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 Evapotranspiration (ET) is an important component of the hydrologic cycle that transfers 

large quantities of water vapor away from Earth’s surface into the atmosphere. In addition to 

having agricultural water management applications, including monitoring water rights 

compliance and irrigation scheduling, estimating ET is also important to quantify water used by 

other landscapes for soil-vegetation-atmosphere-transfer (SVAT) modeling schemes. This can 

only be done by estimating ET at large scales and this is most efficiently achieved by remote 

sensing.  

 Daily ET was retrieved from two remote sensing modeling schemes: a) Reconstructed 

METRIC:  Mapping EvapoTranspiration at high Resolution with Internalized Calibration (R-

METRIC) that uses thermal band data from the Landsat 8 satellite; and b) Fusion: 

ALEXI/DisALEXI (Atmosphere-Land EXchange Inverse/Disaggregated ALEXI) and STARFM 

(Spatial and Temporal Adaptive Reflectance Fusion Model) that combines GOES (Geostationary 

Operational Environmental Satellite), MODIS (Moderate-resolution Imaging Spectroradiometer) 

and Landsat 8. High resolution, daily ET was mapped over two predominately wooded or 

forested, water stressed study locations at Tonzi Ranch in California and Metolius Forest in 

Oregon for the summer months of 2013. Both sites have established networks of eddy covariance 

instruments that acquire high temporal resolution moisture flux data. 

 Instantaneous surface energy fluxes estimated by R-METRIC at the Tonzi study site showed 

reasonable agreement with in situ measurements over the flux tower footprint with relative errors 



 
 

(RE) less than 15% for all fluxes except latent heat (λET) which showed RE = 31%. Validation at 

the Vaira and Metolius towers showed similar results with the exception of significantly 

overestimating λET (RE = 297%) at Vaira and soil heat flux at Metolius (RE = 169%). 

DisALEXI showed good agreement for solar and net radiation (RE < 13%) at all sites. 

Significant overestimations of λET (RE up to 540%) and underestimations of sensible heat (RE 

up to 65%) were produced at each site. Additionally, soil heat flux at Metolius showed errors up 

to 167%.  

 While daily ET at Tonzi modeled with R-METRIC agreed well with observed measurements, 

modeled values of daily ET were significantly overestimated at Vaira (RE = 395%). DisALEXI 

showed severe overestimations of daily ET at both Tonzi and Vaira (RE = 428 and 596%, 

respectively). It should be noted that the observed daily ET at these sites is very low compared to 

the sensible heat flux which leads to the unexpectedly high error. At Metolius, the two models 

produced comparable results though they both overestimated the observed daily ET. Because 

daily ET was overestimated, the seasonal cumulative ET was also overestimated at all sites by 

both models with the exception of R-METRIC over Tonzi. 

 Surface and evaporative fluxes retrieved from the two models were also inter-compared over 

the different land cover types in the scenes. As both schemes were specifically developed for use 

over agricultural lands, they agree reasonably well with measurements when used over that land 

cover type. When applied over other land covers, specifically forests, grassland and shrubs, the 

daily ET showed greater discrepancies.  

The results of this study suggest that the current version of the Fusion scheme estimates 

much higher ET than actually occurs at all three tower locations at both instantaneous and daily 

scales. This likely results from the ALEXI processing step in which the air temperature for input 

into DisALEXI is found. Though relatively easy for the user to implement this model, until that 

step is debugged, it remains unclear how accurate it may be over non-agricultural environments. 

R-METRIC shows good agreement at the instantaneous scale but more discrepancy at the daily 

scale. Unlike the Fusion scheme, R-METRIC requires user discretion in order to calibrate it to 

the study site and is therefore subject to user bias. Though both models have proven their utility 

over agricultural fields, the water stressed conditions at both sites present a challenging yet 

important environment that needs improved accuracy in both models.  
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1 Introduction 

1.1 Evapotranspiration 

Because it involves the transfer of large quantities of water away from Earth’s surface, the 

combined effects of evaporation from soil and leaves and transpiration from plants can have 

important implications for water resources. Small scale measurements of evapotranspiration (ET) 

are already prevalent and well-established. Eddy-covariance stations, for example, are frequently 

used to determine turbulent fluxes, representative of a relatively small surface area, up to 

hundreds of meters. Unfortunately, these measurements cannot be easily extrapolated over larger 

landscapes due to heterogeneities in land characteristics such as elevation, vegetation, and soil 

types (Choi et al. 2009). However, estimations of actual ET on large spatial scales would be 

useful for many water resource applications including estimating agricultural water use and 

monitoring water rights compliance. Additionally, anomalies in ET can be used to identify 

certain regions, particularly those with crops, experiencing water stress and thus are a good 

indicator of drought. With this information, crop yields can be predicted, helping farmers make 

decisions about their field management in the immediate future (Anderson et al., 2012). Large-

scale ET estimates can also be used in conjunction with a variety of models including hydrologic 

or soil-vegetation-atmosphere-transfer (SVAT) models.  

A number of researchers have developed algorithms utilizing remote sensing to retrieve ET 

on a large scale (e.g. Bastiaanssen et al., 1998; Allen et al., 2007; Anderson et al., 1997). In 

addition to providing estimates for larger scales than in situ measurements, remote sensing is 

often inexpensive for the user to implement as many of the satellite platforms are developed by 

the government and data are freely available to the public. Two such operational ET modeling 

schemes include METRIC (Mapping EvapoTranspiration at high Resolution with Internalized 

Calibration) and the Fusion scheme made up of ALEXI (Atmosphere-Land EXchange Inverse 

model), DisALEXI (Disaggregated ALEXI) and STARFM (Spatial and Temporal Adaptive 

Reflectance Fusion Model). 

 

1.2  Surface Energy Balance 

The basis for both the METRIC and Fusion modeling schemes is the surface energy balance: 

 𝑅𝑛 − 𝐺 = 𝐻 + 𝜆𝐸𝑇         (1) 
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where the difference between net radiation (Rn) and soil heat flux (G) constitutes the available 

energy that is partitioned into either heating the air (sensible heat flux, H) or evaporating water 

(latent heat flux, λET).  

Based on the Surface Energy Balance Algorithm for Land (SEBAL), METRIC uses a single 

(or blended) source to estimate the components of the surface energy flux (Bastiaanssen et al., 

1998; Allen et al., 2007). The temperature gradient (dT) used in the calculation of sensible heat 

is estimated as the "near-surface" temperature gradient between 0.1 and 2 m above the 

displacement height where the logarithmic wind profile can be approximated as zero. A linear 

relationship is assumed to exist between the radiometric surface temperature (Ts) and dT defined 

by two extreme conditions: the "dry" condition where H dominates the turbulent fluxes and the 

"wet" condition where H is assumed to be minimal. The near-surface temperature gradient, and 

thus H, can then be found for the entirety of the scene. METRIC requires some user inputs from 

a meteorological station within the scene as well as user discretion in the selection of the location 

of the two extreme conditions.  

The Fusion scheme uses a multiscale, multisensor approach to map daily ET at high-

resolution. With its foundation in the Two-Source Energy Balance model (TSEB), 

ALEXI/DisALEXI uses fractional land cover to partition surface fluxes and radiometric surface 

temperature into soil and canopy components (Kustas & Norman, 1999; Norman et al., 2003). 

The model is coupled with an atmospheric boundary layer (ABL) model to develop a time-

differentiated temperature gradient found from the morning growth of the ABL. This research 

used meteorological inputs from the North American Regional Reanalysis (NARR) dataset.  

 

1.3 Previous Studies 

Cammalleri et al. (2012) compared the TSEB and SEBAL algorithms, focusing on the daily 

ET retrieved from the Advanced Spaceborne Thermal Emission and Reflection Radiometer 

(ASTER) by using both TSEB and SEBAL over grape, olive and citrus fields in Italy for seven 

different days in 2008. The models were found to be in general agreement with the mean 

absolute difference between TSEB and SEBAL being relatively low. Using TSEB as the 

reference model, the relative difference between the two models (averaging over all fields over 
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all days) was about 20%. The models showed less variability over the citrus fields than over the 

vineyards or olive orchards.  

Timmermans et al. (2007) also compared TSEB and SEBAL algorithms, but focused on 

differences in the turbulent fluxes that resulted from different land covers at the study sites: a 

semi-arid site in Arizona (Monsoon ’90) and a sub-humid site in Oklahoma (Southern Great 

Plains ’97). Modeled fluxes agreed reasonably well with observed tower data where the 

maximum RMSE for SEBAL and TSEB was 70 and 62 W/m2, respectively, produced in the 

estimation of λET. All other fluxes had RMSE less than 50. Looking at the larger spatial extent, 

the two models sometimes differed by over 100 W/m2 in their estimation of H, especially over 

bare soil and sparsely vegetated areas. 

