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H I G H L I G H T S  

• Remotely sensed evapotranspiration observations demonstrate clear differences among land cover types. 
• Urban forest evapotranspiration exceeds other urban cover types and potentially provides important flood reduction services. 
• Findings can help to guide green infrastructure design in our study area and other flood-prone urban settings.  
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A B S T R A C T   

With higher evapotranspiration (ET) rates compared to other urban land covers, urban forests can play an 
important role in stormwater flood reduction. Effective incorporation of urban forests into stormwater planning 
and green infrastructure design requires methods that can quantify ET across mixed-land use landscapes but with 
sufficient spatial resolution for parcel-specific rates. We used Landsat-derived ET from 2000 to 2018 to estimate 
30-m annual ET rates across the City of Virginia Beach, USA, a large urban landscape with increasing flood 
concerns. Our objectives were to compare ET rates across land covers and then identify land attributes and 
models to explain spatial ET variation. Upland and wetland forests had higher ET compared to urban areas, 
where wetland forest had annual ET rates 3–4 times that of urban and contributed ca. 40% of total landscape ET 
despite covering only 20% of the area. These quantified ET rates highlight the disproportional role that urban 
forests may play in stormwater runoff reduction, and can inform scenarios of land use change to prioritize forest 
conservation efforts. Relationships between ET rates and aggregated, higher resolution land attribute data 
indicated key drivers, where ET increased with canopy cover and decreased with impervious cover and water 
table depth. A regression model combining these drivers explained approximately 70% of ET variation, providing 
means to downscale ET estimates to further guide stormwater planning at finer spatial scales. Our findings 
emphasize the importance of urban forests as green infrastructure elements and point to potential approaches to 
better incorporate them in stormwater planning decisions.   

1. Introduction 

Evapotranspiration (ET) is an important component in the hydro-
logic cycle and represents a major water loss in the landscape (Irmak & 
Haman, 2003; Rothfuss et al., 2010). Regional ET differences are largely 
driven by climate variables such as temperature and humidity (e.g., 
potential evapotranspiration; PET) (Teuling et al., 2009; Adnan, Ullah, 

Khan, & Gao, 2017). However, local ET can vary widely based on land 
cover, vegetation types, and available water (Zhang, Dawes, & Walker, 
2001) and thus particularly in mixed-land use landscapes. In urban 
settings, ET is generally much lower compared to less disturbed land-
scapes (Taha, 1997; Liu et al., 2010), which together with limited soil 
water infiltration results in increased stormwater flooding (De Roo, 
Schmuck, Perdigao, & Thielen, 2003; Berland et al., 2017; Kuehler, 
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Hathaway, & Tirpak, 2017). However, urban and suburban landscapes 
often contain a variety of land covers, which can substantially vary in ET 
rates, ranging from urban and residential covers to open greenspace, 
waterways and vegetated patches (Litvak, Manago, Hogue, & Pataki, 
2017). Within these cover classes, drivers of ET can further exhibit 
spatial heterogeneity. For example, urban covers vary in impervious 
extents and structure heights, which can affect heat and turbulence 
fluxes and water availability (Grimmond & Oke, 1991; DiGiovanni- 
White, Montalto, & Gaffin, 2018 and references therein). Open space 
and vegetated patches typically support higher ET rates, which can be 
further increased due to the oasis effect (i.e., dry, hot air from imper-
vious covers into vegetated areas; Drexler, Snyder, Spano, & Paw U, 
2004), but can also exhibit ET variation due to differences in water 
availability and vegetation structures, ranging from turf grass to forest 
patches (Peters, Hiller & McFadden, 2011; Nouri et al., 2016). Quanti-
fying such variable ET rates is thus needed to inform planning efforts 
and green infrastructure design that recognize the role of ET losses in 
flood reduction services. 

Numerous studies document the use of green infrastructure (e.g., 
green roofs, vegetated swales, green spaces) in urban flood reduction (e. 
g., Lennon, Scott, & O’Neill, 2014; Liu, Chen, & Peng, 2014). Until 
recently, however, green infrastructure practices have mainly focused 
on infiltration-based technologies (e.g., rain gardens, permeable pave-
ments) and individual “street” tree planting and conservation. Larger, 
urban forest patches can be a common feature embedded within 
otherwise mostly urban areas (Nowack, Noble, Sisinni, & Dwyer, 2001; 
see inset in Fig. 1), and thus deserve more attention as a green compo-
nent due to their potentially higher water storage capacity (e.g., via 
canopy interception and soil infiltration) and subsequent water losses 
via ET (Berland et al., 2017). While it is not surprising that vegetated 
patches within urban and suburban settings can provide ET hotspots 
(Peters et al., 2011; Litvak et al., 2017), research is needed on urban 
forest ET relative to other surrounding cover types (Kuehler et al., 2017) 

and at land-parcel scales (e.g., < 1 ha; Berland et al., 2017), a spatial 
scale necessary to inform stormwater planning decisions and green 
infrastructure design. 

