficients or reference ET scaling.  

Previous assessments have found that the OpenET ensemble generally outperforms individual 
models under many conditions by reducing the impact of model-specific biases and enhancing 525 
robust signals. GEE-DisALEXI ranks near the top of the OpenET models in terms of accuracy 
for the woody perennial cropland flux sites (Volk et al., 2024). In vineyards, the ensemble has 
monthly MAE and RMSE of 13.7 and 16.2 mm month-1 (12.2% and 14.5% of flux ET, R2=0.90), 
while GEE-DisALEXI has MAE and RMSE of 13.0 and 15.9 mm month-1 (11.6% and 14.2% of 
lux ET, R2=0.90). For orchards, the ensemble has monthly MAE and RMSE of 21.2 and 27.9 530 
mm month⁻¹ (16.8% and 22.1% of flux ET, slope 0.87, MBE −11.9 mm month⁻¹), and 
DisALEXI has MAE and RMSE of 22.2 and 27.9 mm month⁻¹ (17.6% and 22.1% of flux ET, 
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slope 0.86, MBE −8.5 mm month⁻¹), ranking among the lowest-error individual models along 
with SSEBop. These results suggest that the relatively strong performance of GEE-DisALEXI in 
vineyards and orchards is consistent with its TSEB structure, which explicitly partitions soil and 535 
canopy fluxes and may better capture ET dynamics in vegetation with more structured canopy 
architectures (Knipper et al., 2023;2024).  

Another important distinction of GEE-DisALEXI is less sensitive to errors in reference 
evapotranspiration inputs. While the other OpenET models incorporate reference ET, either 
directly for estimating overpass-day ET or indirectly for interpolating ET from satellite 540 
overpasses to daily and monthly timescales, GEE-DisALEXI uses solar radiation for both 
upscaling to 24-hr ET and for daily interpolation between overpasses, based on the findings of 
Cammalleri et al who tested multiple scaling fluxes including insolation, reference ET, and 
available energy.  Reference ET-based interpolation can be sensitive and prone to positive bias in 
water-limited conditions even after gridded reference ET is corrected for bias. Therefore, GEE-545 
DisALEXI provides an independent and physically based estimate of ET, which can serve as a 
useful benchmark for evaluating ensemble and reference-ET–dependent products. Optimization 
of scaling/interpolation technique may be regionally dependent and sensitive to the temporal 
sampling of the anchoring clear-sky direct ET retrievals. 

4.2.Strengths of cloud implementation 550 

Implementing GEE-DisALEXI on a cloud-based platform such as GEE provides several 
practical advantages for data production and dissemination compared with traditional local 
computing environments. The cloud implementation enables efficient and scalable processing of 
high-resolution evapotranspiration data across large spatial and temporal domains without the 
need for local data storage or dedicated high-performance computing resources. The required 555 
satellite imagery and meteorological inputs are accessed directly from GEE’s public data catalog, 
which reduces data handling complexity and ensures consistent use of input datasets. In addition, 
cloud-based execution supports reproducibility and transparency, as standardized workflows and 
version-controlled code can be executed consistently across regions and time periods. The 
modular model structure, together with Python–GEE integration, facilitates automated 560 
processing, routine updates, and both near-real-time and retrospective analyses. These 
characteristics support long-term product maintenance and improve the accessibility of the GEE-
DisALEXI dataset for community use. 

4.3.Limitations and known issues 

Despite the advantages of implementing GEE-DisALEXI on a cloud-based platform, several 565 
limitations and known issues for the current version of GEE-DisALEXI must be acknowledged. 
First, inconsistencies in GOES satellite observations—such as differences in sensor calibration or 
viewing geometry across platforms (e.g., GOES-east vs. GOES-west)—can introduce variability 
in ALEXI land surface temperature (LST) inputs and resulting ET fluxes. In particular, spatial 
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consistency between GOES ET and Landsat LST and LAI inputs to DisALEXI varies over the 570 
period of record, but improves with more recent and advanced GOES sensors.  