Choi et al. (2009) conducted a comparison of METRIC and TSEB over the Soil Moisture 

Atmosphere Coupling Experiment (SMACEX) site in Iowa in 2002. Landsat 5 and Landsat 7 

were used for the analysis over corn and soybean fields. They showed relatively good agreement 

between METRIC and TSEB, showing RMSE of 52 and 34 W/m2 for Rn and G, respectively 

(with TSEB as the reference output). H and LE showed greater disagreement, both in relation to 

the observed fluxes and between models. H yielded a RMSE of 114 while for λET it was 52 

W/m2 comparing the two models and 53-62 W/m2 in comparison with observations. The greatest 

discrepancies between the models were found at low leaf area index (LAI < 2.0), where 

METRIC often showed values of H over 100 W/m2 more than TSEB and values of λET about 50 

W/m2 less than TSEB. There were no major differences in the way the models compared over 

corn and soybean fields. 

French et al. (2005) compared DisALEXI and SEBAL using ASTER over the SMACEX 

2002 campaign in Iowa. Both DisALEXI and SEBAL reasonably estimated Rn and G though 

DisALEXI showed generally greater values than SEBAL (biases of 13 and 11 W/m2, 

respectively). The turbulent fluxes show good agreement at low H and high λET but increasing 

discrepancies with increasing H and decreasing λET, with differences up to 100 W/m2 occurring 

in both H and λET. In comparison to observed flux measurements, biases remained under 31 

W/m2 for Rn and G. On average, DisALEXI performed better for H (bias = 7 compared to 

89W/m2) while SEBAL performed better for λET (bias = -1 compared to 89W/m2).
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1.4 Study Objectives 

As described above, several studies have been performed that compare components of these 

two methods over agricultural fields and their results show varying levels of agreement. The full 

Fusion scheme and METRIC have never been directly compared and neither has been proven 

over non-agricultural landscapes that may experience significant water stress. The utility of large 

scale ET estimations over non-agricultural environments is evident and thus, for this study, two 

semi-arid, wooded study sites were chosen for the analysis. Two such sites are Tonzi Ranch and 

Metolius Intermediate Pine Forest. Both of these are part of the Airborne Microwave 

Observatory of Subcanopy and Subsurface (AirMOSS) study that aims to better estimate plant-

atmosphere carbon exchange. Each site is considered representative of a specific type of 

ecosystem on the North American continent. Being able to estimate the ET at these sites will 

allow for a better understanding of the intereactions between the landscape and the atmosphere. 

Therefore, this research focuses on two questions: (1) How well do the models (Fusion and 

Reconstructed METRIC) estimate ET over the semi-arid, wooded environments of Tonzi Ranch 

and Metolius Forest? and (2) How do the model outputs compare with each other? The following 

section describes how these questions will be answered. 
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2 Methods and Materials 

2.1 Study Site Descriptions 

2.1.1 Tonzi Ranch  

Tonzi Ranch (38.43 N, 120.96 W) is located approximately 55 km southeast of Sacramento, 

California with the Sierra Nevada Mountains rising just to the east (Fig. 2.1). The average 

precipitation is 546 mm at Camp Pardee, a National Oceanic and Atmospheric Administration 

(NOAA) Cooperative Climatological Data (COOP) station about 22 km from Tonzi. The 

monthly maximum temperature ranges between 11.9 °C in January and 35.4 °C in July.1 The 

study domain covers approximately 1,600 km2 with a minimum and maximum elevation of 3 m 

and 789 m respectively. The tower is located at an elevation of 177 m in an oak savannah 

dominated by blue oak with an understory made up of grasses and shrubs. A second tower at 

Vaira Ranch (38.41 N, 120.95 W) is located 2 km southeast of the Tonzi Ranch tower. It is 

located in a grassland and is at an elevation of 129 m. Other major land use classifications in the 

study area include agricultural fields and some urban landscapes. The site is characterized by a 

Mediterranean climate with hot, dry summers and mild, wet winters. Eddy-covariance data were 

acquired at AmeriFlux towers that have been in use since 2001(Tonzi) and 2000 (Vaira).  

 

2.1.2 Metolius Intermediate Pine Forest  

Metolius Intermediate Pine Forest (44.45N, 121.56W) is located 36 km northwest of 

Redmond, Oregon (Fig. 2.1). The average precipitation is 1794 mm at the NOAA COOP station 

Marion Forks Fish Hatchery located approximately 10 km from the tower. Monthly maximum 

temperatures range from 3.3°C in January to 26.8°C in July.2 The Metolius study domain has an 

elevation range between 590 m and 1487 m and covers 1,240 square kilometers. The tower is 

located in a Ponderosa pine forest at an elevation of 1253 m. Other parts of the domain include 

dwarf shrub, agricultural fields and urban landscapes. Metolius is characterized by cool, wet 

winters and warm, dry summers. Flux tower data were taken from a tower that has been in 

operation since 2002. 

                                                 
1 http://www.wrcc.dri.edu/cgi-bin/cliMAIN.pl?ca1428 
2 http://www.wrcc.dri.edu/cgi-bin/cliMAIN.pl?or5221 
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 (a) (c) 

   
 (b) (d) 

Figure 2.1 – Locations of the study sites. The Tonzi Ranch study site (figures a and b) is an oak 

savannah located southeast of Sacramento, CA. Metolius Intermediate Pine (figures c and d) is 

an evergreen needleleaf forest located northwest of Sisters, OR.  

 

2.2  Data Acquisition 

2.2.1 Remotely Sensed Data 

Landsat scenes were obtained through the United States Geological Survey (USGS) Earth 

Explorer website by selecting the appropriate path/row, time period and scenes with cloud cover 

less than 40%. Landsat 8 images are typically available every 16 days with shortwave band 

resolution of 30 m, thermal infrared band (TIR) bands at 100 m, and 11 spectral windows (Table 

2.1). As Tonzi Ranch is located at the intersection of two scenes, images were available every 7-
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9 days with path/row designations 44/33 and 43/33. Twelve scenes were selected between June 

28 and October 2, 2013 for a total study period of 96 days. The time frame was selected based on 

the availability of clear-sky satellite images and minimal gaps in the observed fluxes. The 

Metolius site is located in the path/row 45/29. Its location near the center of the path/row 

designation and its relative cloudiness limited the available scenes to four clear-sky days 

between June 10 and August 13, 2013 for a 64 day study period.  Bounding coordinates were 

defined and sub-scenes were extracted during the preprocessing steps. Although only Landsat 8 

scenes were used for this research, the procedure is also appropriate for use with Landsat 7 after 

applying the scan line corrections. 

MODIS (MODerate Resolution Imaging Spectroradiometer) products were obtained from 

NASA’s Reverb Website by selecting the appropriate data sets for LAI, land surface temperature 

(LST), normalized difference vegetation index (NDVI), albedo and geolocation for the study 

period (App. A). Pixels with cloud cover were identified using flags from the LST product and 

masked out during the preprocessing steps described below. Thus, all scenes were selected, 

regardless of cloud cover. MODIS products are available daily with 250 m resolutions except for 

TIR (used in LST) which is available at 1 km. 

 

 

Table 2.1 – Spectral resolution of wave bands for GOES, MODIS and Landsat 8. Bolded ranges 

refer to thermal infrared bands.  

 GOES MODIS Landsat 8 

Spectral Resolution 0.55-0.75 

3.80-4.00 

6.50-7.00 

10.20-11.20 

11.50-12.50 

0.459-0.479 

0.545-0.565 

0.890-0.920 

0.931-0.941 

0.915-0.965 

1.230-1.250 

1.628-1.652 

2.105-2.155 

10.78-11.70 

11.28-12.27 

0.43-0.45 

0.45-0.51 

0.53-0.59 

0.64-0.67 

0.85-0.88 

1.36-1.38 

1.57-1.65 

2.11-2.29 

10.60-11.19 

11.50-12.51 
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ET maps showing ALEXI modeled output over the contiguous United States (CONUS) were 

obtained by Chris Hain at NOAA. ALEXI uses the Geostationary Operational Environmental 

Satellite with temporal resolution of 15 min, shortwave spatial resolution at 1 km and TIR at 4 

km (Table 2.1, Fig. 2.2).  

 

2.2.2 Eddy-Covariance Tower Data 

The meteorological flux towers used are part of the AmeriFlux network. However, data were 

obtained directly from the primary investigators for each site because the data used were 

collected in 2013 and thus were not yet publically available. Two such towers, both operated by 

David Baldocchi (University of California-Berkeley) were available for the Tonzi Ranch scene: 

Tonzi Ranch and Vaira Ranch. Due to problems with the soil heat flux measurements at Tonzi, 

additional observations of soil heat flux were obtained from the AirMOSS (Airborne Microwave 

Observatory of Subcanopy and Subsurface) soil moisture profile near the Tonzi tower, run by 

Richard Cuenca (Oregon State University). Ground inputs for the reconstruted METRIC scheme 

came from the Tonzi Ranch flux tower. Both Tonzi Ranch and Vaira Ranch data were used in 

the model validation.  

