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Highlights: 

• Drought-induced tree mortality is studied using daily 30-m ET retrieved from remotely 

sensed data. 

• ET retrieved from remotely sensed data captured the drought impact at field scale. 

• It is important to consider pre-drought forest condition impacts on mortality. 

• ET complements climatology parameters for predicting drought-induced mortality. 
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Abstract 

Drought can have pervasive and wide-spread impacts to forest health, as evidenced in several severe 

events occurring over the recent decades. Extensive forest die-off due to drought can impair the 

ecological functioning of forests, impacting habitat, water yield and quality in forested landscapes, and 

altering forest fire dynamics and intensity. Satellite remote sensing provides an effective means for 

detecting and monitoring spatial patterns of forest mortality over large areas, exploiting free and open 

long-term image archives available at a range of spatial and temporal resolutions. While remotely sensed 

surface reflectances and vegetation indices have been widely used to study responses of forest canopies to 

drought events, retrievals of evapotranspiration (ET) derived from thermal satellite imagery—particularly 

at resolutions approaching crown scale—can provide insights into cumulative tree stresses that can incite 

disease and trigger mortality.  In this study, we applied a multi-sensor satellite data fusion approach to 

estimate daily 30-m resolution ET and an associated evaporative stress index (ESI) to study drought-

induced mortality in a temperate forest at the Missouri Ozark AmeriFlux (MOFLUX) site in the central 

United States. The study covered the period from 2010 to 2014, including an exceptional drought year of 

2012. Modeled ET agreed well with eddy flux measurements from the MOFLUX tower, with average 

monthly relative errors of 15%. Plot-scale ESI, describing temporal anomalies in the ratio of actual-to-

reference ET, was used as an index of relative forest health to investigate relationships between forest 

mortality and drought severity. ESI showed good agreement with observed predawn leaf water potential, 

especially during the drought year. Furthermore, plot-scale ESI was also correlated with the subsequent 

year’s tree mortality, suggesting the importance of considering the forest health condition prior to drought 

when studying drought-induced forest impacts. This study demonstrates the utility of multi-year ET 

remote sensing data at the stand or plot scale as an indicator of forest health and as a predictor of future 

mortality. 

 

1. Introduction 
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Drought-induced tree mortality has been pervasive and widespread during recent decades (Allen et al., 

2015). Compared with primary succession (Franklin et al., 1987), disturbances such as drought and 

infestation-related forest die-off are often selective forces that can rapidly alter the species components, 

size, and age of forests (Anderegg et al., 2012). Extensive forest die-off due to drought can impair the 

ecological functioning of forests and have large societal impacts, for example impairing water yield and 

quality from forested lands and altering forest fire dynamics and intensity (Cobb et al., 2017; Mikkelson 

et al., 2013). Numerous studies have been conducted to understand the causes of drought-induced forest 

mortality. Hydraulic failure has been widely observed and is likely to be one of the major physiological 

mechanisms of the tree mortality under drought (Adams et al., 2017; McDowell et al., 2008). Therefore, 

capabilities for early detection and monitoring of drought-induced changes in plant hydraulic functioning 

will be important for forest mortality studies (Huang et al., 2019).  

Remote sensing techniques have been widely used to detect and predict forest mortality, taking advantage 

of the low-cost and time-effective characteristics of satellite imaging (Asner et al., 2016, 2004, Collins 

and Woodcock, 1996, 1994; Meigs et al., 2011; Wulder et al., 2009b, 2006). To date, most studies have 

used remotely sensed data from visible/near infrared/short-wave infrared (VSWIR) bands, microwave 

sensors, LIDAR data and recently, solar-induced chlorophyll fluorescence (SIF) to detect the loss of 

canopy water, canopy discoloration and change of forest structure (Woodcock et al., 2001; Yang et al., 

2015; Zhu and Woodcock, 2014; Rao et al., 2019). Success has been achieved in mapping mortality 

especially when the canopy color changes from green to brown (Macomber and Woodcock, 1994; 

Rocchini et al., 2015). However, a persistent challenge is detecting mortality before the canopy changes 

color (Wulder et al., 2006). For example, bark beetles normally attack forests during the late summer and 

the tree canopy stays green for a few months after the attack – a phenomenon known as green-attack  

(Coops et al., 2006; Wulder et al., 2009a). 

Furthermore, existing studies mainly focus on mapping forest mortality instead of explaining and 

predicting the mortality with remotely sensed variables (Rao et al., 2019). There are efforts to try to 
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explain drought-induced mortality with meteorological data such as precipitation, temperature and vapor 

pressure deficit (Gu et al., 2015; Williams et al., 2013), and evapotranspiration (ET) related parameters 

such as potential ET (PET), actual ET (AET) and climatic water demand (CWD, estimated as the 

difference between PET and AET) (Anderegg et al., 2013, 2015 and Young et al., 2017). However, in 

these studies, ET was calculated using coarse spatial-resolution meteorological data (at the scale of 

kilometers) which may not be spatially representative for heterogeneous areas, especially considering the 

complexity of forest structure comprised of different species, sizes and ages.  

For regional drought detection and monitoring using remote sensing, vegetation indices based on VSWIR 

surface reflectances, such as normalized difference vegetation index (NDVI) and enhanced vegetation 

index (EVI), have been widely used. However, vegetation may already be under severe stress even before 

surface reflectances display notable changes. This is especially the case when drought develops quickly 

under conditions of high temperatures and atmospheric water demand, which can rapidly deplete soil 

moisture – a phenomenon termed flash drought (Otkin et al., 2018). The evaporative stress index (ESI), 

representing temporal anomalies in the ratio actual-to-reference ET (fRET), is generated using remotely 

sensed canopy temperature retrieved from geostationary satellite thermal infrared (TIR) imaging 

(Anderson et al., 2016b) and has demonstrated utility in providing early warning of flash drought, 

including the exceptional drought of 2012 (Otkin et al., 2014, 2016, 2017, 2019). Stress-induced stomatal 

closure reduces transpiration and evaporative cooling of the vegetation canopy, and thus thermal signals 

of developing stress often precedes visible canopy degradation reflected in VSWIR bands (Anderson et 

al., 2011; Knipper et al., 2019).  