In situ methods for ET measurement (e.g., eddy covariance towers, 
sap flow sensors, and lysimeters) are costly and limited in spatial rep-
resentation (Drexler et al., 2004; Glenn et al., 2011), and thus unfeasible 
for applications in heterogenous systems such as urban landscapes 
(Nouri et al., 2020). In contrast, remotely sensed-based approaches can 
estimate ET at high spatial resolution while also covering large spatial 
extents (Courault, Seguin, & Olioso, 2005; Gowda et al., 2007). While 
remotely sensed methods have predominantly been applied in agricul-
ture and more natural landscapes, they have been increasingly used in 
mixed-land use and urban settings (Nouri et al., 2016; Faridatul, Wu, 
Zhu, & Wang, 2020). For example, annual ET rates based on vegetation 
index methods and derived from MODIS satellite imagery can provide 
accurate estimates in mixed land uses but at a fairly coarse resolution 
(250 m), thus limiting finer scale information into spatial variability 
(Nouri et al., 2016). Using Landsat imagery data and an energy balance- 
based approach, the Mapping Evapotranspiration at high Resolution 
with Internalized Calibration (METRIC) model offers an alternative 
method to provide higher resolution (30 m) ET estimates (Allen et al., 
2007; Trezza, Allen, & Tasumi, 2013; French, Hunsaker, & Thorp, 
2015). The METRIC model and similar energy-based approaches have 
been widely used in agriculture settings, but some research has extended 
applications to mixed-land use and urban landscapes (Allen et al., 2007; 
Liu et al., 2010; Senay, Friedrichs, Singh, & Velpuri, 2016; Spilioto-
poulos, Holden, & Loukas, 2017; Faridatul et al., 2020). While there 
have been suggested refinements to these energy balance-based methods 
for focused applications in urban settings (Zhang et al., 2017; Faridatul 
et al., 2020), 30-m METRIC ET data are now readily available from the 
Earth Engine Evapotranspiration Flux (EEFLUX) tool on the Google 
Earth Engine Platform. As such, available METRIC data along with 
detailed land cover data may support broad inquiry into the relative ET 

Fig. 1. Study area along with land use/land cover data from National Land Cover Database 2011. Insets show i) regional location and ii) characteristic upland and 
wetland forested patches within the otherwise urban landscape (from Google Earth Imagery). 
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differences between urban forests and other land covers and thus po-
tential consequences of various land change scenarios. 

In urban and suburban settings, remotely sensed ET values, including 
30-m METRIC data, intrinsically represent mixed signals from sub-pixel 
cover components (Wu and Murray, 2003; Shao, Li, Guenther, & 
Campbell, 2015). Statistical modeling of ET using aggregated, higher 
resolution (e.g., 1-m resolution) land cover data can improve our un-
derstanding of ET drivers in urban settings and potentially enable 
downscaling of ET estimates. However, such modeling has been limited 
or conducted with larger analytical units (e.g., watershed scale and 
regional scale) (Kişi, 2006, 2011; Lu, Sun, McNulty, & Amatya, 2003; 
Sanford & Selnick, 2013), highlighting research needs to link ET and 
high-resolution land use data to inform green infrastructure planning at 
finer spatial scales. 

Here, we use available METRIC 30-m ET data to compare annual ET 
rates among land cover types in Virginia Beach, USA. Using higher- 
resolution land use (0.5 m) and groundwater (3 m) data, we also 
explore potential drivers and associated predictive models of annual ET 
rates. We focus on Virginia Beach because the area has growing concerns 
related to stormwater flooding and increasing efforts to incorporate a 

portfolio of solutions, including green infrastructure, for flood reduc-
tion. Understanding ET differences and associated drivers among land 
cover types will help such efforts in Virginia Beach and is broadly 
relevant to green infrastructure design and forest conservation in other 
urban landscapes. 

2. Methods 

2.1. Study area 

The City of Virginia Beach encompasses ca. 640 km2, with a popu-
lation of 450,189 as of 2018 and with an estimated 2.8% increase in 
population since 2010 (U.S. Census Bureau). According to the National 
Land Cover Database (NLCD) 2011, Virginia Beach land cover types 
include (Fig. 1): urban (“developed”) (39.3%), forested (“woody”) and 
herbaceous wetlands (28.3%), water bodies (12%), agricultural 
(14.1%), upland forests and shrubs (4.8%), and minimal amounts of 
other covers (e.g., grasslands & barren land). By comparing NCLD2001 
and NLCD2011 datasets, the newly urbanized area in this decadal time 
period was approximately 13 km2, with a slow annual urbanization rate 

Fig. 2. Example of METRIC-derived daily ET from Landsat flyover on March 14th, 2013, obtained from EEFLUX.  
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(<1%). Soils in the study area are dominated by silt loam or loam (50% 
of the area), with smaller extents of sandy clay loam (35%) (NRCS 
SSURGO Database). The landscape is relatively flat, with a mean slope of 
2.4%. The climate is considered humid subtropical, with annual pre-
cipitation of 1143 mm and annual potential evapotranspiration (PET) of 
838 mm (for nearby Norfolk; Univ. of Virginia Climatology Office). 