Data from one tower were available in the Metolius scene: Metolius Intermediate Pine, run 

by Beverly Law (Oregon State University). These data were used for both model input and 

model validation.  

 

Gap Filling and Energy Balance Closure 

Both Tonzi and Vaira Ranch contained some data gaps, which were filled using linear 

interpolation. Only gaps up to two hours were filled. Longer gaps were not changed but were 

instead identified as “bad data” and days with such data were removed from the data sets. 

Additionally, gaps in daily ET were identified and filled using linear interpolation up to two days 

assuming no precipitation occurred during those days. If there was a precipitation event, ET was 

estimated as zero for that day. 

In many cases with observed flux data, Eq. 1 does not balance perfectly. The measured 

available energy (Rn–G) is greater than the total measured turbulent fluxes (H+λET), thus  
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Figure 2.2 – Multiscale maps showing sample ET maps at the different resolutions of the 

satellites used in this study: (a) GOES (4 km, 15 min); (b) MODIS (1 km, daily); (c) Landsat 8 

(30 m, biweekly). 

(a) 

(b) 

(c) 
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leaving a certain amount of energy flux unaccounted for. To correct for the lack of closure, either 

the Bowen ratio closure method, which attributes the errors to both latent and sensible heat, or 

the Residual method, which attributes all errors to latent heat flux, may be applied. There is some 

disagreement over the best way to close the balance (Foken 2008a). However, it is important that 

the balance be closed and since there is no evidence to suggest that the sensible heat flux 

measurements carry fewer errors than the latent heat flux measurements (Twine et al. 2000), in 

this study, the SEB was closed by implementing the Bowen ratio closure method. This is done 

by, first, calculating the Bowen ratio, 𝐵𝑟 = 𝐻/𝜆𝐸𝑇, with the originally measured fluxes. Then, 

both H and λET are proportionally increased, maintaining Br until Rn–G = H+λET. 

 

2.3 Modeling Procedures 

2.3.1 Data Preprocessing 

Atmospheric Corrections 

 Correcting satellite data for differences between radiation at the top of the atmosphere (TOA) 

and radiation at the surface is an important step due to molecules and particulate scattering and 

absorption in the atmosphere. This reduces the amount of radiation that reaches the surface.  

Therefore, the TOA reflectance and radiance values must be corrected for atmospheric 

attenuation so that they characterize the amount of energy that reaches the earth’s surface 

(radiation) and how much is reflected back from the surface (reflection).   

 In addition, it is important for this research to focus on the differences resulting from the 

modeling schemes, not atmospheric corrections. Therefore, although METRIC typically uses a 

different method for atmospheric corrections (Tasumi et al. 2005), surface reflectance data were 

obtained following NASA’s LEDAPS (Landsat Ecosystem Disturbance Adaptive Processing 

System) for the shortwave bands for use with both the reconstructed METRIC scheme and the 

Fusion scheme. MODTRAN-4 (Moderate resolution atmospheric Transmission) was used to 

retrieve the upwelling path radiance and transmissivity of the atmosphere in the TIR band. These 

parameters characterize radiation scattered by the atmosphere (path radiance) and the proportion 

of surface radiation that is absorbed by the atmosphere (transmissivity).  
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Thermal Band Sharpening 

The thermal band on Landsat 8 has a spatial resolution of 100 m and the data are resampled 

to 30 m to match the resolution of the shortwave bands. This results in a blurry thermal image as 

shown in Fig. 2.3. The thermal band data were sharpened using the Data Mining Sharpening 

(DMS) approach described in detail by Gao et al. (2012). Building off the assumption of pre-

defined relationships between TIR bands and vegetation indices (Agam et al. 2007), relationships 

are found between all fine-resolution shortwave bands and the coarse-resolution TIR band. The 

30 m reflectance data are first aggregated to the 100 m resolution of the TIR band. Next, an 

appropriate multivariate linear relationship is determined using a regression tree (Gao et al. 

2012). This relationship is then applied to the fine-scale reflectance data to create the sharpened 

thermal band results. Finally, any differences between the fine- and coarse-scale TIR data are 

distributed evenly across all fine pixels so that they aggregate to the original coarse TIR pixel. 

Only thermal band 10 was used for this study as band 11 has been shown to still have calibration 

issues (USGS 2014). 

Because the relationship between Ts and visible/near-infrared reflectance may vary across an 

image, it is important to capture the local relationships. However, reflectance-Ts relationships 

over the whole scene may also be important (Gao et al. 2012). Thus, both local and global scale 

regression equations are developed. The local scale regression relationships are developed for an 

image window of 72x72 pixels (sample window) and applied to a window of 50x50 pixels 

(prediction window). As the prediction window moves across an image, the sample windows 

overlap such that some pixels are shared and discontinuities between prediction windows are 

avoided. The global scale regression equations are based on relationships for the entire scene. 

The sharpened pixels are then re-aggregated to the coarse resolution. Assuming the regression 

predictions are accurate, there will be no difference between the original TIR image and the 

reaggregated TIR image. However, some biases may result between the two images. Any 

residuals at the coarse scale are distributed over the sharpened images. The local and global 

models are combined using a weighted linear combination of the results from each model. The 

weights are based on an analysis of the residuals of each model. 

 

  



12 
 

 
 

  

  
25˚C      50 ˚C 

Figure 2.3 – Images of the area immediately surrounding the Tonzi Tower showing the thermal 

band (a) before and (b) after thermal sharpening. 

 

 

 

 

Table 2.2 – Summary of required inputs for R-METRIC and Fusion modeling schemes 

 

Input Type METRIC ALEXI/DisALEXI 

Ground Measurements wind speed 

relative humidity 

air temperature 

solar radiation* 

precipitation** 

N/A† 

Remotely Sensed Data/Maps Landsat 8 

landcover (NLCD) 

DEM 

GOES 

MODIS 

Landsat 8 

landcover (NLCD) 

DEM 

* needed for calculation of ETref 

** not necessary but helpful 

† not applicable 

  

  

(a) (b) 
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2.3.2 Modeling Schemes 

Reconstructed METRIC (R-METRIC) 

Traditional METRIC 

The first modeling scheme uses reconstructed algorithms based on the METRIC model. A 

summary of the model is provided below but a full description can be found in the 2010 User’s 

Manual (Allen et al. 2010) and with updates in Allen et al. (2011). Some modifications and user-

specific decisions were made and these are described in the following section.  

METRIC was developed specifically for use with the Landsat platform because it provides 

sufficiently high resolution (30 m) to identify individual agricultural fields. It requires in situ 

parameters including wind speed, relative humidity, air temperature, precipitation and reference 

ET values (Table 2.2). Only one set of in situ parameters are needed for each scene (up to 185 

km x 185 km), assuming relative elevation homogeneity. 

METRIC estimates the latent heat flux as the residual of the surface energy balance (SEB) 

shown in Eq. 1. Therefore, the other components (net radiation, soil heat flux and sensible heat 

flux) must first be computed. The net radiation is the difference between incoming and outgoing 

shortwave and longwave radiation: 

 𝑅𝑛 = 𝑅𝑆,𝑖𝑛 − 𝛼𝑅𝑆,𝑖𝑛 + 𝑅𝐿,𝑖𝑛 − 𝑅𝐿,𝑜𝑢𝑡 − (1 − 𝜀0)𝑅𝐿,𝑖𝑛   (2) 

where 𝑅𝑆,𝑖𝑛 is the incoming shortwave (solar) radiation (W/m2), α is the shortwave albedo, 𝑅𝐿,𝑖𝑛 

is the incoming long-wave (or thermal) radiation (W/m2), 𝑅𝐿,𝑜𝑢𝑡 is the outgoing long-wave 

radiation (W/m2) and ε0 is the surface emissivity. The majority of the radiant energy comes from 

𝑅𝑆,𝑖𝑛, estimated by 

 𝑅𝑆,𝑖𝑛 =
𝐺𝑠𝑐∗𝑐𝑜𝑠𝜃∗𝜏𝑠𝑤

𝑑2
  (3) 

where Gsc = the solar constant, 1367 (W/m2), θ is the solar incidence angle, τsw is the 

atmospheric transmissivity, and d is the relative Earth-Sun distance.  

 Long-wave radiation is determined by the Stefan-Boltzmann equation 

 𝑅𝐿 =  𝜎𝜀𝑇4 (4) 

where σ is the Stefan-Boltzmann constant, 5.67∙10-8 W/m2/K.  For incoming radiation, ε is the 

atmospheric emissivity and T is the absolute temperature of the atmosphere, K.  For outgoing 
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radiation, ε is the surface emissivity and T is the absolute temperature of the surface, K. The 

surface temperature used to compute outgoing radiation is determined with the atmospherically 

corrected thermal band data of the satellite. As described later, the sensible heat at the cold pixel 

is near zero which implies that there is little, if any, difference between the surface and near-

surface air temperatures. Therefore, the air temperature is estimated as equal to the surface 

temperature at the cold pixel. 