The study of fine-scale ET and ESI patterns over forest canopies demands high spatial resolution land 

surface temperature (LST) retrievals; in particular, Landsat imagery at 30–100 m spatial resolution is 

well-suited for studying biophysical patterns at close to the forest stand scale. To overcome the temporal 

sampling limitations associated with Landsat (i.e., 16-day revisit with a single platform, and often longer 

considering cloud cover), a multi-sensor ET data fusion approach has been developed to integrate high 
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spatial resolution information from Landsat with high temporal resolution information from the coarser 

but more frequent Moderate Resolution Imaging Spectroradiometer (MODIS; ~daily/250 m to1 km) 

imagery (Anderson et al., 2011; Cammalleri et al., 2013). The ET fusion method has been successfully 

applied to different land cover types (e.g., cropland, pasture and forest) under various climate conditions 

(Anderson et al., 2018; Cammalleri et al., 2013; Semmens et al., 2016; Sun et al., 2017; Yang et al., 

2017a; Yang et al., 2020). More recently, Yang et al. (2020) used this ET fusion method to estimate daily 

ET at 30 m resolution over a pine plantation site in North Carolina, and to detect impacts of drought and 

disturbance in these managed forest stands.  

In this study, we applied the data fusion method to map ET and ESI at a well-instrumented temperate 

forest site in the Ozark Border  Region of the central United States over a 5-year period (2010–2014) 

including the exceptional drought year of 2012. While the ET fusion method has been extensively 

evaluated over croplands, its performance over forested landscapes has received less attention. The 

objectives of this study are: (1) to evaluate the performance of ET fusion method over temperate forest 

landcover; (2) to investigate the utility of using ET metrics for fine-scale investigations of drought 

impacts in forested ecosystems; and (3) to analyze the relationship between ET metrics and drought-

induced tree mortality. 

2. Study Area and Datasets 

2.1. Study Area 

The study area was the deciduous broadleaf forest at the Missouri Ozark AmeriFlux (MOFLUX) site 

(38.7˚ N, 92.2˚ W) (Fig. 1). MOFLUX is located at the University of Missouri’s Baskett Wildlife 

Research and Education Center (BWREC), within the Ozark Border Region of central Missouri. The 

broader modeling domain encompasses a transitional landscape, with forested lands in the south and more 

extensive croplands in the north (Fig. 1). The climate is warm humid and continental, with year-round 

precipitation (Bailey, 1995), although growing season rainfall can be quite variable and thus seasonal 

drought is common (Gu et al. 2016). The monthly mean temperatures range from −1.3˚ C in January to 
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25.2˚ C in July, and the annual precipitation is around 1083 mm (Gu et al., 2015). The major vegetation 

type is second-growth, upland oak-hickory forest (Pallardy et al., 1988), with dominant tree species 

including white oak (Quercus alba L.), black oak (Q. velutina Lam.), shagbark hickory (Carya ovata 

(Mill.) K. Koch), sugar maple (Acer saccharum Marsh.) and eastern redcedar (Juniperus virginiana L.) 

(Gu et al., 2015). The dominant soils at the site are Weller silt loam and Clinkenbeard very flaggy clay 

loam (Young et al. 2001), and are relatively thin, which exacerbates plant water stress during drought 

(Jenkins and Pallardy, 1995). 

 

Fig.1. Study area and location of the MOFLUX tower site. Land cover and land use type is from the 2011 

National Land Cover Database (NLCD). 

2.2. Datasets 

Eddy Flux Measurements 

The MOFLUX site was established in 2004 with a suite of meteorological and ecological instrumentation, 

and a complete description of the equipment setup is available in the literature (Gu et al., 2016b). Briefly, 

eddy covariance and meteorological sensors are deployed on a 32 m scaffold tower, also instrumented 

with a twelve-level CO2/H2O profile system (Yang et al., 2007) and an eight-level temperature/humidity 

profile (Gu et al., 2006). The shortwave and longwave radiation balances are monitored using a 4-

Columbia, MO 

MOFLUX 
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component net radiometer (model CNR 1, Kipp and Zonen USA Inc., Bohemia NY) installed at the top of 

the tower to measure incoming and reflected solar radiation and incoming and outgoing longwave 

radiation (Gu et al., 2007). Precipitation is measured with a tipping bucket rain gauge (TR-525M, Texas 

Electronics, USA) mounted at the top of the tower. The eddy covariance system samples at 10 Hz, from 

which half-hourly fluxes were calculated. All meteorological variables were sampled at 30 s intervals, 

with half-hour averages recorded. 

Thirty-minute eddy fluxes were computed using block averaging. Cospectral corrections were 

implemented using the transfer function approach outlined in Mauder and Foken (2011). The effective 

change in canopy storage fluxes was calculated using data from the profiling systems according to Gu et 

al. (2012). Net ecosystem exchanges were calculated as the sum of the eddy flux and the effective change 

in storage. Data gaps were filled using the mean diurnal variation approach (Falge et al., 2001; Moffat et 

al., 2007) with a moving window of 2-week width. The standard MOFLUX flux data product is available 

from the AmeriFlux data portal (site-ID US-MOz, https://ameriflux.lbl.gov/). The typical energy balance 

closure for the 30 min data from 2010 to 2014 during daytime (Rn > 0 W m−2) was 0.70. It should be 

noted that prior work at MOFLUX estimated typical daytime maxima of biomass heat and biochemical 

energy storages of 50 and 20 W m−2, respectively, which collectively are on the order of 10 % of peak 

daily Rn (Gu et al. 2007). For comparison with modeled energy balance components, the observed fluxes 

were corrected for closure errors by assigning the residual to the latent heat flux (Sun et al., 2017). 