2.2. Data processing 

2.2.1. Pre-processing METRIC-derived daily ET rates 
To estimate ET across our study area required remotely sensed data 

that cover the required spatial scale as well as include enough obser-
vations over time to determine annual ET rates while accounting for 
seasonal variability. To do so, we obtained available ET data from the 
Earth Engine Evapotranspiration Flux (EEFLUX) tool, which estimates 
and calibrates ET data using the METRIC model and Landsat imagery 
archived on Google Earth Engine Platform (Allen et al., 2015). The 
model estimates daily ET (mm) at a 30-m resolution for each satellite fly- 
over date (16-day frequency); see example of daily ET observations in 
Fig. 2, indicating lower ET values in northern, more urban locations 
(Fig. 1). The METRIC model is based on the previous Surface Energy 
Balance Algorithms for Land (SEBAL) model and is a mature, opera-
tional surface energy balance model capable of producing reliable ET 
estimation with high resolution for large spatial scales (Allen et al., 
2011; Foolad et al., 2018). 

Daily ET data for 30-m pixels between 2000 and 2018 were down-
loaded from EEFLUX website (https://eeflux-level1.appspot.com/). Our 
study area encompasses two Landsat scenes, thus daily ET data for each 
scene were downloaded separately and then merged into one integrated 
dataset. These daily ET data were then manually checked to exclude 
scenes with a total cloud coverage over 30%, as reported in the EEFLUX 
output data. For the remaining scenes (n = 301), we downloaded the 
corresponding original Landsat scenes (Landsat Level 1 collection 
products, including 5, 7, and 8 imagery) from Earth Explorer 
(https://earthexplorer.usgs.gov/). Then, these Landsat imagery data 
were processed by Fmask 4.0, a software capable of recognizing clouds 
and shadows, to generate cloud masks (Qiu, Zhu, & He, 2019). The daily 
ET data and their corresponding cloud mask were integrated to exclude 
cloud-contaminated pixels, providing a time series of cloud-free daily ET 
data for each 30-m pixel. 

2.2.2. Determination of annual ET rates 
Before deriving annual ET rates, cloud-free daily ET data were 

further processed to exclude outliers and decrease uncertainty in two 
steps. First, outliers were corrected by truncation using the long-term 
temporal distributions for each pixel, with the reasonable daily ET 
value range for each pixel defined based on the interquartile range rule. 
All the daily ET values beyond this reasonable range were regarded as 
outliers, which were reclassified as the corresponding upper/lower limit 
value. Second, to reduce uncertainty for pixels with limited or highly 
variable observations in a specific month, processed data were further 
corrected by borrowing strength from other pixels from the same land 
cover and month using Bayesian Posterior Processing (see S1). 

With corrected daily ET rates, we determined average daily ET for 
each pixel and month using data between 2000 and 2018; these month- 
specific daily means were then converted to average annual rates (mm/ 
year) for each pixel using number of days in each month. Annual means 
were compared among five major land cover types, as well as sub-
categories within urban and forested categories. We note that removing 
cloudy days and pixels was a necessary step (due to increased uncer-
tainty under such conditions; Chen & Yang, 2012; Hwang & Choi, 2013) 
but results in a consistent bias to high (cloud-free) ET days. As such, 
derived annual estimates are likely overestimated; however, relative 
comparisons among land cover types should not be affected since this 
bias is equally applied across all pixels and land cover types. 

2.3. Exploring ET changes due to land use change 

The data range used here (2000–2018) was chosen to maximize data 
availability. For pixels experiencing land use (and associated ET) 
changes over this period, average annual ET rates from the full data 
range may not reflect current conditions. However, a comparison of 
NLCD 2001 and NLCD 2011 datasets demonstrated a slow annual urban 
growth rate (<1%) in our study domain, suggesting that generating the 
annual ET layer based on ET data from 2000 to 2018 is reasonable. Still, 
we did compare average annual ET separately for the 2000–2010 and 
2010–2018 periods to explore potential changes in ET due to land use 
change over time. To do so, we identified two groups of pixels: ones that 
changed from a non-urban cover to an urban cover (i.e., newly urban-
ized) and those that did not experience land use change between the 
evaluated time periods. Differences in annual ET between the two time 
periods were then compared between the two groups using the non- 
parametric Mann-Whitney-Wilcoxon Test. 