Mountainous and complex terrain regions pose challenges due to elevation-induced differences 
in temperature and radiation, terrain shading, resulting in reduced accuracy of modeled energy 
fluxes over sloped surfaces. The current version of GEE-DisALEXI ET has higher biases over 
regions of complex terrain, and slope/aspect/elevation corrections will be implemented in future 575 
updates to the algorithm. 

Due to the disaggregation approach at the core of GEE-DisALEXI, small areas with very strong 
contrast in moisture conditions, for example, small irrigated patches in desert, can have higher 
biases. This is because these areas may have little impact at the 4-km ALEXI pixel scale, making 
ALEXI ET a less useful constraint in these cases.  A hybrid method with direct implementation 580 
of TSEB over areas with highly localized contrast in LST and LAI may provide better 
performance.   In addition, advection from the surrounding hot and dry bare soil over adjacent 
small irrigated areas can result in a strong enhancement in evaporative fluxes. These lateral 
fluxes may not be well captured by other members of the OpenET ensemble as well, and will be 
a focus of future study. 585 

Open water bodies are often excluded from analysis due to the current model version of the 
ALEXI/GEE-DisALEXI over water surfaces, which lack the typical soil-canopy structure 
assumed by the model and the estimation of heat stored in water body. Simple corrections 
accounting for higher heat storage in wetlands can be applied (Anderson et al., 2018), but require 
further evaluation and an accurate map of wetland landcovers. Finally, cloud, snow, and water 590 
masking remain a persistent issue causing biases in ET estimation; while masking algorithms are 
implemented to exclude contaminated pixels, misclassification can occur, especially in 
transitional zones, leading to erroneous ET retrievals or spatial gaps in the final product. Over 
regions have large area of snow coverage, the regional ET summary from pixel-level ET can be 
underestimated since the snow areas are masked out. This could impact the comparison of GEE-595 
DisALEXI ET with other method calculated ET (for example, water balance method) at regional 
scale. 

4.4. Potential Applications  

DisALEXI has been extensively evaluated and applied across a wide range of land cover types 
and climatic regions using its offline version. For instance, studies have successfully applied 600 
DisALEXI to estimate evapotranspiration (ET) in California vineyards and almond orchards 
(Knipper et al., 2023, 2024, 2018, 2019; Semmens et al., 2016), to help with irrigation 
scheduling. Anderson et al. (2018) utilized DisALEXI for a detailed water accounting over 
different crop types at field scale in the California Delta region. In the U.S. Corn Belt, 
DisALEXI has shown robust performance, revealing a strong correlation between peak-season 605 
water stress and end-of-season crop yield (Yang et al., 2018, 2021). Other than applications in 
agriculture, DisALEXI has been applied to other vegetation types, including forest and grassland 
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(Yang et al., 2017b). For example, DisALEXI has been applied to pine plantations in North 
Carolina and temperate forests in Missouri, where the model performed well in both cases, 
further supporting its applicability across diverse ecosystems and for drought impact related 610 
studies. Recently, DisALEXI has also been utilized over the southeastern US. to study the 
impacts of longleaf pine restoration (Liu et al., 2025), who identified potential for augmenting 
water yield due to lower ET rates in comparison with introduced loblolly pine stands. Another 
study used GEE-DisALEXI to explore changes in forest water use dynamics due to southern pine 
beetle infection in loblolly pine (Goodnow et al., 2025).  While these applications are 615 
demonstrated over small areas, GEE-DisALEXI is much more powerful through the cloud 
computing platform to conduct similar studies but at larger regional scale while keeping the fine 
spatial resolution.  