Forest Inventory and Mortality Monitoring 

When MOFLUX was established, 24 circular plots, each 0.08 ha in size, were set up around the flux 

tower. The plots are located at 50 m intervals along transects radiating out from the tower in SE, S, SW, 

W and NW directions (Fig. 2). Within each plot, individual trees with diameter at breast height (DBH) 

greater than 9 cm were tagged, geo-located, and identified to species. Tree mortality is inventoried 

multiple times per growing season and the DBH is re-measured at 2 to 3-year intervals. Forest inventory 

https://ameriflux.lbl.gov/
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data (Pallardy et al., 2019) are available from Oak Ridge National Laboratory’s Terrestrial Ecosystem 

Science-Science Focus Area data portal (https://tes-sfa.ornl.gov/node/80). 

Predawn leaf water potential (Ψpd), an indicator of plant water stress that reflects the degree to which 

overnight leaf rehydration was possible, was measured at weekly to biweekly intervals during the 

growing season (Gu et al., 2015, 2016; Wood et al., 2018). Briefly, on each sampling day, 20–21 leaves 

or shoots from the major species were excised with a razor blade, and stored in sealed, humidified bags on 

ice in a cooler until analysis. The number of samples collected per species was in rough proportion to 

their respective contributions to stem abundance. Samples were analyzed for Ψpd using the pressure 

chamber technique (Pallardy et al., 1991). The average of all Ψpd measurements on each sampling day was 

used as an estimate of community Ψpd for that day, and hereafter we use Ψpd to refer to the community 

mean predawn leaf water potential. This dataset is available through Oak Ridge National Laboratory’s 

Terrestrial Ecosystem Science – Science Focus Area data portal (Pallardy et al., 2018). To compare with 

Landsat-scale data, we overlaid the inventory trees on the Landsat grid and selected pixels that were at 

least 30% covered by inventory points (see Fig. 2). The plot (#54) at the end NW transect was omitted 

from the analyses due to its proximity to the pond. For a given year and Landsat pixel, the stem mortality 

rate was calculated as the ratio between number of trees that died in that year and the total number of 

living trees in the previous year.  
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Fig. 2. The locations of individual trees (small red circles) in the MOFLUX forest inventory overlaid on 

the Landsat grid and a Google Earth view covering and area of about 600×600 m. The red triangle is the 

MOFLUX tower. There is a road along the edge of the study site and a pond at the end of the NW transect. 

The highlighted red pixels were selected for analysis. 

U.S. Drought Monitor Time Series 

U.S. Drought Monitor (USDM) time series data were exported from the National Drought Mitigation 

Center for the State of Missouri (https://droughtmonitor.unl.edu/Data/Timeseries.aspx). The dataset 

shows percent area that is classified into 5 drought severity classes. D0 means no drought, but 

experiencing abnormally dry conditions that could turn into drought or is recovering from drought. D1 

indicates moderate drought that some water shortages developed. D2 indicates severe drought that water 

shortages are common. D3 indicates extreme drought with widespread water shortages. D4 indicates 

exceptional drought with shortages of water in reservoirs, streams and wells that creating water 

emergencies.  

ET Model Inputs 

https://droughtmonitor.unl.edu/Data/Timeseries.aspx
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Actual ET used in ESI computations at regional (4 km resolution) and patch (30 m) scale were obtained 

from the regional Atmosphere-Land Exchange Inverse model (ALEXI; Anderson et al., 2007a, 1997) and 

the associated flux disaggregation model (DisALEXI; Anderson et al., 2004; Norman et al., 2003) applied 

at MODIS and Landsat scales. These models have been described in detail in previous publications, and 

we thus provide overview of key details and data inputs, pointing the reader to the relevant literature for 

the complete descriptions where appropriate.    

Key remote sensing inputs for ALEXI include LST data obtained from the GOES-East and -West imager 

instruments and leaf area index (LAI), spatially aggregated and temporally interpolated from the 1 km/4 

day MODIS LAI (MCD15A3H) product. Further details about ALEXI can be found in Anderson et al. 

(2007). 

MODIS-based disaggregation of ALEXI ET used instantaneous 1 km swath LST data (MOD11_L2, 

(Wan et al., 2004)) that were gridded to geographic coordinates using the MODIS Reprojection Tool 

(MRT) using associated geolocation data (MOD03). Other inputs include NDVI (MOD13A2, (Huete et 

al., 2002)), LAI (MCD15A3, (Myneni et al., 2002)) and albedo (MCD43A3, (Wang et al., 2017)). All 

data were from MODIS collection 6 and went through quality check, retaining only data with good 

quality based on the QA data. 

Thermal infrared (TIR) and shortwave surface reflectance data from Landsat 7 and Landsat 8 were used 

for further flux disaggregation to 30 m resolution, excluding images with cloud cover exceeding 70% of 

the scene. The TIR data were atmospherically corrected following the method in Cook et al. (2014) and 

then spatially sharpened to 30 m resolution as described in Sec. 3.1. Landsat scale LAI was estimated 

with a regression-based approach using Landsat surface reflectances to downscale MODIS LAI (Gao et 

al., 2012a). For more details, see Cammalleri et al., 2013, Sun et al., 2017 and Yang et al., 2017a. 