2.4. Drivers and models of annual ET 

To explain ET differences among pixels, we obtained land attribute 
data for expected drivers, including impervious cover, canopy cover, 
and depth to water table. These data are available at higher resolution 
than the ET data, allowing us to understand aggregate controls on 30-m 
ET observations. For impervious cover and canopy cover, we used 0.5-m 
resolution land cover data acquired from the Tree Canopy Assessment 
for Virginia Beach (O’Neil-Dunne, 2019). In addition to higher resolu-
tion, these land cover data are also independent observations from 
Landsat imagery (used for NCLD datasets), from which our derived ET 
were based. Pixels (0.5 m) defined as urban were considered as imper-
vious, and forested pixels were considered as canopy. These cover 
classes were then resampled to 30-m resolution, concordant with ET 
data, where percent canopy and impervious covers for each 30-m pixel 
were determined as the proportion of respective 0.5-m subpixel cover 
classes. For depth to water table, we combined LiDAR-derived bare earth 
digital elevation model (DEM) (3-m spatial resolution) from Virginia 
Information Technologies Agency (VITA; https://www.vita.virginia. 
gov/integrated-services/vgin-geospatial-services/elevation—lidar/) 
and USGS groundwater well observations (https://waterdata.usgs. 
gov/va/nwis/gw) to construct an interpolated 3-m raster set. To do 
so, we used 10 USGS wells, which had (sub-daily) data from 2012 to 
2016, and calculated mean annual water table depth for each well. Using 
ground elevation of each well (from the LiDAR DEM), we then converted 
the mean annual water table depth at each well to water level elevation. 
Mean water level elevations were then spatially interpolated among well 
locations using inverse distance weighted interpolation, which is 
preferred when spatial autocorrelation exists and there are relatively 
few data points for interpolation (Dormann et al., 2007; Larguech, 
2006). The interpolation of water elevations produced a continuous 
groundwater layer for the entire study domain, which together with the 
DEM, was used to calculate a mean annual depth to water table for each 
3-m pixel. These data were then resampled to 30-m by taking the 
average of 3-m values within each 30-m pixel, again concordant with the 
ET data. While the well data used spanned only a portion of our ET data 
record, relative spatial differences in water table conditions (and thus 
water availability) are useful when examining the degree to which they 
explain spatial differences in annual ET rates derived from longer time 
periods. 

For each dataset, we conducted regression analysis using all pixels (n 
= 754), with annual ET (for the full data record, 2000–2018) as our 
response variable. We report the significance and goodness-of-fit (R2) for 
these relationships using the full dataset but also illustrate the general 
trend in pairwise plots using a subset of 200 pixels, which were 
randomly sampled and equally (n = 50) from each of four major land use 
categories: urban, upland forest, wetland forest, and agriculture. We also 
conducted multiple regression using the full dataset to develop a 
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predictive model of ET using all three expected drivers. To address po-
tential nonlinearity, we explored several functional forms for both 
separate and multiple regression models, including linear regressions 
with different transformation methods (logarithmic, inverse, exponen-
tial, and box-cox transformations) and quadratic polynomial regression. 

3. Results 

3.1. Annual ET comparison among land covers 

Fig. 3 illustrates the distribution of annual ET values from all pixels 
and categorized by major land cover types. Differences among land 
cover types are distinct, with wetland forest having the highest annual 
ET while urban cover has the lowest. 

Urban land uses have the lowest average annual ET rates and thus 
contribute only 23% of the total landscape ET, despite disproportionally 
higher amounts of area coverage (45%) (Table 1). Mean upland forest 
annual ET is almost twice that of urban, but with its very low coverage 
(5.5%) contributes the least to the total cumulative ET (4.7%). Among 
all the land cover types, forested wetlands have the highest mean annual 
ET value (ca. 3.5 times that of urban covers) and contribute the highest 
amount to cumulative landscape ET. We critically note that this 
contribution (42%) by wetland forests is disproportionally higher 
(almost by a factor of 2) than their area coverage (23%). Herbaceous 
wetlands also have high mean annual ET and contribute 13.4% of the 
total cumulative ET. Agriculture has intermediate ET values relative to 
the other land uses and contributes 17.7% of the total cumulative ET, a 
percentage similar to its area proportion. 

A forest-specific analysis demonstrates that all forest types other than 
forested wetlands have similar mean ET rates (920–961 mm; Table 2). 
Forested wetlands constitute 81% of the total forested area but 
contribute ca. 90% of the cumulative ET provided by all forest cover 
types. For urban subcategories, the range of mean annual ET rates was 
large (195 to 740 mm), with higher values in open space and low- 
intensity urban as expected due to lower impervious cover (Table 3). 

3.2. Changes in annual ET from land use change 

We also generated two different mean annual rates (one for 2000 to 
2009 and one for 2010 to 2018) to assess changes between these two 
time periods. Fig. 4A illustrates the pixel- specific differences between 

these two periods (2010–2018 minus 2000–2009), where positive 
values indicate ET increases. The change is relatively small across the 
study area, which is concordant with the documented small change in 
land use during these two periods. However, there are some evident 
areas, albeit limited in spatial extent, with ET decreases (blue colors in 
Fig. 4A) likely reflecting conversion to urban cover. Indeed, ET changes 
for newly-urbanized pixels were significantly higher (and importantly 
negative) compared to the no-change pixel group (Fig. 4B). That is, 
urbanization generally resulted in lower ET values, explaining such lo-
cations in Fig. 4A, whereas the no-change pixels exhibited ET changes 
centered around zero. There were also some locations with ET increases 
between these two time periods, but to a lesser magnitude than the 
observed ET declines; such locations primarily represent wetland and 
agriculture areas, suggestive of changes in weather variables or water 
availability that warrants further investigation. 