Soil heat flux is calculated as a function of LAI or the NDVI, surface temperature and net 

radiation. As the specific equation is user-selected, this is described more in a later section.  

The sensible heat flux is a function of the air density (ρair, kg/m3), the specific heat constant 

of air at constant pressure (Cp = 1004 J/kg/K), the aerodynamic resistance to heat transfer (rah, 

s/m) and the temperature gradient between two near-surface air temperatures (𝑑𝑇, K), generally 

approximated at 0.1 m and 2 m above the canopy (Bastiaanssen 1995) 

 𝐻 =  𝜌𝑎𝑖𝑟 ∗ 𝐶𝑝 ∗
𝑑𝑇

𝑟𝑎ℎ
.         (5) 

Multiple iterations are required to compute H because dT is also initially unknown. The first 

iteration is completed assuming neutrally stable atmospheric conditions. To determine dT at all 

the pixels, a linear relationship is assumed to exist between dT, and the radiometric surface 

temperature, Ts such that  

 𝑑𝑇 = 𝑎 + 𝑏𝑇𝑠 (6) 

where a and b are empirically derived parameters based on two extreme pixels, termed “hot” and 

“cold” pixels, which define the upper and lower bounds of the sensible heat flux in the study 

area, and thus the gradient. Choosing these pixels requires some experience and expertise on the 

part of the user and is described in the following section. 

“Hot” pixels are located in bare, dry agricultural fields with no residual soil moisture such 

that ET is assumed to be zero, thus enabling all available energy to go to sensible heat. dThot can 

then be determined by rearranging Eq. 5 and substituting 𝐻 = 𝑅𝑛 − 𝐺: 

 𝑑𝑇ℎ𝑜𝑡 =
 (𝑅𝑛−𝐺)∗𝑟𝑎ℎ

𝜌𝑎𝑖𝑟∗𝐶𝑝
 (7) 

“Cold” pixels are located in well irrigated, fully vegetated agricultural fields where there is 

no water stress and maximum ET occurs. The ET is estimated as a rate 1.05 times the reference 

ET (ETref). A 5% correction is added because it has been shown that wet soil beneath a full 
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canopy can contribute to the overall ET, making the total greater than ETref (Allen et al. 2007). 

The resulting equation is 

 𝑑𝑇𝑐𝑜𝑙𝑑 =
 (𝑅𝑛−𝐺−1.05𝐸𝑇𝑟𝑒𝑓)∗𝑟𝑎ℎ

𝜌𝑎𝑖𝑟∗𝐶𝑝
 (8) 

The calculated values for dT and Ts for each end pixel are then substituted back into Eq. 5 to 

determine parameters a and b. Using this relationship, dT and H can be estimated for each pixel 

in the scene. 

In subsequent iterations, the Monin-Obukhov length is used to calculate atmospheric stability 

parameters that are used to compute a corrected rah. See Appendix B for these stability correction 

equations. Corrected parameters a and b are found from the previously defined end pixels with 

updated values of dT. Equation 4 is again used to find the sensible heat flux using the updated 

values of dT and rah. The process, shown in Fig. 2.4, is repeated until rah converges. The 

instantaneous ET (ETinst) is then determined from Eq. 1. 

To extrapolate daily ET (ET24) from ETinst, it is assumed that the reference ET fraction 

(ETrF) as calculated by Eq. 9: 

 𝐸𝑇𝑟𝐹 =  
𝐸𝑇𝑖𝑛𝑠𝑡

𝐸𝑇𝑟𝑒𝑓
 (9) 

at the time of Landsat overpass is equal to the average ETrF throughout that day. ET24ref is 

estimated using the Penman-Monteith equation. ET24, then, is calculated by 

 𝐸𝑇24 = (𝐸𝑇𝑟𝐹)(𝐸𝑇24𝑟𝑒𝑓) (10) 

where ET24ref is calculated by the sum of hourly ETref values between sunrise and sunset. 

Therefore, it is not a true “daily” estimation but rather a “daytime” estimation. However, the 

convention of using the subscript 24 is still used. A simple spline interpolation function is used 

to interpolate between scenes to retrieve monthly and seasonal ET. 

 

Modifications and User-Specific Decisions 

As stated at the beginning of Section 2.4, some modifications to the traditional METRIC 

model were necessary in order to keep the focus of this research on the fundamental differences 

between METRIC and Fusion, namely the definition of the temperature gradient and the method 
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of interpolation between satellite overpass days. In addition, some user-specific decisions are 

required by METRIC. These modifications and user-specific decisions are described here.  

Modifications 

METRIC is traditionally used with the software ERDAS Imagine™ but the modified version 

used in this research was written in MATLAB™ for its ease of use and computational power.  

Tasumi et al. (2005) show that ET measurements retrieved from METRIC are not sensitive to 

atmospheric corrections so METRIC traditionally uses a simplified correction based on 

precipitable water, solar zenith angle and band-specific coefficients calibrated for the appropriate 

satellite. The procedure has been summarized in Tasumi et al. (2008). However, as described in 

 

 

  

 

 

Figure 2.4 - Schematic diagram showing the iteration process for determining sensible heat flux 

in METRIC. u200 is the windspeed at the blending height assumed to be at 200m, z0m is the 

momentum roughness length, u* is the friction velocity, L is the Monin-Obukhov length, Ψm(200) 

is atmospheric stability correction for momentum transport at 200m, Ψh(zi) is the atmospheric 

stability correction for heat transport. (Adapted from Allen et al. 2010.) 
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Section 2.3.1 above, for the purposes of this research, at-surface reflectance values were obtained 

using the LEDAPS procedure. 

In addition, "true" METRIC determines the albedo as a weighted average of the shortwave 

bands based on the percentage of total at-surface radiation occurring with each band (Starks et al. 

1991; Tasumi et al. 2008) 

𝛼𝑠ℎ𝑜𝑟𝑡 = 0.254𝛼1 + 0.149𝛼2 + 0.147𝛼3 + 0.311𝛼4 + 0.103𝛼5 + 0.036𝛼6 (11) 

where αshort is the albedo, and αn is the at-surface reflectance calculated for each Landsat 

shortwave band. 

However, the approach used by the Fusion scheme and, for the purposes of this project, used 

by R-METRIC depends on a multilinear regression (Liang 2000).  

𝛼𝑠ℎ𝑜𝑟𝑡 = 0.356𝛼1 + 0.130𝛼3 + 0.373𝛼4 + 0.085𝛼5 + 0.072𝛼6 − 0.0018 (12) 

Although Eq. 12 was originally developed for Landsat 7’s enhanced thematic mapper plus 

(ETM+), it is also applicable to Landsat 8’s operational land imager (OLI) since the spectral 

resolution of the bands do not differ significantly between the two platforms. One must be 

careful to use the corresponding bands however. See Table 2.3 for a comparison of bands.  

 

 

 

 

 

 

Table 2.3 - Comparison of shortwave spectral band wavelengths (μm) of Landsat 7's ETM+ and 

Landsat 8's OLI. 

 

Satellite\ 

Band 
1 2 3 4 5 6 7 8 9 

Landsat 7 - 
0.45-

0.52 

0.52-

0.60 

0.63-

0.69 

0.77-

0.90 

1.55-

1.75 

2.09-

2.35 

0.52-

0.90 
- 

Landsat 8 
0.43-

0.45 

0.45-

0.51 

0.53-

0.59 

0.64-

0.67 

0.85-

0.88 

1.57-

1.65 

2.11-

2.29 

0.50-

0.68 

1.36-

1.38 
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User-Defined Inputs 

Soil Adjusted Vegetation Index (SAVI) Constant, L 

The Soil Adjusted Vegetation Index (SAVI) is used in the R-METRIC calculation of LAI. 

The SAVI transformation constant, L, was determined by comparing the SAVI-derived LAI with 

measurements from the tower location. Though initial research suggests that 0.5 is a reasonable 

assumption across most different soil types (Huete 1988), previous studies have shown that 

lower values may be better suited for climates in the western US (Allen, Tasumi & Trezza 2007; 

Cuenca et al. 2013). Therefore, values between 0 and 0.5 were checked. Higher values of L 

resulted in LAI lower than that observed throughout the study seasons while 0.05 resulted in LAI 

values most in agreement with those observed. Thus, a value of 0.05 was used for all days over 

both study areas. 

 

Momentum Roughness Length, zom 

Over 15% of the Tonzi ranch scene is classified as either forest or shrub by the National 

Land Cover Database (NLCD). The majority of the scene (62.5 %) is classified as grassland (Fig. 