Biophysical and meteorological data 
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Land cover and vegetation type information was extracted from National Land Cover Dataset (NLCD) for 

2011 at 30 m spatial resolution, which was used to set pixel-level vegetation parameters following 

Cammalleri et al. (2013). Surface meteorological data inputs including air temperature, vapor pressure, 

wind speed and insolation were obtained from the Climate Forecast System Reanalysis (CFSR, 

https://www.ncdc.noaa.gov/data-access/model-data/model-datasets/climate-forecast-system-version2-

cfsv2) at 0.5-degree spatial resolution and resampled to the Landsat and MODIS grids.  

3. Methods 

3.1. Multi-scale ET modeling framework 

The multiscale ET framework applied in this study is based on the two source energy balance (TSEB) 

model (Norman et al. (1995) and Kustas and Norman (1996)), which uses remotely sensed thermal 

observations from geostationary satellites (GOES), MODIS and Landsat as key inputs. TSEB partitions 

the observed directional radiometric surface temperature into soil and vegetation components and 

estimates energy fluxes associated with soil and vegetation. At the regional scale, the Atmosphere-Land 

Exchange Inverse (ALEXI) model applies the TSEB to time-differential thermal measurements typically 

from geostationary satellites to retrieve ET at a pixel scale of several kilometers.  In this study, the 4 km 

resolution ALEXI product covering the continental U.S. was used. These regional ET estimates are then 

spatially disaggregated to higher spatial resolution with the DisALEXI algorithm using MODIS (500 

m/daily) and Landsat LST and LAI (30 m/periodic) retrievals. The Data Mining Sharpener (DMS; Gao et 

al., 2012b) tool was used to sharpen MODIS thermal infrared imagery from 1 km native resolution to 500 

m and Landsat 7/8 imagery from 60 or 100 m native resolution to 30 m. The MODIS and Landsat ET 

image time series were then used to estimate ET at daily timesteps and 30 m pixel resolution using the 

Spatial and Temporal Adaptive Reflectance Fusion Model (STARFM; Gao et al., 2006). For further 

information on ALEXI/DisALEXI see Anderson et al., (2004, 2011 and 2012), while details regarding the 

ET data fusion framework can be found in Cammalleri et al., 2013, Sun et al., 2017 and Yang et al., 

2017a,b.  

https://www.ncdc.noaa.gov/data-access/model-data/model-datasets/climate-forecast-system-version2-cfsv2
https://www.ncdc.noaa.gov/data-access/model-data/model-datasets/climate-forecast-system-version2-cfsv2
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3.2. Evaporative Stress Index (ESI) 

ET is a valuable indicator of moisture availability and vegetation health, and spatial maps of ET 

anomalies can highlight areas of vegetative stress or moisture abundance. The ESI is computed as 

standardized anomalies in fRET (the ratio between clear-sky actual ET and reference ET) compared to 

baseline conditions computed on average over 15 years (2000−2015) (Anderson et al., 2007b). Reference 

ET relates to the maximum evaporative flux that would be expected for the given solar radiation loading 

and climate conditions (e.g. air temperature, atmospheric demand and wind speed); thus, fRET typically 

scales between 0 (no plant transpiration or soil evaporation) and ~1 (well-watered vegetated surface). In 

forested systems, fRET may decrease without significant change in canopy cover, so could be a valuable 

early warning indicator of stress and a useful indicator of drought-induced tree mortality. 

Evaporative Stress Index at Regional scale 

In computing ESI at regional to global scales, fRET is first composited over a moving time window 

advancing at a 7-day interval. Variable windows of length 2-wks, and 1-, 2- and 3-months are used to 

capture changes in moisture status occurring over a range in timescales. ESI is then computed as:   

𝐸𝑆𝐼(𝑑, 𝑦𝑘 , 𝑖, 𝑗)′ =
〈𝑣(𝑑,𝑦𝑘,𝑖,𝑗)〉− 

1

𝑛
∑ 〈𝑣(𝑑,𝑦𝑘,𝑖,𝑗)〉𝑘=𝑛

𝑘=1

𝜎(𝑑,𝑖,𝑗)
 (1) 

where 〈𝑣(𝑑, 𝑦, 𝑖, 𝑗)〉 is the fRET composite for day d, year y, and i, j grid location, n is the number of years 

in the period of record establishing the baseline, and 𝜎(𝑑, 𝑖, 𝑗) is the standard deviation in v for that 

compositing interval.  

ESI is computed operationally over the continental United States (CONUS) at 4 km spatial resolution and 

globally at 5 km using actual ET retrieved using ALEXI as described above and a grass reference ET 

using the FAO Penman-Monteith method (Allen et al., 1998). Routine products are delivered at 

https://climateserv.servirglobal.net/. ESI has been demonstrated to compare well with standard drought 

indicators (Anderson et al., 2011, 2013, 2015), capturing early signals of flash drought (Otkin et al., 2013, 
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2014). Regional ESI has also been correlated with crop yields in Brazil (Anderson et al., 2016b), the 

Czech Republic (Anderson et al., 2016a) and the U.S. Corn Belt (Mladenova et al., 2017).  

Evaporative Stress Index at Landsat scale 

To study multi-year ET and stress dynamics at the tree to stand scale, we also computed a fRET anomaly 

using the 30-m daily ET datacube generated as described in Sec. 3.1. At Landsat scale, we look in this 

study at time series behavior of fRET and a non-standardized anomaly ΔfRET—given the relatively short 

simulation time period (5 years), standard deviations in Eq. 1 cannot be reliably computed. At this scale, 

we can resolve stress behavior of landscape patches with different land cover types, stand ages and 

susceptibility to moisture stresses. 

3.3. Statistical Analysis 

Model performance was assessed through statistical comparison of ET observations from the flux tower 

with time series of modeled ET extracted over the tower footprint sampling area. Statistical metrics of 

performance used were mean bias error (MBE), root mean square error (RMSE), mean absolute error 

(MAE) and relative error (RE), defined as the ratio of MAE and the mean observed flux (𝑂̅). These 

statistics were calculated using the observed and simulated ET on Landsat overpass dates, and on daily 

and monthly timesteps using model estimates from the fused, time-continuous ET datacube. 