3.3. Drivers and models of annual ET 

Among tested regression models, quadratic polynomial regression 
performed best for each predictor variable. There was a negative, sig-
nificant (R2 = 0.5, p < 0.001) relationship between annual ET and 
impervious cover when using the full data set. Fig. 5A illustrates this 
negative trend using a random subset of 200 pixels (50 for each major 
land use cover denoted with different colors), with a similar, albeit 
lower, R2 (0.34) to that of the entire dataset. As expected, urban areas 
have a high impervious cover and associated low ET rates. Interestingly, 
the other three groups have similar (and very low) impervious covers 
but clearly different ET values; however, the separation by land cover is 
clear, again with wetland forest exhibiting the highest annual ET rates. 
Differences among these three groups are likely due to other land cover 
attributes (canopy cover, depth to water table) that drive ET. 

There was a positive, significant relationship (R2 = 0.4, p < 0.001) 
between mean annual ET and canopy cover percent, which is shown in 
Fig. 5B using a subset of 200 pixels and an R2 (0.35) similar to that of the 
entire dataset. Despite this general positive trend, land cover groups 
cluster together and clearly differ in ET even at similar canopy covers. 
Wetland forests have similar percent canopy cover compared to upland 
forests but much higher ET rates, likely due to shallow water tables and 
thus more water availability. Similarly, canopy cover percent is often 
similar between urban and agriculture pixels, but agriculture clearly has 
higher ET rates due to crop (not tree canopy) water use. 

Fig. 3. Frequency distribution of annual ET values from all pixels categorized by major land use/cover.  
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There was a negative and significant (R2 = 0.38, p < 0.001) rela-
tionship between mean annual ET and depth to water table, suggesting 
that shallow water tables (small water table depth values) generally 
increase ET. The subset of 200 pixels illustrates this trend and with the 
same R2 value as the full dataset (0.38; Fig. 5C). Of the four major land 
covers, wetland forest generally has the smallest depths to water table (i. 
e., high water availability) and thus the highest ET values. However, 
there are some occurrences of upland forest and agriculture pixels with 
similar depth to water tables as wetland forest but with lower ET values; 
this is likely due to differences in canopy cover (see Fig. 5B). Likewise, 
urban pixels span similar ranges of water table depths as other cate-
gories but have substantially lower ET rates due to impervious cover. 
Together, these results highlight the interacting influences of multiple 
attributes (impervious cover, canopy cover, and water availability) on 
ET rates. 

The best-fit multiple regression model for ET using impervious cover, 
canopy cover, and depth to water table was also a quadratic polynomial 
regression and is shown in Table 4. The resulting model had an R2 =

0.71, with all variables significant and having similar relative impor-
tance. Fig. 6 illustrates this model with a subset of 100 pairs of predicted 
and observed values, with a similar R2 value to the entire dataset. 

4. Discussion 

Using remotely sensed daily ET rates over a ca. 20-year time period, 
we compared annual ET among land cover types in Virginia Beach, a 
large urban landscape with growing stormwater flooding concerns. Such 
data enable ET estimation at both the spatial scales and resolution (30- 
m) necessary to inform stormwater planning and green infrastructure 
design. We found lower ET from urban covers and disproportional 
contributions from forest covers to total landscape ET, particularly from 

wetland forests (i.e., ca. 40% of total land ET despite 20% of land area). 
Using higher resolution land use data, we were able to explain drivers of 
ET variation and develop predictive models for potential downscaling 
ET estimates. Our work indicates the potential value of urban forests in 
flood reduction and highlights how remotely sensed ET data can be used 
to inform stormwater planning and green infrastructure design. 

4.1. ET differences among and within land cover types 

Relative differences in annual ET among land covers were evident, 
particularly when assessing each land cover’s proportional contribution 
to total landscape ET (Table 1). As expected, urban rates had the lowest 
ET among all major land covers, consistent with other studies using 
remotely sensed estimates (Sun et al., 2004; Liu et al., 2010) and on-the- 
ground approaches (Liu et al., 2008). As a consequence, urban cover in 
Virginia Beach contributes only 23% of the total ET despite being the 
dominant land use (45% of area). To that end, we found significant ET 
decreases for newly urbanized pixels when parsing the ET dataset into 
two time periods (Fig. 4). Yet, there were also clear differences among 
urban sub-categories that highlight consequences of development in-
tensity and continued changes thereof within urban areas. For example, 
ET values for open space and low intensity were 3.8 and 2.7 times higher 
compared to high intensity developed, respectively, and more compa-
rable to (but less than) upland ET values (Tables 2 and 3). In Virginia 
Beach, and many other large mixed-land use landscapes, lower intensity 
urban areas can be dominant (approximately 35% of land area in Vir-
ginia Beach), suggesting their relative contribution to ET-associated 
functions and implications of continued development. These findings 
are supported by our regression analysis, where impervious cover 
decreased ET (Fig. 5A), and are in accordance with other studies 
exploring ET drivers in urban settings (Grimmond & Oke, 1999; Haase, 
2009; Liu et al., 2010). 