4.5.Future Directions 

Several promising avenues exist for enhancing the utility and accuracy of the GEE-DisALEXI 620 
model implementation, which can also be helpful to improve other satellite derived ET models. 
First, data fusion techniques integrating observations from high-resolution satellites (e.g., 
Landsat, Sentinel-2) with thermal imagery from other sensors (e.g., ECOSTRESS, VIIRS) can 
provide improved spatial and temporal coverage of ET estimates. The integration of these 
additional thermal observations can help to fill observational gaps in Landsat, especially over 625 
areas with persistent cloud cover. With new thermal sensors (e.g. Landsat Next, LSTM, SBG, 
and TRISHNA) are planned for launch in the near future, and integration of these observations is 
expected to further improve the ability of thermal-based OpenET models to capture rapid 
changes in surface moisture fluxes. Second, partitioning of evapotranspiration into its 
components, soil evaporation (E) and plant transpiration (T), remains a critical area of 630 
development, particularly for better understanding water use efficiency and supporting precision 
agriculture applications and forest management. While all OpenET models tend to overestimate 
ET in forest, improved understanding of the partitioning between E and T could be helpful to 
identify key model modifications. Third, continued refinement of the core ALEXI model, 
including improved land surface temperature inputs from various satellites, will further increase 635 
robustness. Improvement of model efficiency, particularly in the air temperature refinement 
process, could reduce computational cost and runtime. Finally, efforts to improve the 
interpolation of daily ET, especially for cloudy regions, will enhance the accuracy of ET 
estimation at weekly, monthly and annual steps. Better understanding of the performance of 
various interpolation methods is needed for improved daily ET interpolation, which is also 640 
helpful for ET estimation at monthly and annual steps. 

5. Conclusion 

The cloud-based implementation of GEE-DisALEXI represents a major step toward operational, 
high-resolution ET monitoring at field-to-regional scales. Our evaluation demonstrates that GEE-
DisALEXI performs robustly across diverse land cover types and climate zones, with notable 645 
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strengths and limitations. Croplands consistently exhibit the highest accuracy across all temporal 
scales. Climate zone analysis reveals strong performance in humid and temperate regions, 
particularly humid continental climates, while arid zones remain challenging, with higher biases. 
Watershed-scale comparisons confirm that GEE-DisALEXI correlates well with water balance 
estimated ET, though biases persist in areas with high elevation variability and low cropland 650 
fractions. Additionally, time serious of fractional ET and drought severity indicate good 
correlations over various climate zones, especially over the humid regions. Overall, GEE-
DisALEXI provides field-scale ET estimates suitable for agricultural water management, drought 
monitoring, and ecosystem studies. Future work should focus on further improving model 
efficiency on cloud compute platforms, enhancing model adaptability across complex terrain 655 
landscapes and integrating additional satellite observations with higher spatial or temporal 
resolutions.  

Code and data availability 

The GEE-DisALEXI model is fully integrated into the OpenET platform and the outputs are 
saved as an asset on GEE. The GEE-DisALEXI model code is available on Zenodo at 660 
https://doi.org/10.5281/zenodo.18675103 (Yang et al., 2026). The monthly GEE-DisALEXI ET 
data can be found as open-access GEE asset 
(OpenET/DISALEXI/CONUS/GRIDMET/MONTHLY/v2_0 or 
https://developers.google.com/earth-
engine/datasets/catalog/OpenET_DISALEXI_CONUS_GRIDMET_MONTHLY_v2_0). The 665 
data can also be browsed over OpenET website (https://etdata.org/, last access 02/24/2026 ) and 
can be accessed through code using OpenET API. The data for evaluation about water balance 
based ET is available on Zenodo at https://doi.org/10.5281/zenodo.18762901 (Yang et al., 2026). 
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Appendix 

Table A1 Summary statistics between DisALEXI ET and observed ET for all sites. 

Land cover type Time scale Slope MBE(mm) MAE(mm) RMSE(mm) R2 
Croplands Daily 0.87 -0.31 (–8.8%)   0.96 (27.4%)   1.26 (35.9%)   0.73 

Monthly 0.92 -7.72 (–8.4%)   19.91 (21.8%)   25.35 (27.7%)   0.86 
Growing Season 0.95 -22.34 (–3.7%)   101.64 (16.8%)   112.64 (18.6%)   0.84 

Evergreen Forests Daily 1.23 0.78 (33.8%)   1.23 (53.2%)   1.48 (64.1%)   0.43 
Monthly 1.3 18.83 (30.6%)   29.06 (47.2%)   34.75 (56.5%)   0.55 