4. Results 

4.1. Evaluation of modeled ET at the MOFLUX tower site 

The performance of the ET mapping system was evaluated over a 5-year period that was characterized by 

a broad range of soil water availability and meteorological conditions, including both exceptional drought 

(2012) and extremely wet (2010) years. A comparison of modeled and observed daily energy components 

on Landsat overpass days is provided in Fig. 3, showing good agreement and reasonable partitioning of 

the surface energy budget. Time series of the modeled daily ET and flux tower observations over the 5-
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year study period are compared in Fig. 4. In general, seasonal ET dynamics and the strong suppression of 

ET during the during the 2012 drought are well-captured by the model. 

 

Fig. 3. Comparison between the observed and model estimated energy components on Landsat overpass 

days for solar radiation (Rs), net radiation (RN), sensible heat (H), soil heat flux (G), and latent heat flux 

(LE).  Measured LE is plotted both as observed and with closure correction (LE closed).  
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Fig. 4. Time series comparison between flux tower observations of daily ET and model estimates. Shown 

are the observed closed fluxes (blue circles), ET retrievals on Landsat overpass days (green diamonds), 

STARFM fused daily ET (red line), and precipitation observations at MOFLUX (blue bars). 

Table. 1. Statistics of the comparison between simulated and observed ET (mm d-1).  

 N Ō MBE RMSE MAE %RE 

Retrieved ET on Landsat Overpass Dates 

Daily 83 4.0 −0.2 0.9 0.7 16.8 

STARFM Daily ET 

Daily 1634 3.0 −0.2 1.0 0.8 25.8 

Monthly 60 2.9 −0.2 0.5 0.4 15.1 

Annual 5 2.9 −0.2 0.3 0.2 7.9 

N, number of observations; Ō, mean observed flux; MBE, mean bias error; RMSE, root mean square 

error; MAE, mean absolute error; RE, relative error (=MAE/Ō). 

A statistical comparison between simulated and observed ET for both Landsat overpass days and 

STARFM daily results  provided in Table 1. The RMSE for ET retrieved directly retrieved on Landsat 

overpass dates and the STARFM fused daily ET  were similar (0.9 and 1.0 mm d-1, respectively), 

indicating the fusion-based interpolation process did not introduce much additional error or bias. With 

aggregation to longer time steps, the RMSE decreased to 0.5 mm d-1 for monthly ET and 0.3 mm d-1 for 

annual ET due to cancellation of errors. Yang et al. (2017, 2020) reported RMSE of 1.1 mm d-1 at daily 

time steps and 0.6 mm d-1 at annual time steps for a pine plantation located within the lower coastal plain 

in North Carolina. Similar RMSE values of 0.6 to 1.2 mm d-1 for daily ET estimates have been obtained in 

previous ET fusion experiments over croplands (Sun et al., 2017; Yang et al., 2017a; Yang et al., 2020) 

and irrigated vineyards (Knipper et al., 2018; Semmens et al., 2016). Anderson et al. (2018) reported an 

RMSE of 1.0 mm d-1 for daily time steps, 0.6 mm d-1 for monthly time steps and 0.3 mm d-1 for annual 

time steps for 8 flux tower sites in California. Taken together, model evaluation demonstrates the capacity 

to reasonably reproduce observed water fluxes over a variety of landcover types, including forested 

landscapes.  

4.2. Regional ESI and USDM Drought Depiction 
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ESI and USDM drought monitor maps for the state of Missouri for June through September over the 2010 

to 2014 study period are shown in Fig. 5, selecting weekly products closest to the end of each month. The 

ESI maps represent standardized anomalies (Eq. 1) at 4-km resolution fRET values from ALEXI 

composited over 2-week intervals. The ESI captures drought patterns depicted in the USDM maps but 

with higher spatial resolution, better representing effects of land cover and land use on drought response. 

In some cases, the ESI drought signal precedes its appearance in the USDM. In 2011 and 2013, for 

example, ESI stress signatures were present in June but did not appear in USDM reports until August and 

July, respectively. The severity of the 2012 drought was apparent in ESI in June, while USDM reached 

widespread D3 and D4 drought classification over Missouri in July and August. The sensitivity of the 

regional ESI to early signals of drought, especially during flash drought events, has also been documented 

in other studies (Anderson et al., 2013; Otkin et al., 2013, 2014, 2016).     
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Fig. 5. Regional USDM drought severity (first monthly row) and 2-week ESI (second monthly row) for the 

state of Missouri from June to September during 2010 to 2014. ESI and USDM maps closest to the end of 

each month are shown. Green boxes in the first row demarcate the study area. 
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4.3.  High resolution ET metrics as indicators of drought and forest stress 

The ESI product in Fig. 5 highlights the spatiotemporal variation of vegetation stress conditions at the 4-

km pixel scale. While the signals are strong at this scale and reflect regional drought conditions, they 

necessarily represent a mixture of sub-pixel contributions from different landcovers, tree species and 

stress levels.  For example, the inventory area depicted in Fig. 2 constitutes about 2% of a regional 4 km 

by 4 km ESI grid cell.  To investigate the relationship between drought-induced tree stress and mortality 

at the plot-scale (i.e., ~30 m resolution), we examined fRET and fRET anomaly (ΔfRET) time series extracted 

from the fused high-resolution ET datacube developed over the MOFLUX study area.  