Upland and wetland forest covers exhibited much higher ET 
compared to urban areas, indicating the relative role of such forest 
patches in supporting ET-associated functions. In locations such as 
Virginia Beach and many others, growing stormwater flooding concerns 
are motivating both engineered and green infrastructure solutions (Soz, 
Kryspin-Watson, & Stanton-Geddes, 2016). The importance of “street” 
trees in runoff reduction has been recognized (Stovin, Jorgensen, & 
Clayden, 2008), but larger forest patches have received less attention as 
potential locations for flood mitigation services. Of particular note in our 
study area, wetland forests represent a major land cover (23% of the 
area) and are often adjacent to urban, flood-prone areas. We found that 
wetland forest covers have ET rates ca. 3.5 times that of urban, and thus 

Table 1 
Percent of land area and mean, cumulative, and percent contributions of ET for major land use/cover types, where the percentages of land area and contributions are 
relative to the total landscape values. Grassland and barren land are excluded from the table due to their small area percentage (0.4% and 1%, respectively).   

Urban Agriculture Upland Forest Forested Wetland Herbaceous Wetland 

Area (%) 45.42 16.42 5.48 23.46 9.22 
Evapotranspiration      
Mean (mm) 546 1189 937 1945 1583 
Cumulative (m3) 1.74 × 108 1.36 × 108 3.62 × 107 3.20 × 108 1.03 × 108 

Contribution (%) 22.62 17.68 4.71 41.60 13.39  

Table 2 
Percent land area and mean, cumulative, and percent contributions for ET of each forest sub-types, where the percentages of land area and contributions are relative to 
the total forest cover.   

Deciduous Forest Evergreen Forest Mixed Forest Shrub/Scrub Forested Wetland 

Area (%) 5.29 7.87 1.57 4.27 81.01 
Evapotranspiration      
Mean (mm) 949 920 961 948 1945 
Cumulative (m3) 1.02 × 107 1.47 × 107 3.07 × 106 8.22 × 106 3.20 × 108 

Contribution (%) 2.86 4.13 0.86 2.31 89.84  

Table 3 
Percent land area and mean, cumulative, and percent contributions for ET of 
each urban sub-types, where the percentages of land area and contributions are 
relative to the total urban cover.   

Developed, 
Open Space 

Developed, 
Low- 
Intensity 

Developed, 
Medium- 
Intensity 

Developed, 
High- 
Intensity 

Area (%) 34.55 41.66 18.76 5.03 
Evapotranspiration     
Mean (mm) 740 523 332 195 
Cumulative (m3) 8.15 × 107 6.95 × 107 1.98 × 107 3.12 × 106 

Contribution (%) 46.86 39.96 11.38 1.80  

H. Wan et al.                                                                                                                                                                                                                                    



Landscape and Urban Planning 210 (2021) 104069

7

disproportionately contribute to total landscape ET. Upland forests also 
exhibit higher rates than urban but lower than wetland forests, indi-
cating important differences among forest cover types similar to those 
within the broad urban cover class. Regression analysis highlighted the 
influence of water table depth on ET (Fig. 5c), helping to explain higher 
ET in wetland forests where water availability increases ET rates. Can-
opy cover can also exert a strong control on forest ET rates (Fig. 5B), and 
accordingly many ET predictive models are largely based on such forest 
structural attributes, including basal area and leaf area index (Yan et al., 
2012; McLaughlin, Kaplan, & Cohen, 2013). However, such modeling 
and targeted urban forest conservation may benefit from a better rep-
resentation of the ET differences among forest types due to forest 
composition, canopy structure, and water availability. 

4.2. Tools to guide urban forest conservation 

Our findings regarding ET differences between forested and urban 
areas are not surprising, but we emphasize the magnitude of those dif-
ferences and, importantly, how such information can support tools to 
assess and incorporate the role of urban forests in stormwater planning. 
For example, remotely sensed ET data can enable estimates of ET change 
with forest loss scenarios and thus demonstrate the value of forest 
conservation as an important green infrastructure strategy. As of 2020, 
approximately half of Virginia Beach forests were either protected (re-
ported by the Virginia Department of Conservation and Recreation) or 
controlled by the City of Virginia Beach. For the remaining “unpro-
tected” forests, replacing pixel-specific ET observations with mean 
values for different urban subcategories yields annual ET losses of 11% 
− 32% compared to current total forest ET, the range of which depends 
on development intensity (data not shown). Going forward, ET data can 
support such scenario analyses for particular locations relevant for 

specific land planning decisions. Further, integrating ET observations 
with higher resolution land attribute data can guide planning decisions 
at smaller spatial scales and potentially inform stormwater models and 
policies. Aggregating data for impervious and canopy covers (0.5 m 
resolution) and water table depth (3-m), we developed a multiple 
regression model that explained 71% of the variation in 30-m annual ET 
estimates. Such predictive models thus have the potential to use 
increasingly available fine-scale land use data for ET downscaling and to 
inform such actions as stormwater credit programs, which often occur at 
sub-30 m scales. 