Growing Season 1.1 64.76 (29.8%)   105.34 (48.5%)   125.41 (57.8%)   0.67 
Grasslands Daily 0.87 0.08 (4.7%)   0.90 (52.3%)   1.19 (65.7%)   0.46 

Monthly 0.88 2.4 (6.0%)   20.33 (50.9%)   25.67 (64.2%)   0.48 
Growing Season 1.05 17.67 (8.5%)   86.86 (42.0%)   98.91 (47.8%)   0.51 

Mixed Forests Daily 1.11 0.46 (21.0%)   0.84 (38.4%)   1.11 (50.7%)   0.77 
Monthly 1.14 13.51 (21.9%)   19.37 (31.5%)   24.12 (39.2%)   0.85 

Growing Season 1.1 36.74 (13.9%)   46.27 (17.5%)   55.65 (21.0%)   0.95 
Shrublands Daily 1 0.16 (13.8%)   0.72 (62.1%)   0.92 (79.3%)   0.47 

Monthly 0.98 2.64 (8.6%)   16.84 (54.7%)   20.92 (68.0%)   0.46 
Growing Season 1.06 10.11 (5.5%)   73.90 (40.4%)   84.35 (46.1%)   0.48 

Wetlands Daily 1.07 0.63 (19.7%)   1.18 (37.0%)   1.44 (45.1%)   0.63 
Monthly 1.14 20.88 (23.7%)   31.38 (35.7%)   37.85 (43.0%)   0.69 

Growing Season 1.23 150.59 (30.1%)   167.16 (33.4%)   184.52 (36.9%)   0.88 

 

Table A2 List of towers used with general classification and KG climate zones 
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SiteID General classification KG climate zones 
US-A32 Grasslands Cfa 
US-A74 Croplands Cfa 
US-ADR Shrublands Bwh 
US-AR1 Croplands Cfa 
US-ARb Grasslands Cfa 
US-ARc Grasslands Cfa 
US-ARM Croplands Cfa 
US-Aud Grasslands Bsk 
US-Bi1 Croplands Csa 
US-Bi2 Croplands Csa 
US-Bkg Croplands Dfa 
US-Blk Evergreen Forests Dfb 
US-Blo Evergreen Forests Csb 
US-Bo1 Croplands Cfa 
US-Br1 Croplands Dfa 
US-Br3 Croplands Dfa 
US-Ced Shrublands Cfa 

US-CMW Wetland/Riparian Bsk 
US-CRT Croplands Dfa 
US-Ctn Grasslands Bsk 
US-CZ3 Evergreen Forests Csa 
US-Dix Mixed Forests Cfa 
US-Dk1 Croplands Cfa 
US-Dk2 Mixed Forests Cfa 
US-Esm Wetland/Riparian Bwk 
US-Fmf Evergreen Forests Csb 
US-FPe Grasslands Bsk 
US-FR2 Mixed Forests Cfa 
US-Fuf Evergreen Forests Csb 
US-Fwf Grasslands Csb 
US-GLE Evergreen Forests  
US-GMF Mixed Forests Dfb 
US-Goo Grasslands Cfa 
US-Hn2 Grasslands Bwk 
US-Hn3 Shrublands Bwk 
US-IB1 Croplands Dfa 
US-IB2 Grasslands Dfa 
US-Jo2 Shrublands Bwk 
US-KLS Croplands Cfa 
US-KM4 Grasslands Dfa 
US-KS2 Shrublands Cfa 
US-LS1 Grasslands Bsk 
US-Me1 Evergreen Forests Csb 
US-Me2 Evergreen Forests Csb 
US-Me5 Evergreen Forests Csb 
US-Me6 Evergreen Forests Csb 
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US-Mj1 Croplands Dfb 
US-Mj2 Croplands Dfb 