2.5) and only 12 % is classified as agricultural land. Over the Metolius scene, 79% is either 

forest or shrub with just 11% classified as agricultural landscapes. Because momentum 

roughness length (zom) is dependent on canopy height in addition to canopy cover, defining zom 

as only a function of LAI  

 𝑧𝑜𝑚 = 0.018 ∗ 𝐿𝐴𝐼         (13) 

as is suggested by METRIC, is not appropriate for this study. Rather, Eq. 13 is used for pixels 

classified as crops or pasture. Roughness length for forested lands is, instead, defined by the 

Perrier function based on LAI and canopy structure for sparse trees, 

 𝑧𝑜𝑚 = ((1 − 𝑒𝑥𝑝 (
−𝑎∗𝐿𝐴𝐼

2
)) 𝑒𝑥𝑝 (

−𝑎∗𝐿𝐴𝐼

2
)) ∗ ℎ     (14) 

where  

 𝑎 = 2𝑓  for f ≥ 0.5 

 𝑎 = (2(1 − 𝑓)−1) for f < 0.5 
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h is the canopy height and f is the fraction of LAI lying above h/2  (Perrier 1982; Santos et al. 

2012). In some instances, METRIC approximates h=2.5LAI (Kjaersgaard & Allen 2009); 

however due to the very low LAI at Tonzi, this approximation would lead to a significant 

underestimation of zom. Therefore, the canopy heights at both sites are defined as the mean 

values found in literature about the sites. The height at Tonzi is 7.1 m (Baldocchi et al. 2004) and 

at Metolius is 16 m (Thomas et al. 2009) while is f estimated as 0.3 at Tonzi, indicating a sparse 

canopy, and 0.5 at Metolius, indicating a uniform canopy (Kjaersgaard and Allen 2009). All 

other roughness lengths are constant and are defined in Appendix C (Hansen 1993). 

 

Soil Heat Flux, G 

Soil heat flux is often estimated as some function of net radiation and vegetation indices. 

Applications of METRIC and SEBAL have defined G as, 

 𝐺 = [0.05 + 0.18 ∗ 𝑒𝑥𝑝−0.521∗𝐿𝐴𝐼] ∗ 𝑅𝑛   for LAI≥0.5 (15a) 

 𝐺 = [
1.80∗(𝑇𝑠−273.15)

𝑅𝑛
+ 0.084] ∗ 𝑅𝑛           for LAI <0.5 (15b) 

 𝐺 = (𝑇𝑠 − 273.15)(0.0038 + 0.0074𝛼)(1 − 0.98𝑁𝐷𝑉𝐼4) ∗ 𝑅𝑛 (16) 

 𝐺 = 0.3811 𝑒𝑥𝑝(−0.232𝑁𝐷𝑉𝐼) ∗ 𝑅𝑛 (17) 

(Bastiaanssen 2000; Allen et al. 2007; Cuenca et al. 2013; Singh et al. 2008). 

 Cuenca et al. (2013) indicate that Eqs. 15a and 15b are better suited for scenes with 

relatively homogenous agricultural landscapes and LAI while Eq. 16 is appropriate for 

heterogeneous landscapes. Equation 17 was developed for use over a predominately agricultural 

site in Nebraska. Because the scene analyzed in this study has a variety of vegetation covers and 

land uses with a wide range of LAI, G is derived using the NDVI function described in Eq. 16. 

However, it may cause G to be overestimated for more desert-like arid conditions such as the 

landscapes in this study, where a thin crust may form on the soil surface and create an air gap, 

thus reducing G. This may be especially true for pixels that have Ts in excess of Ts,dem,hot. The 

soil heat flux must then be reduced by the following equation in accordance with Allen et al. 

(2010): 

 𝐺𝑎𝑑𝑗𝑢𝑠𝑡𝑒𝑑 = 𝐺 − 5(𝑇𝑠,𝑑𝑒𝑚 − 𝑇𝑠,𝑑𝑒𝑚_𝑡ℎ𝑟𝑒𝑠)  for Ts,dem > Ts,dem_thres  (18) 
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𝑇𝑠,𝑑𝑒𝑚_𝑡ℎ𝑟𝑒𝑠 = 𝑇𝑠,𝑑𝑒𝑚,ℎ𝑜𝑡 + 2        (19) 

or 

  𝑇𝑠,𝑑𝑒𝑚_𝑡ℎ𝑟𝑒𝑠 = 𝑇𝑠,𝑑𝑒𝑚,ℎ𝑜𝑡 + 𝐸𝑇𝑟𝐹 (
𝑇𝑠,𝑑𝑒𝑚,ℎ𝑜𝑡−𝑇𝑠,𝑑𝑒𝑚,𝑐𝑜𝑙𝑑

𝐸𝑇𝑟𝐹𝑐𝑜𝑙𝑑−𝐸𝑇𝑟𝐹ℎ𝑜𝑡
) + 2    (20) 

 Equation 20 is used when there has been a preceding precipitation event; otherwise, Eq. 19 is 

used.  

 

Extreme Pixel Selection 

Selection of appropriate extreme pixels is critical to the value and accuracy of the daily 

estimated ET. Different users select pixels based on their own knowledge and expertise, resulting 

in differing extreme conditions which affects the magnitude of the estimated ET (Long & Singh 

2013). Extreme pixels are selected based on vegetation characteristics (such as NDVI) and albedo 

as well as their location close to a weather station (Allen et al. 2010; Allen et al. 2007). In 

addition, appropriate candidates for the hot pixel are located near the center of a bare field while 

those for the cold pixel are located in a fully vegetated, well irrigated field. To assist in 

narrowing the pool of candidates in each scene, a subset of each hot and cold pixels was 

identified based on the criteria in Table 2.5 and was chosen only from land classified as 

cultivated crops or pasture according to NLCD. In addition, hot pixels were restricted to those 

with an elevation-adjusted LST in the 95th quantile of the agricultural pixels. This was done 

because many of the non-agricultural pixels had LST greater than that of the initially chosen hot 

pixel resulting in nearly 40% of the pixels in the scene showing a negative ET. Choosing a hot 

pixel with LST on the high end (yet still fitting the criteria) significantly decreased the number of 

pixels with negative ET. Pixels were selected from the near-center of an agricultural field 

whenever possible. 

Although the study sites do contain agricultural fields, there are relatively few bare fields that 

meet the criteria for a hot pixel. Therefore, the range of NDVI was expanded from 0.20 to include 

values up to 0.25 while maintaining the albedo criteria. To ensure that the fields were still 

sufficiently bare, LAI was kept below 1. Cold pixels were available in every scene. 

Figure 2.6 shows an example of typical locations for hot and cold pixels. UTM coordinates 

for the extreme pixels for each day can be found in Appendix D. 
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Figure 2.5 – Land Use/Land Cover map showing the distribution of land cover types over the 

Tonzi Ranch and Metolius Forest study sites. 

 

 

 

 

 

 

Table 2.4 - Criteria for finding extreme pixels for use in modified METRIC. Ranges with an 

asterisk identify the expanded criteria. 

 

 Hot Pixel Cold Pixel 

NDVI (unitless) 0.1 – 0.25* 0.74 – 0.84 

Shortwave 

Albedo (unitless) 

0.15 – 0.25 0.18 – 0.24 
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Figure 2.6 - Locations of hot and cold pixels at Tonzi Ranch on day 259. Extreme pixels on other 

days are located in similar environments but each scene has a unique set. 

 

 

 

 

Adaptations for Elevation Changes 

Because of the presence of significant elevation changes in both study scenes, some 

adjustments to LST were needed to account for those elevation changes. The standard 

atmospheric lapse rate of 6.5 °C/km was implemented to adjust the LST. This ensures that ET 

was not overestimated at higher elevations that tend to have lower temperatures. Without this 

adjustment, the model attributes cooler temperatures to greater ET rather than higher altitude. 

This can lead to the overestimation of ET. Adjustments were also made to the solar incidence 

angle, surface roughness length and blending height wind speed in accordance with Allen et al. 

(2007) to account for the slope and aspect of the landscape. Elevation input came from a digital 

elevation model (DEM) for each study scene. 
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Corrections for Desert-Like Environments 

 As mentioned in the description of soil heat flux, R-METRIC may systematically produce 

negative ET in desert environments if appropriate adjustments are not made. In addition to the 

adjusted soil heat flux and temperatures at pixels with Ts greater than Ts,hot, an additional 

resistance term is added to the denominator of the sensible heat flux equation 

𝐻 =  𝜌𝑎𝑖𝑟 ∗ 𝐶𝑝 ∗
𝑑𝑇

𝑟𝑎ℎ+𝑟𝑒𝑥𝑡𝑟𝑎
        (21) 

 𝑟𝑒𝑥𝑡𝑟𝑎 = 0.0130𝑢3 − 0.4351𝑢2 − 4.2748𝑢 − 8.2835 for  2.6 < 𝑢 < 15  (22a) 

 𝑟𝑒𝑥𝑡𝑟𝑎 = 2       for  𝑢 > 15   (22b) 

 𝑟𝑒𝑥𝑡𝑟𝑎 = 0       for  𝑢 < 2.6   (22c) 

where u is the windspeed at 200 m (m/s). This empirical correction was determined based on a 

study done in the southern Idaho desert and was shown to increase the estimated negative ET 

values to a mean of zero (Allen et al. 2010).  