We focused on ET services in the context of flood reduction given the 
pressing stormwater concerns in Virginia Beach and other urban land-
scapes, yet urban forest ET supports additional functions. For example, 
urban forest patches have been shown to mitigate urban overheating, 
largely due to elevated ET and thus latent heat exchange (Hiemstra, 
Saaroni, & Amorim, 2017). As such, urban forests can serve as “cool 
spots”, the extent to which can be indicated by relative ET estimates 
compared to other land covers. Further, ET, particularly in vegetated 
covers where transpiration dominates the flux, is directly linked to 
carbon uptake rates (Scott, Huxman, Cable, & Emmerich, 2006) thereby 
indicating potential carbon sequestration rates. Thus, our work and 
others focusing on urban forest ET has direct relevance to valuing 
multiple ecosystem services. Last, and not necessarily linked to ET, 
urban forests provide additional functions (e.g., habitat provision, rec-
reation, water and air quality; Mörtberg, 2001; Arnberger, 2006; 
Livesley, McPherson, & Calfapietra, 2016; Nowak, 2016), and quanti-
fied ET rates can help add to the portfolio of urban forest services and 
thus guide urban forest conservation and management. 

Fig. 4. A) Change in mean annual ET between 2000 and 2009 and 2010–2018, where positive values indicate ET increases (warm colors) and negative values 
indicate decreases (cool colors). B) Distribution of ET change values between 2000 and 2009 and 2010–2018 for pixels with no change in land use and pixels that 
were newly urbanized between these two time periods. Letters denote significant difference between pixel groups via Mann-Whitney-Wilcoxon Test. 
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4.3. Limitations and future work 

There are several limitations of our study that warrant future work. 
First, while there are multiple remotely sensed ET methods (Nouri, 
Beecham, Anderson, Hassanli, & Kazemi, 2015), we used METRIC- 
derived ET data given its longer record and higher spatial resolution 
compared to that of other currently available datasets, such as the 
MOD16 global ET product (500-m) and the Global Land Data Assimi-
lations ET product (ca. 28 km). However, the METRIC model has had 
limited applications in urban settings, and some studies have suggested 
improvements to it and other energy-based approaches to quantify ET 

for impervious covers (Zhang et al., 2017; Faridatul et al., 2020). For 
example, Faridatul et al. (2020) refined the SEBAL method to represent 
urban land surface parameters and anthropogenic heat fluxes, terming 
the new model uSEBAL. Applying both models in a mixed-land use 
landscape, the authors found similar values between SEBAL and uSEBAL 
for vegetated covers but lower ET estimates from the new model for 
impervious covers. Given that METRIC is largely based off of SEBAL, 
similar refinements to METRIC may also result in little change in urban 
forest ET estimates but lower rates for urban covers, further increasing 
the differences among these land covers as observed in our study. We 
also note that in situ ET estimates were not available in our study for 
model validation, representing an additional limitation of our work and 

Fig. 5. Mean annual ET versus A) percent impervious cover, B) percent canopy 
cover, and C) depth to water table for a subset of 200 randomly sampled pixels 
and equally from four major land uses (denoted by colors). Note that a negative 
depth to water table value represents standing water. Grey area represents 95% 
confidence interval. 

Table 4 
Summary of the quadratic polynomial regression model predicting mean annual 
ET with three predictor variables: impervious cover, canopy cover, and depth to 
water table. The Relative Importance metric represents the relative R2 contri-
bution among regressors following Lindemen et al. (1980).  

Summary of Fit  

Multiple R 
Square 

0.71     

Adjusted R 
Square 

0.71     

Residual 
Standard 
Error 

337.9     

Observations 713,754     
Parameter Estimates  
Term Estimate Std 

Error 
t-value Prob > | 

t| 
Relative 
Importance 

Intercept 1368 0.81 1685.26 <0.0001  
Impervious 

cover percent 
− 13.44 0.056 − 238.94 <0.0001 0.17 

Impervious 
cover 
percent2 

0.068 0.00068 99.95 <0.0001 0.10 

Water table 
depth 

− 119.5 0.27 − 450.98 <0.0001 0.17 

Water table 
depth2 

2.79 0.016 172.07 <0.0001 0.023 

Canopy cover 
percent 

− 5.24 0.049 − 107.28 <0.0001 0.10 

Canopy cover 
percent2 

0.11 0.0005 223.07 <0.0001 0.14  

Fig. 6. Modeled versus actual annual ET for a subset of 100 randomly selected 
pixels, where the modeled values use impervious cover, canopy cover, and 
depth to water table. 

H. Wan et al.                                                                                                                                                                                                                                    



Landscape and Urban Planning 210 (2021) 104069

9

future needs to validate METRIC in urban and suburban systems. 
Further, the METRIC model relies on the selection of hot (i.e., low ET) 
pixels and cold (i.e., high ET) pixels for boundary conditions of ET ex-
tremes. Accordingly, hot pixels are selected as those with the highest 
surface temperatures and least vegetated areas (via NDVI), whereas cool 
pixels represent areas with the lowest temperature and highest NDVI 
values, such that pixel selection is image dependent (Allen et al., 2013). 
While there is consensus for cold pixel selection, hot pixel selection 
approaches have been debated. For example, Lian and Huang (2015) 
suggest that sub-image hot pixel selection may be more appropriate for 
images with different surface thermal characteristics. Mixed land uses 
widely vary in surface properties, and the sensitivity of ET estimates to 
pixel selection in such settings remains uncertain, highlighting future 
work needs. 