We first compared remotely sensed ΔfRET values, averaged over the Landsat pixels that are associated with 

MOFLUX inventory sites (Fig. 2), with observations of plant water status as indicated by the community 

predawn leaf water potential, Ψpd and its anomaly, ΔΨpd. Time series comparisons in Fig. 6 show 14-day 

moving averages of ΔfRET, Ψpd and ΔΨpd. The observed Ψpd and ΔΨpd indicate that there was considerable 

variation in plant water stress within and across years during the study period. A common feature of water 

stress dynamics in this area is unstressed conditions in the spring following leaf-out, after which soil 

water supply and tree water stress is highly dependent on precipitation variability (Gu et al. 2016a). This 

is reflected in the Ψpd timeseries, which typically have values close to 0 MPa (unstressed) in the spring 

followed by mild to severe water stress. For perspective, the physical definition of the permanent wilting 

point of soils is at a water potential of −1.5 MPa, and when Ψpd falls below −1.5 MPa plants are 

considered to be under severe water stress (Gu et al., 2015; Hsiao, 1973). In 2012, the Ψpd was < −1.5 

MPa for nearly two months with a minimum of −4 MPa. 

Temporal patterns of ΔfRET were broadly coherent with those in Ψpd and Ψpd. During periods with mild to 

moderate water stress (e.g., Aug–Oct in years 2011, 2013 and 2014), the temporal dynamics of the two 

signals were highly coherent, with ΔfRET sometimes lagging Ψpd, particularly when the latter was 

recovering from low values. It is common for the recovery of leaf gas exchange to lag leaf rehydration 

after water stress is lifted (Ruehr et al., 2019). During no/low stress periods with stable Ψpd (e.g., 
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June/July in 2010 and 2011), ΔfRET showed considerably more variation, typically varying about 0 or with 

persistent positive values. When water supply is plentiful and meets evaporative demand and plants are 

unstressed, Ψpd will be invariant over time. However, ΔfRET is a metric based on ET, which includes 

evaporation from soils and plant surfaces, and thus under well-watered conditions we expect some 

decoupling of the dynamics of Ψpd and ΔfRET when the relative importance of plant constraints on ET are 

lessened. Also, Ψpd was sampled sparsely in space and time, and then interpolated from the weekly to bi-

weekly observations to produce a daily time series. This difference in sampling may contribute some 

inconsistency between signals. 

Under conditions of severe stress during the exceptional 2012 drought, ΔfRET dropped precipitously in 

synchrony with Ψpd (mid-July through Sep). ΔfRET clearly captures the 2012 drought signal, remaining 

persistently negative during the severe drought phase. While Ψpd and Ψpd quickly increase in early 

September due to a rain event, ΔfRET recovers more slowly, increasing toward 0. One possible biophysical 

explanation is that while recovery was rapid at the leaf level, ΔfRET reflects the full canopy transpiration 

which would be impacted by the toll the drought took on the total leaf area. 
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Fig. 6. 14-day moving averages of predawn leaf water potential (MPa; red) and mean ΔfRET (blue line, blue 

area represents standard deviation) extracted over all the transects during the growing seasons of 2010 to 

2014. The bottom panel is the USDM timeseries over the Missouri state for the study time period with the 

boxes indicate June to October of each year that corresponding with the time series in the top panel. 

The high-resolution remote sensing data also allow us to examine spatiotemporal patterns of ΔfRET over the 

sampling area, indicating differential responses to moisture conditions. Monthly maps of ΔfRET at 30 m 

spatial resolution are shown in Fig. 7 for the months of June through September 2010 to 2014. The general 

time behavior at 30 m is consistent with that in the regional ESI (Fig. 5), with 2012 distinguished as a strong 

drought year, and with transient, less severe stress in other years. Year 2011 also showed signs of 

developing drought in August and September, with lesser signals in September of 2013 and August of 2014 

corresponding with the drought events in USDM. 
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Several interesting features regarding spatial variation of ΔfRET are clearly visible in the monthly maps in 

Fig. 7. The pond at the end of the NW transect shows higher ΔfRET values during the 2012 drought compared 

to neighboring pixels, indicating the continued availability of water for evaporation. While the adjacent 

forest is subjected to soil water deficit and consequent downregulation of plant transpiration, evaporation 

from open water surface is not limited by available water. There are also times when the forest showed 

higher than the pond (e.g., Aug/Sep 2010, July 2011 and June 2014), typically during wetter conditions 

when forest ET is not limited by water supply. Another interesting spatial feature of note is the area on the 

north east of inventory with higher density of evergreen needleleaf trees (i.e., J. virginiana (eastern red 

cedar)), which showed more negative ΔfRET than the inventoried deciduous trees in August and September 

2012 under the extreme drought. This is unexpected because the stomatal conductance of J. virginiana is 

generally more stable over time and through drought periods in particular compared to the co-existing 

deciduous angiosperm species such as Q. alba (white oak), Q. velutina (black oak) and A. saccharum (sugar 

maple) (Bahari et al., 1985; Ginter-Whitehouse et al., 1983) and we thus might expect the opposite pattern. 

However, this is supported by the flux tower Phenocam imagery, which revealed that the evergreen trees 

showed greater negative deviation from their typical annual cycle in 2012 than their deciduous neighbors, 

with green-down starting considerable earlier than normal (Fig. S1).  

Despite the severity of the 2012 drought (minimum Ψpd = −4 MPa), the forest displayed remarkable 

recovery as evidenced by rapid leaf rehydration following soaking rains in early September (Gu et al. 2015, 

2016a). The ΔfRET timeseries also show a corresponding increasing trend starting from September 2012 

(Fig. 6), suggesting that most trees in the study are survived during the severe drought and recovered after 

the rainfall returned. However, the south and southwest transects show lower ΔfRET during the following 

moderate drought events in September 2013 and August 2014, which corresponds with high mortality rates 

in these transects and demonstrates high vulnerability of these transects to drought. 
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Fig. 7. Maps of monthly fRET anomalies (ΔfRET) for June to September from 2010 to 2014. Red colors 

represent negative ΔfRET (more stress) and green represents positive ΔfRET (less stress). 