 

Fusion 

The Fusion scheme is fully automated, multiscale, multisensor approach. As it requires no 

discretionary inputs, the user simply needs to acquire the applicable ALEXI datasets and select 

the appropriate Landsat and MODIS scenes for analysis. As with R-METRIC, all scenes were 

atmospherically corrected and TIR bands sharpened in the preprocessing stage. 

 

ALEXI/DisALEXI 

Fusion was developed to use a combination of daily, low-spatial-resolution satellite images 

(such as the Geostationary Operational Environmental Satellite, GOES) and low frequency, 

high-spatial-resolution satellites (such as MODIS or Landsat). Its basis is in ALEXI which 

couples a Two-Source Energy Balance (TSEB) model developed by Norman et al. (1995) 

together with an atmospheric boundary layer (ABL) model developed by McNaughton and 

Spriggs (1986). This scheme depends entirely on remotely sensed information and has no in situ 

requirements. For this research, the ALEXI procedure was previously done by Chris Hain at 

NOAA so complete data sets for ET and meteorological inputs were obtained for the continental 

U.S. A brief description of the model follows.  
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Similar to R-METRIC, ALEXI estimates λET as the residual of the SEB. However, unlike R-

METRIC, ALEXI is run with GOES at a 4 km resolution and partitions the balance into 

components from the soil (s) and canopy (c): 

 𝑅𝑛,𝑠 =  𝐻𝑠 +  𝜆𝐸𝑇𝑠 + 𝐺0 (23) 

 𝑅𝑛,𝑐 =  𝐻𝑐  + 𝜆𝐸𝑇𝑐 (24) 

 𝑅𝑛 =  𝑅𝑛,𝑐 + 𝑅𝑛,𝑠 = (𝐻𝑐  +  𝐻𝑠) + (𝜆𝐸𝑇𝑐 + 𝜆𝐸𝑇𝑠) + 𝐺0 (25) 

 𝑇𝑟𝑎𝑑 (𝜃) = {𝑓𝑐(𝜃)𝑇𝑐
4 + [1 − 𝑓𝑐(𝜃)]𝑇𝑠

4}1/4  (26) 

where the SEB components are as previously defined. That is, Rn is the net radiation, computed 

by Kustas and Norman (1999), G0 is soil heat flux from Santanello and Friedl (2003), H is 

sensible heat flux and λET is latent heat flux. The radiometric surface temperature, Trad 

(corresponding to Ts in R-METRIC) is partitioned into the canopy temperature and the soil 

temperature using the fraction of vegetation cover 𝑓𝑐(𝜃) at the sensor view angle (𝜃).  

  As with R-METRIC, 𝜆𝐸𝑇 is found as the residual of the other SEB components. To partition 

into soil and canopy components, an initial estimate of instantaneous 𝜆𝐸𝑇𝑐 at the time of satellite 

overpass is found using a Priestley-Taylor approximation (Priestley and Taylor, 1972) for 

potential ET. In water limited cases, this may result in a negative 𝜆𝐸𝑇𝑠, indicating condensation 

which is unlikely in daytime hours. If this occurs, 𝜆𝐸𝑇𝑐 is reduced as necessary until 𝜆𝐸𝑇𝑠 

reaches zero. Anderson et al. (1997) have noted that this may result in an initially negative λETs 

in arid environments because the Priestley-Taylor approximation is typically used for unstressed, 

water saturated surfaces or water bodies (Foken, 2008; Priestley and Taylor, 1972). This tends to 

give higher potential ET than the Penman-Monteith equation, which often leads to the necessary 

reduction in λETc. Although the Penman-Montieth equation is recommended by ASCE for a 

reference ET value, the Priestley-Taylor method is used by some global ET models (Fisher et al. 

2008). 

The instantaneous values of 𝜆𝐸𝑇 are upscaled to ET24 using the equation 

 𝐸𝑇24 = 1.1
𝛬

𝜆
(𝑅𝑛,24 − 𝐺0,24)  (27) 

where Rn,24 and G0,24 are found from hourly solar radiation and meteorological data following 

Anderson et al. (2012), and 

 𝛬 =
𝜆𝐸𝑇

𝑅𝑛−𝐺0
  (28) 
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is the evaporative fraction, assumed constant throughout the day. The coefficient 1.1 is a 

correction factor made for a systematic underestimation of the average daytime value of 𝛬 

(Brutsaert and Sugita, 1992). As in R-METRIC, ET24 is actually an estimation of ET between 

sunrise and sunset rather than a full 24-hour estimation.  

TSEB is coupled with McNaughton and Spriggs’s simple slab model (1986) to simulate the 

rise of the ABL in the morning driven by the relative differences between two Trad readings, 

measured during morning hours about 1.5 hours and 5.5 hours after sunrise. Coupled with the 

TSEB applied at both times, the SEB components can be determined. Additionally, the air 

temperature at a blending height of 50 m is calculated at the time of the second Trad reading for 

the sensible heat flux calculation. This air temperature value is also used in DisALEXI (Fig.2.7). 

The use of geostationary platforms is essential for ALEXI because it allows 𝑇𝑟𝑎𝑑 to be 

measured at least twice on the same day; however, the spatial resolution is too coarse to gain 

information on a field scale. To obtain maps at higher resolutions, Norman et al. (2003) 

developed DisALEXI to disaggregate the fluxes measured by ALEXI. In this step of the 

processing, TSEB is applied to both Landsat and MODIS using ALEXI-derived Ta as the upper 

boundary condition in estimating dT. 

 

STARFM 

The above modeling scheme provides 30 m resolution ET maps every 16 days when used 

with Landsat and 1 km resolution every day when used with MODIS (with the exception of 

Tonzi which, in this study, was analyzed every 7-9 days because of its location at the intersection 

of two Landsat scenes). To create maps between Landsat overpass days, Landsat and MODIS 

data sets are combined with STARFM following Gao et al. (2006) (together, the three models are 

referred to as the Fusion scheme).  

STARFM combines one Landsat image (either preceding or following the day of interest) 

with one MODIS image (from the day of interest) and predicts a Landsat-like image on the day 

of interest. Masek et al. (2006) showed that Landsat and MODIS surface reflectance values are 

comparable after calibration and atmospheric corrections. However, small biases may result from 
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Figure 2.7 - Schematic diagram separating the ALEXI (a) and DisALEXI (b) processes. In Fig. 

2.7a, TSEB is applied at a coarse spatial resolution to estimate sensible heat fluxes from the soil 

(s) and canopy (c) along a temperature gradient regulated by transport resistances RA 

(aerodynamic), RX (bulk leaf boundary layer) and RS (soil surface boundary layer).  In Fig. 2.7b, 

DisALEXI uses the air temperature (TA) at the blending height predicted by ALEXI, together 

with vegetation cover (fθ) and radiometric temperature TRAD(θ), to disaggregate ALEXI-predicted 

fluxes from coarse resolution to high resolution ET maps. (Adapted from Anderson et al., 2011) 

 

 

differences in bandwidth, acquisition time and processing techniques. Thus, the coarser 

resolution MODIS scene must be georeferenced and resampled to the resolution and bounds of 

the higher resolution Landsat scene such that the two corresponding scenes share the same image 

size, pixel size, and coordinate system. On days for which both Landsat and MODIS images are 

acquired, surface reflectance for the Landsat pixels is expressed using the function 

  𝐿(𝑥𝑖 , 𝑦𝑗 , 𝑡𝑘) = 𝑀(𝑥𝑖, 𝑦𝑗 , 𝑡𝑘) + 𝜀𝑘 (29) 

Where (xi, yj) is the pixel location for both Landsat (L) and MODIS (M) images, tk is the 

acquisition date, and εk is the observed bias between Landsat and MODIS due to differing 

<Hi> = H blending height = 50 m 
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bandwidth. The surface reflectance can then be estimated for a day, t0, between Landsat 

overpasses following a similar formula, 

 𝐿(𝑥𝑖 , 𝑦𝑗 , 𝑡0) = 𝑀(𝑥𝑖 , 𝑦𝑗 , 𝑡0) + 𝜀0 (30) 

where εk = ε0 only when there is no change in land cover or solar geometry between day tk and 

day t0. However, this is unlikely so 𝐿(𝑥𝑖, 𝑦𝑗 , 𝑡0) is estimated with a weighted function combining 

the MODIS scene on day t0 and both Landsat and MODIS on day tk. 