With these limitations of the METRIC model acknowledged, we 
suggest that the observed magnitude of relative ET differences among 
land covers helps to reduce the uncertainty from its application in our 
mixed-land use study site. Further, we again note the observed re-
lationships between annual ET and expected drivers derived from an 
independent dataset, adding credence to our general findings. None-
theless, we, like other researchers (Nouri et al., 2015; Zhang et al., 2017; 
Faridatul et al., 2020), emphasize the need to further validate and refine 
remotely sensed ET methods for heterogeneous landscapes and, in doing 
so, increase the data availability from such methods. 

There are also considerations for deriving annual rates from (16-day 
frequency) daily ET records. Specifically, we screened both cloudy 
scenes and cloud-contaminated pixels to remove associated errors in ET 
estimates. While this is typically conducted (Tsouni, Kontoes, Kout-
soyiannis, Elias, & Mamassis, 2008; Senay et al., 2016), it results in a 
systematic bias for high ET days since cloud cover decreases solar ra-
diation and increases relative humidity, both of which result in lower 
daily ET rates (Zhang, Wang, Wang, & Zhang, 2016). Indeed, some of 
our annual rates for wetland forests approached 2,500 mm/yr, repre-
senting extreme values (compared to PET = 800 – 900 mm/yr in the 
region). Observed ET rates can often exceed PET due to such phenomena 
as the clothesline and oasis effects (Drexler et al., 2004). Nonetheless, 
our annual rates likely remain overestimates by biasing our dataset to 
cloud-free days. Such bias can be reduced by constructing pixel-specific 
relationships between (cloud-free) daily ET observations and climate- 
based PET estimates, where developed relationships and daily PET are 
then subsequently used to estimate daily ET time series (e.g., Singh, Liu, 
Tieszen, Suyker, & Verma, 2012). However, given our objective, we 
decided against this approach, suggesting it may introduce additional 
uncertainty (Lepot, Aubin, & Clemens, 2017). That is, our objective was 
to compare ET rates among land covers in one landscape, and we 
contend that relative differences in ET (via annual estimates solely using 
cloud-free days) are maintained and informative in understanding ET 
drivers and differences among land covers. Where absolute annual ET 
estimates are the objective (e.g., for water budget calculations, hydro-
logic model inputs, and comparisons to other regions), developing ET- 
PET relationships for estimating complete daily ET time series is the 
more appropriate approach. 

Last, our work estimated relative differences in annual ET among 
land uses but did not quantify the runoff reductions that may be realized. 
While runoff reduction is expected with higher ET (Rossi, Whipple, & 
Vivoni, 2016), specifically within urban forests, the degree to which 
annual ET estimates affect runoff reduction remains largely unknown, 
particularly at storm-event scales. In low-relief landscapes such as Vir-
ginia Beach, saturation-excess runoff (i.e., shallow water tables limiting 
infiltration) can be the dominant form of runoff (Appels, Bogaart, & van 
der Zee, 2016). Thus, runoff potential for any given storm event is 
determined by antecedent water table and soil moisture levels (Her-
nandez, Nachabe, Ross, & Obeysekera, 2003), which are largely regu-
lated by preceding ET water losses (Gerla, 1992). This supports the 
notion that higher ET will lead to runoff reduction and underscores a 
need to better parameterize commonly used stormwater models (e.g., 

Storm Water Management Model; SWMM) to represent ET differences 
and drivers among land cover types. Indeed, most applications of 
SWIMM simulate time-varying ET using climate data and apply the same 
rate across the model domain, failing to represent land cover ET controls 
(but see Feng & Burian, 2016). To do so will require daily ET time series 
and therefore ET-PET modeling as discussed above. Thus, our estimates 
of annual ET differences only point to this research need and the po-
tential for forest runoff reduction services, but do not provide the 
requisite data for such stormwater modeling efforts. 

5. Conclusions 

In this work, we used remotely sensed, 30-m ET data for a large, 
mixed-land use urban landscape (Virginia Beach, USA) and demon-
strated large differences in annual ET values between land cover types. 
Variation in ET among land covers is well recognized, but our work 
highlights the potential utility of remotely sensed ET data to better 
incorporate urban forests in stormwater planning and green infrastruc-
ture design. For example, wetland forests, the dominant forest cover in 
Virginia Beach, have the highest ET rates among all land cover types 
(roughly 3.5 times that of urban) and contribute ca. 40% of the cumu-
lative landscape ET but only ca. 20% of the land area. Such observed ET 
differences among land covers can be used in land use change scenarios 
to prioritize specific locations for urban forest conservation. We also 
found significant relationships between annual ET and higher resolution 
land attribute data, providing a potential approach to downscale ET 
estimates and thus further inform stormwater planning at smaller spatial 
scales, including such policies as stormwater crediting. However, future 
work is needed to better represent land cover ET differences within 
stormwater models for quantifying potential runoff reduction. Our work 
may help to motivate such future work but hopefully, at hand, will guide 
urban forest conservation efforts as part of the increasing use of green 
infrastructure solutions for multiple ecosystem services. 
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