US-MMS Mixed Forests Cfa 
US-MOz Mixed Forests Cfa 
US-NC2 Evergreen Forests Cfa 
US-NC3 Evergreen Forests Cfa 
US-NC4 Wetland/Riparian Cfa 
US-Ne1 Croplands Dfa 
US-Ne2 Croplands Dfa 
US-Ne3 Croplands Dfa 
US-NR1 Evergreen Forests  
US-Oho Mixed Forests Dfa 
US-Ro1 Croplands Dfa 
US-Ro2 Croplands Dfa 
US-Ro3 Croplands Dfa 
US-Ro4 Grasslands Dfa 
US-Ro5 Croplands Dfa 
US-Ro6 Croplands Dfa 
US-Rwe Shrublands  
US-Rwf Shrublands  
US-Rws Shrublands Csb 
US-SCg Grasslands Bsk 
US-SCs Shrublands Bsk 
US-SCw Shrublands Bsk 
US-SdH Grasslands  
US-Skr Wetland/Riparian Bwk 
US-Slt Mixed Forests Cfa 

US-Sne Wetland/Riparian Csa 
US-SO2 Shrublands Csb 
US-SO3 Shrublands Csb 
US-SO4 Shrublands Csb 
US-SP2 Evergreen Forests Cfa 
US-SP3 Evergreen Forests Cfa 
US-SRC Mixed Forests Bsh 
US-SRG Grasslands Csa 
US-SRM Shrublands Bsk 
US-Srr Wetland/Riparian Csb 

US-SRS Shrublands Bsk 
US-Tw2 Croplands Csa 
US-Tw3 Croplands Csa 
US-Twt Croplands Csa 
US-Var Grasslands Csa 

US-WBW Mixed Forests Cfa 
US-WCr Mixed Forests Dfb 
US-Wkg Grasslands Bsk 
US-xAE Grasslands Cfa 
US-xDC Grasslands Dfb 
US-xDL Mixed Forests Cfa 
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US-xDS Grasslands Cfa 
US-xNG Grasslands Dfb 
US-xRM Evergreen Forests  
US-xSB Evergreen Forests Cfa 
US-xSL Croplands Bsk 
US-xST Mixed Forests Dfb 
US-xUN Mixed Forests Dfb 
MB_Pch Croplands Bsh 

Ellendale Croplands Cfa 
manilacotton Croplands Cfa 
stonevillesoy Croplands Cfa 

US-OF1 Croplands Cfa 
US-OF2 Croplands Cfa 
US-OF4 Croplands Cfa 
US-OF6 Croplands Cfa 

S2 Croplands Bsk 
ALARC2_Smith6 Croplands Bwh 

Almond_High Croplands Bsk 
Almond_Low Croplands Bsk 
Almond_Med Croplands Bsk 
JPL1_JV114 Croplands Bwh 

JPL1_Smith5 Croplands Bwh 
UA1_HartFarm Croplands Bwh 

UA1_JV187 Croplands Bwh 
UA1_KN18 Croplands Bwh 
UA2_JV330 Croplands Bwh 
UA2_KN20 Croplands Bwh 
UA3_JV108 Croplands Bwh 
UA3_KN15 Croplands Bwh 

LYS_NE Croplands Bsk 
LYS_NW Croplands Bsk 
LYS_SE Croplands Bsk 
LYS_SW Croplands Bsk 
BAR012 Croplands Csb 
RIP760 Croplands Bsk 

SLM001 Croplands Csa 
B_01 Croplands Bwk 
B_11 Croplands Bwk 
ET_1 Shrublands Csa 
ET_8 Croplands Csa 
MR Wetland/Riparian Bwh 

TAM Wetland/Riparian Bwk 
VR Wetland/Riparian Bwh 

AFD Shrublands Bwh 
AFS Grasslands Bwh 

BPHV Grasslands Csb 
BPLV Grasslands Csb 
DVDV Shrublands Bwk 
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KV_1 Shrublands Bsk 
KV_2 Shrublands Bsk 
KV_4 Grasslands Bsk 

SPV_1 Shrublands Bsk 
SPV_3 Grasslands Bsk 
SV_5 Shrublands Bsk 
SV_6 Shrublands Bsk 

UMVW Shrublands Bsk 
WRV_1 Shrublands Bsk 
WRV_2 Shrublands Bsk 

 700 
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