 𝐿(𝑥𝑤/2, 𝑦𝑤/2, 𝑡0) =  ∑ ∑ ∑ 𝑊𝑖𝑗𝑘[𝑀(𝑥𝑖, 𝑦𝑗,𝑡0)𝑛
𝑘=1

𝑤
𝑗=1

𝑤
𝑖=1 + 𝐿(𝑥𝑖 , 𝑦𝑗,𝑡𝑘) − 𝑀(𝑥𝑖 , 𝑦𝑗,𝑡𝑘)] (31) 

where (xw/2,yw/2) denotes the center pixel location, w is the size of the search window containing 

nearby pixels, n is the number of Landsat-MODIS pairs used and Wijk is a weighting factor that 

is based on spatial and temporal similarities of the pixels involved. Only spectrally similar, 

cloud-free pixels are considered. 

The weight, Wijk, is determined by the spectral differences (Sijk), temporal differences (Tijk) 

and distance between pixels (dijk). 

 𝑆𝑖𝑗𝑘 = |𝐿(𝑥𝑖, 𝑦𝑗 , 𝑡𝑘) − 𝑀(𝑥𝑖 , 𝑦𝑗 , 𝑡𝑘)| (32) 

 𝑇𝑖𝑗𝑘 = |𝑀(𝑥𝑖 , 𝑦𝑗 , 𝑡𝑘) − 𝑀(𝑥𝑖 , 𝑦𝑗 , 𝑡0)|  (33) 

 𝑑𝑖𝑗𝑘 = √(𝑥𝑤/2 − 𝑥𝑖)
2

+ (𝑦𝑤/2 − 𝑦𝑖)
2
  (34) 

Small values indicate less difference between the central pixel and the examined neighboring 

pixel. Pixels with lower values of Sijk, Tijk, and dijk are awarded higher weights in Eq. 31. 

In order to determine the optimal Landsat-MODIS pair for day t0 between Landsat 

overpasses, a correlation analysis is performed between that day and all available MODIS ET 

maps from days of Landsat overpass (tk). The day with the highest correlation is selected.  

 

Major Differences Between Modeling Schemes 

While the two modeling schemes both use algorithms based on physical principles, there are 

some fundamental differences between them. In addition to slightly differing empirical equations 

for variables such as emissivity, transmissivity, and soil heat flux, the sensible heat flux is 

estimated in different ways. The sensible heat flux equation (Eq. 5) is dependent on the gradient 
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between the surface temperature and the above canopy air temperature. Ts can be estimated as 

the Trad but Ta is more difficult. It cannot be measured remotely and point measurements cannot 

be easily extrapolated because of heterogeneities in the landscape. In addition, absolute values of 

Trad are subject to biases due to calibration errors. Therefore, both R-METRIC and Fusion 

depend on the differential temperature rather than the absolute accuracy of the Trad. R-METRIC 

spatially integrates the extreme pixels to find the temperature gradient (Allen et al. 2007; 

Bastiaanssen 1995). The Fusion scheme, on the other hand, uses a time-integrated method where 

the surface temperature is related to the morning rise in the ABL modeled by McNaughton and 

Spriggs (Norman et al. 2003). 

Another difference in the schemes is the method of extrapolating from instantaneous λET to 

daily ET as well as interpolating between satellite overpass days. R-METRIC assumes that the 

reference ET fraction, ETrF (Eq. 9) calculated at the time of satellite overpass is representative 

throughout the day. Therefore, ET24 can be determined using Eq. 35. Fusion assumes that the 

evaporative fraction, Λ, is constant throughout the day such that ET24 is calculated with Eq. 36. 

𝐸𝑇24 = 𝐸𝑇𝑟𝐹 ∗ 𝐸𝑇𝑟𝑒𝑓,24          (35) 

 𝐸𝑇24 = 𝛬 ∗
(𝑅𝑛,24−𝐺0,24)

𝜆
        (36) 

For interpolating between Landsat overpass days, a cubic spline interpolation is used by R-

METRIC to determine the ETrF for each day between overpasses. The daily ratio is then 

multiplied by the daily ETref to estimate ET24 for each day between overpasses. The Fusion 

scheme uses STARFM, combining the daily MODIS ET maps with the more infrequent, higher 

resolution Landsat ET to create the daily Landsat-scale retrievals.  

A final difference between the two modeling schemes is the necessary user inputs and 

ancillary data. R-METRIC requires some ancillary data from weather stations located within the 

modeled scene (Table 2.2) while Fusion gets ancillary data from the NARR. As previously 

mentioned, R-METRIC requires user discretion in the selection of extreme pixels as well 

appropriate equations and adaptations for specific environments.  
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2.4  Footprint Analysis 

To validate the two models, a footprint (F) for each flux tower was extracted from the larger 

study domains following the 2-dimensional model from Li et al. (2008). The basis of Li et al.’s 

model comes from Hsieh et al.'s  (2000) one-dimensional model: 

 𝐹(𝑥, 𝑧𝑚) =
1

𝑘2𝑥2 𝐷𝑧𝑢
𝑃|𝐿|1−𝑃 ∙ 𝑒𝑥𝑝 (

−1

𝑘2𝑥
𝐷𝑧𝑢

𝑃|𝐿|1−𝑃)  (37)  

where x is the fetch upwind, k is the von Kármán constant ( 0.41),  L is the Obukhov length, D 

and P are constants dependent on atmospheric stability conditions  

 𝐷 = 0.28; 𝑃 = 0.59  for unstable conditions 

 𝐷 = 0.97; 𝑃 = 1  for near neutral and neutral conditions 

 𝐷 = 2.44; 𝑃 = 1.33  for stable conditions 

and zu is a length scale defined as 

 𝑧𝑢 = 𝑧𝑚 (𝑙𝑛 (
𝑧𝑚

𝑧0
) − 1 +

𝑧0

𝑧𝑚
)  (38) 

where zm is the tower height and z0 is the surface roughness length. Li et al. (2008) added a 

lateral dispersion component to the model such that 

𝐹(𝑥, 𝑦, 𝑧𝑚) =
1

√2𝜋𝜎𝑦
𝑒

−0.5(
𝑦

𝜎𝑦
)

2

𝐹(𝑥, 𝑧𝑚)      (39) 

 𝜎𝑦 = 𝑎1𝑧0
𝜎𝑣

𝑢∗
(

𝑥

𝑧0
)

𝑝1

         (40) 

where 𝜎𝑣 is the standard deviation of the cross-wind velocity, and parameters 𝑎1 and 𝑝1 are 

dependent on stability (Eckman, 1994) but are about 0.3 and 0.86 respectively. Figure 2.7 shows 

a representative footprint taken at Tonzi Ranch on day 234 and at Metolius Forest on day 161. 

Note that 90% of the footprint is within about 500 m of both towers. 

 

2.5 Model Validation and Intermodel Comparison 

The research questions described in Section 1.4 above were answered by creating 

comparable high resolution daily and seasonal ET maps over the two study sites. The output of 

these two models was evaluated in the following ways: 

(1) Validate instantaneous flux output of each model with observed measurements taken at 

flux towers at each site; 
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(2) Compare daily and seasonal cumulative ET  between models and in relation to observed 

data; 

(3) Compare modeled instantaneous and daily ET over the tower footprint and over the full 

spatial extent of each study area; 

(4) Compare modeled instantaneous and daily ET over different land cover classifications, 

with a focus on agricultural areas, forests and grasslands 

 

 

 

 

 

 

 

    
 

Figure 2.8 - Image showing a representative footprint at the (a) Tonzi tower on day 234 and (b) 

Metolius Tower on day 161. 90% of the footprint is within about 500 m of both towers. The 

green cross indicates tower location. 

  

(a) (b) 
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3 Results 

3.1 Instantaneous Surface Fluxes 

 Flux densities over the tower footprints at the approximate time of satellite overpass were 

determined for each Landsat image. Because the time of overpass over the Tonzi study site is 

about 10:45 am PST and 10:50 am PST over Metolius, the instantaneous fluxes were found from 

averaging the preceding and subsequent half-hourly measurements. Values of observed H and 

λET were corrected using the Bowen ratio method described in Section 2.2. Because both models 

estimate λET as the residual of the SEB, all of the other components (Rs, Rn, G and H) are also 

determined over the scenes. Thus, the value of each modeled component is estimated over the 

tower footprint and is validated with that measured from the towers.  

 The results of the model-retrieved instantaneous surface fluxes at Tonzi Ranch compared to 

the observed fluxes are shown in Fig. 3.1 and statistical metrics comparing the models are 

summarized in Table 3.1. Both models show reasonable accuracy (relative errors (RE) less than 

12%) in estimating solar radiation, net radiation and (RE < 29%) soil heat flux. The turbulent 

fluxes show larger scatter but maintain relatively low RE in R-METRIC with RE less than 31% 

for both H and λET. DisALEXI showed much lower accuracy with RE at 57% and 346% for H 

and λET, respectively. 