As demonstrated by Gu et al. (2015) and Wood et al. (2018), tree mortality may relate to accumulated 

stresses stretching back into prior years. To illustrate the evolution of seasonal stress conditions and the 

accumulated effect over time we show the cumulative ΔfRET for one and two growing seasons as averaged 

over all the inventory plots, considering stress encountered between DOY 60 to DOY 300 during a given 

year (Fig. 8). The severe drought year of 2012 shows the most negative single-year cumulative ΔfRET.  
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Fig. 8. Average of cumulative ΔfRET for all the inventory plots starting from DOY 60 to 300 over years for 

the period from 2010 to 2014. 

 

4.4. High resolution ET metrics as a predictor of drought-induced tree mortality 

Following the severe drought of 2012, there was a pulse of tree mortality in the MOFLUX forest in 2013, 

which preferentially affected oak species—stem mortality rates were ~10 % and 26.5 % for Q. alba and 

Q. velutina stems, respectively (Gu et al. 2015; Wood et al., 2018). Here, we investigate the utility of 

fRET as predictor of tree mortality at the 30 m scale, and the magnitude of the time lag between stress 

onset and death. First, we analyzed the correlation between seasonal cumulative fRET (DOY 60-300) and 

the plot-level mortality rate at the individual plot and transect levels. We found that the plot mortality rate 

was highly associated with the cumulative ΔfRET in previous years (Fig. 9), consistent with prior work 

noting that mortality was related to physiological water stress in the prior year (Gu et al. 2015; Wood et 

al., 2018). As shown in Fig. 9, the highly negative cumulative fRET values from 2012 relate with the 

highest mortality rates in 2013, on average across all plots.  While lower than in 2013, mortality was 
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again relatively high in 2014 compared to before the drought despite the wetter conditions (Fig. 9), 

indicating a tail in the die-out extending more than one year.  

 

Fig. 9. Mortality rate for each plot for each year from 2010 to 2014 and the corresponding cumulative fRET 

anomaly, ΔfRET, of the previous year. The red bars are the cumulative ΔfRET in the years denoted at the 

bottom in red, and the blue bars are the stem mortality rate (referenced to the live trees in the preceding 

year) of each plot in the years denoted in blue at the bottom. Note that the order of the cumulative ΔfRET 

axis has been reversed, and in each subpanel the plot number is identified by a number following Fig. 2.  

The improvement in correlation between transect mortality and cumulative fRET  from the prior year (Fig. 

10a) and the prior two years (Fig. 10b) suggest that persistent stress extending over multiple years may 

trigger enhanced mortality. This corroborates findings of Gu et al. (2015) and Wood et al. (2018), 

demonstrating the importance of considering the pre-drought conditions when studying tree mortality 

triggers. 
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Fig. 10 a) The relationship between transect average mortality rate and prior year cumulative fRET anomaly. 

The purple, red, orange and blue dots represent mortality (cumulative fRET anomaly) data from years 2011 

(2010), 2012 (2011), 2013 (2012), and 2014 (2013) respectively. b) The relationship between transect 

average mortality rate and average cumulative fRET anomaly over the prior two years.  

 

5. Discussion 

5.1. Utility of ET metrics for detecting drought impacts in forest  

Plant leaves must remain hydrated to maintain function and carry out photosynthesis. The plant hydraulic 

system must transport sufficient water to leaves to match the transpirational water losses incurred when 

stomata open to take up atmospheric CO2 to prevent excessive leaf dehydration and tension in the xylem 

(Sack et al., 2016; Tyree and Zimmermann, 2002). This balancing act takes place every day as plants 

experience the stresses of a typical diurnal cycle. During drought conditions, plants must respond to the 

amplified stress to maintain function and prevent death. The maintenance of plant function and carbon 

assimilation during drought is determined by traits controlling the ability to avoid soil water deficits, 

stress, and damage, as well as the ability to tolerate damage (Gilbert and Medina, 2016; Kozlowski and 

Pallardy, 2002). Although a complex suite of mechanisms govern plant responses to soil water or 

atmospheric droughts, an important integrated signal that is ultimately manifested is the downregulation 

of stomatal conductance and, as a consequence, transpiration (Buckley, 2019, 2005). Therefore, as stress 

worsens, ET increasingly diverges from the ET that would otherwise be attainable for a well-watered state 
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under the given atmospheric conditions, and this behavior can be used to diagnose plant water stress using 

the ET metrics (Anderson et al., 2016b). 

Studies using ESI as an indicator of agricultural drought found useful early signals of yield impacts 

comparing with using precipitation and LAI data in Brazil (Anderson et al., 2015). However, forest ET 

tends to be more resilient to drought than short vegetation due to deeper rooting systems. Yang et al. 

(2020) examined ESI over a pine plantation in the lower coastal plain of NC and found muted drought 

response within the pine stands due to relatively high ground water level and extended rooting depth. The 

dynamic and stronger drought conditions around the MOFLUX site provide an ideal testbed for a more 

in-depth examination of the potential for forest stress detection using ESI. In this study, we detect forest 

water stress in ESI both at the 4 km regional and 30 m scales (ΔfRET  at 30 m). Fig. 6 shows that ΔfRET over 

the MOFLUX forest site corresponds well with observed Ψpd. We also see drought impacts strongly 

expressed in Fig. 7–8. The comparatively thin soils  MOFLUX make this site more vulnerable to drought, 

contributing to the stronger response seen here in comparison with the pine plantation site in North 

Carolina evaluated by Yang et al. ( 2020). In addition, the 2012 drought at MOFLUX was more severe 

than the 2010 drought sampled in the NC study. 

5.2. Utility of ET metrics for predicting drought-induced tree mortality  

We found that ET metrics were good indicators of drought-induced mortality, when integrated over the 1-

2 years before tree death. The transect mortality explained by previous years’ cumulative ΔfRET accounted 

for about 33% of the total study variability, while the previous two years’ ΔfRET accounted for about 66%. 

This suggests that there is about a one-year lag for the peak drought-induced mortality for the MOFLUX 

site, and that the drought impact can last for more than one year. This explains the high mortality rate at 

MOFLUX in 2014, considering 2013 had only mild drought. The higher correlation between tree 

mortality and previous two years’ ΔfRET demonstrates the importance of considering the tree health 
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condition before drought and is consistent with the drought-pathogen interaction mode of mortality found 

by Wood et al. (2018) over this site. 

This is also consistent with the previous study by Gu et al. (2015) over the same site, which found that the 

time lag between drought and mortality is about one year and the drought may have longer-term impacts. 

They analyzed the relationship between precipitation, temperature, VPD and predawn leaf water potential 

and whole site mortality and species mortality and found the strongest correlation existed when using the 

mortality rate with previous year’s variables. However, the length of the delayed response may vary 

among sites with different soil, vegetation and climate types. Study of drought-induced mortality in 

California found the strong dependence of mortality on mean annual CWD were not apparent until the 4th 

year of drought (Young et al., 2017).  

In Gu et al. 2015, the community mortality showed good correlation with community predawn leaf water 

potential integral (R2=0.57), mean effective precipitation interval (the mean number of days between rain 

events of 5 mm or more, R2=0.84), precipitation variability index (R2=0.75) and vapor pressure deficit 

(R2=0.56). Because ET effectively integrates all these climate variables, ET metrics should be an effective 

predictor of drought induced tree mortality. Other studies show similar results when using different 

variables to explain mortality rate. A study of regional forest die-off patterns observed in 2009 in 

Colorado found summer temperature, growing season soil moisture and summer precipitation during the 

2002 drought year are the top three variables and explained 24% of the variance in spatial patterns using 

these three variables and 32% when using six variables (Anderegg et al., 2013).  

Tree mortality is a complex process, whereby a number of predisposing (e.g., poor site quality), inciting 

(e.g., drought) and contributing (e.g., pathogen attack) factors interact, ultimately resulting in tree death 

(Manion, 1991). The higher correlation between mortality and previous two years’ ET metrics suggest 

that for MOFLUX site, drought is not the primary reason for the mortality, but an inciting factor that 

severely weaken individuals, consistent with previous site-level observations (Wood et al., 2018). 
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Inventory analysis at MOFLUX revealed that Q. alba and Q. velutina individuals that died in the 

aftermath of the 2012 drought had displayed historically lower growth rates in the previous decade versus 

those that survived. It is therefore encouraging to see enhanced model performance (i.e., improved R2) 

when ΔfRET was integrated over the prior two growing seasons. It is possible that the longer integration 

captures more information on the historical plant performance and could thus have applications for 

diagnosing and identifying declining forest patches for management interventions. These findings support 

that remotely sensed ET-based stress metrics detect patterns of integrated plant water use performance 

that is ultimately related to tree mortality. 

Considering the importance of the pre-drought condition, this study highlights the added value of using 

time series ET metrics for evaluating pre-drought condition predicting tree morality rate prediction.  

5.3. Value of Landsat spatial resolution for drought-induced mortality prediction 

While many studies use climate variables such as precipitation, temperature, VPD and CWD to 

investigate tree mortality, these variables are typically generated coarse at spatial resolution and do not 

account for inter-species variation in drought adaption (Rao et al., 2019). To detect fine-scale patterns in 

tree response, the 30 m spatial resolution ET metrics estimated by fusing Landsat and MODIS retrievals 

provides valuable information to monitor forest drought impacts at close to the scale of individual tree 

crowns. Mixed pixels, which have different species that function differently under drought condition, are 

more difficult to generate accurate drought impact predictions for. Improvement in such pixels using 

higher resolution data, such as from Planet (Planet Team, 2017) or Venus (Dedieu et al., 2018) imaging 

platforms, can be a focus of further research. 

 

6. Conclusions 

This study applied a multiscale data fusion ET model using remotely sensed data to estimate daily stand-

scale ET over a temperate forest in central US. from 2010 to 2014 to study the relationship between 30 m 

actual ET and drought-induced mortality rate. The modeled 30 m daily ET retrievals agree well with eddy 
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covariance flux measurements, demonstrating the utility of the ET model for reasonably estimating ET 

over the temperate forest. 

The regional ESI and USDM can both monitor developing drought, while the regional ESI shows the 

capability to capture early signals of vegetation stress from drought comparing with USDM. At finer 

spatial resolution, 30 m ESI (referred as fRET and fRET anomaly) corresponds well with the field measured 

predawn leaf water potential and is also able to capture drought impacts and especially the strong stress 

signal during the exceptional 2012 drought. The transect mortality explained by previous two years’ 

cumulative ΔfRET accounted for about 66% of the total study variability. The high correlation suggests the 

importance of considering pre-drought condition for better estimation of tree mortality and indicates the 

added value of using time series ET metrics to take account of both pre-drought and drought condition for 

drought induced mortality study. This study demonstrates the utility of ET metrics for monitoring and 

detecting drought impact and predicting forest mortality and highlights the capability of using ET metrics 

estimated from remotely sensed data to provide useful information for forest management. 
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Supplementary Information 

 

Supplementary figures 

 

 

Figure S1. Comparison of deciduous broadleaf (DB) and evergreen needleleaf (EN) greenness phenology 

at the MOFLUX site using the green chromatic coordinate (GCC) measured using a PhenoCam. Mean 

annual cycles are also compared to 2012 data. The vertical dashed references line denotes September 1.  