 Instantaneous modeled Rs, and Rn at Vaira Ranch agreed well with tower measurements, 

resulting in RE less than about 11% for each while G had RE less than 26%. H yields RE of 52% 

and 18% for DisALEXI and R-METRIC, respectively while λET is significantly overestimated 

at the instantaneous time scale with RE close to 540% and 300%. Statistics are summarized in 

Table 3.2 and scatterplots are shown in Fig. 3.1. 

 Over the Metolius footprint, both models again performed well in comparison to measured Rs 

and Rn (RE < 14%). Both DisALEXI and R-METRIC overestimated G by 168%. DisALEXI 

underestimated H (RE = 65%) and overestimated λET (RE = 95%). R-METRIC yielded more 

accurate results for both fluxes (RE = 23% and 31% for H and λET respectively). Statistics are 

summarized in Table 3.3 and scatterplots are shown in Fig. 3.1. 
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3.2 ET 

 Daily ET was determined from the EC towers for each day of the study period. Instantaneous 

λET values measured throughout the day were integrated to find daily λET in MJ/m2. These 

values were then divided by the latent heat of vaporization (λ = 2.45∙106 MJ/kg) to arrive at daily 

ET (mm). Modeled values on days of Landsat overpass were found by assuming that either Λ 

(DisALEXI) or ETrF (R-METRIC) measured at the time of overpass were the average for the 

day. Interpolations between Landsat overpass days were done using either STARFM (Fusion) or 

a spline interpolation with ET24ref (R-METRIC).  

 

3.2.1 Daily ET 

 R-METRIC showed reasonable agreement over the Tonzi daily ET (RE = 34%) but 

DisALEXI showed significant overestimations (RE = 430%). At Vaira Ranch, both R-METRIC 

and DisALEXI overestimated the daily ET, (RE = 395% and 596%, respectively). It should be 

noted that the ET at both Tonzi and Vaira is very low compared to the sensible heat flux, which 

tends to exacerbate the ET error. Day 234 at Tonzi Ranch produced a slightly negative value for 

ET. Because no precipitation occurred on that day, it is unlikely that the ET was negative. It was, 

therefore, defined as zero for the interpolation of daily ET between Landsat overpass days. 

Additionally, the five following days predicted negative ET and were also re-defined to zero for 

use in the cumulative seasonal ET. Statistics are summarized in Tables 3.1 and 3.2 while a time 

series of ET at each flux tower is shown in Fig. 3.2. 

 Both models produced daily ET errors at Metolius over 84%. This site is less water stressed 

than the Tonzi scene as evidenced by the precipitation events. At Metolius, the maximum time 

between events with more than 1 mm of precipitation was 33 days while at Tonzi, the maximum 

time was 90 days. However the Metolius scene still showed significant discrepancies between 

modeled and observed ET. Statistics are summarized in Table 3.3 while a time series of ET is 

shown in Fig. 3.2.  

 From Table 3.3, it is evident that both R-METRIC and Fusion seem to capture the rainfall 

events between days 174 and 177 but not the events between days 212 and 214. This may occur 

because the rainfall between days 174 and 177 was distributed throughout the sunlit hours of 
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each day while most of the rainfall on day 214 occurred over the course of just one hour in the 

late afternoon while the rest occurred before sunrise. Since the Fusion scheme is dependent on 

MODIS readings which occur in the late morning hours, the potential weather changes in the 

afternoon were likely not captured and therefore not included in the Landsat-like daily ET map 

that was used to calculate the ET around the tower. Additionally, since the R-METRIC 

interpolation is dependent on ET24ref, the initial decrease in ET on day 212 was the result of a 

decrease in Rs due to cloudy conditions. However, day 214 was generally clear with the 

exception of the late afternoon, hence the ET was not significantly decreased. It should be noted 

that there is no observed daily ET on days 174, 175 or 176 due to gaps in the data. 

 

3.2.2 Cumulative Seasonal ET 

 It is important to assess how different models evaluate ET between overpass days and how 

they compare when calculating the cumulative ET at the end of a season. The methods for model 

interpolation between days are described in Section 2.3. Cumulative observed ET was 

determined by summing daily estimated ET.  

 Looking at the entire Tonzi/Vaira study period, there were twelve clear-sky days for satellite 

images and relatively few gaps in the observed flux measurements. This allowed for nearly 100 

days of cumulative ET to be calculated. Both the Fusion scheme and R-METRIC scheme 

significantly overestimate the cumulative ET  for the study period (Fig. 3.3). The observed total 

for Tonzi was 43 mm while the models estimated the total at 271 mm and 61 mm for DisALEXI 

and R-METRIC, respectively. At Vaira, DisALEXI estimated the cumulative ET as 257 mm and 

R-METRIC estimated 176 mm while the actual total was 21 mm. Given that both models 

overestimated the ET on Landsat overpass days, these results were not unexpected. 

 The cumulative ET at Metolius measured over the 64 day study period was 192 mm. R-

METRIC estimated a seasonal ET of 275 mm while DisALEXI estimated a total of 316 mm. 

Again, these results are not unexpected since both models overestimated daily ET. 
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Table 3.1 – Statistical metrics comparing measured instantaneous fluxes (W/m2) and daily ET (mm) to model outputs over Tonzi 

Ranch. 

 

 Observed DisALEXI R-METRIC 

 
Average Average RMSE Bias RE (%) Average RMSE Bias RE (%) 

Rs 821.0 878.8 62.5 -57.8 7.0 882.0 68.0 -61.0 7.4 

Rn 609.4 568.3 44.7 41.1 -6.7 539.5 72.5 69.9 -11.5 

H 439.1 187.7 257.6 251.4 -57.2 376.8 70.7 62.3 -14.2 

G 105.1 135.2 31.1 -30.1 28.7 118.2 16.5 -13.1 12.4 

λET 65.2 245.3 189.0 -180.1 346.2 44.9 42 10.1 31.2 

Daily ET 0.6 3.2 2.6 -2.6 427.7 0.8 0.4 -0.2 34.1 

All Fluxes 304.7 284.2 130.6 20.6 60.2 269.8 50.4 34.9 -11.1 

 

 

 

Table 3.2 – Statistical metrics comparing measured instantaneous fluxes (W/m2) and daily ET  (mm) to model outputs over Vaira 

Ranch. 

 

 Observed DisALEXI R-METRIC 

 
Average Average RMSE Bias RE (%) Average RMSE Bias RE (%) 

Rs 821.0 861.2 45.5 -40.1 4.9 912.8 96.7 -91.8 11.2 

Rn 545.0 560.5 31.7 15.5 2.8 596.8 60.4 -51.8 9.5 

H 403.1 192.4 219.6 210.7 -52.3 329.9 77.8 73.2 -18.0 

G 105.1 132.0 27.9 -26.9 25.6 120.8 19.4 -15.7 14.9 

λET 36.9 236.1 212.8 -199.3 540.7 146.1 117.7 -120.7 296.5 

Daily ET 0.4 2.9 2.7 -2.57 595.9 2.1 1.8 -1.7 395.3 

All Fluxes 272.5 280.2 123.0 -7.7 129.2 298.4 68.8 -25.9 75.7 
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Table 3.3 – Statistical metrics comparing measured instantaneous fluxes (W/m2) and daily ET (mm) to model outputs over Metolius 

Forest. 

 

 Observed DisALEXI R-METRIC 

 

Average Average RMSE Bias RE (%) Average RMSE Bias RE (%) 

Rs 949.9 864.8 48.9 -23.6 2.8 936.9 18.6 13.0 -1.4 

Rn 712.3 623.5 100.4 94.4 -13.1 709.1 6.5 3.2 -0.4 

H 494.1 174.8 327.2 -323.5 -64.9 382.2 123.6 11.8 -22.6 

G 29.0 77.5 48.9 48.5 167.0 78.0 49.1 -48.9 168.5 

λET 189.6 371.4 189.1 -180.9 94.9 248.6 78.8 -59.4 31.4 

Daily ET 2.6 5.0 2.5 -2.4 92.4 4.8 2.3 -2.2 84.1 

All Fluxes 356.1 311.8 166.4 47.1 46.0 354.5 64.5 -1.7 44.2 
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Figure 3.1 - Comparison of observed and modeled surface energy fluxes on days of Landsat overpass. Results for Tonzi Ranch are 

shown on the left, Vaira Ranch in the center and Metolius Forest on the right.

Observed Fluxes (W/m2) R
-M

E
T

R
IC

 M
o
d

el
ed

 F
lu

x
es

 (
W

/m
2
) 

Observed Fluxes (W/m2) 

D
is

A
L

E
X

I 
M

o
d

el
ed

 F
lu

x
es

 (
W

/m
2
) 

(a) 

(b) 

(c) 

(d) 

(e) 

(f) 



37 
 

 
 

  

 

 

Figure 3.2 – Comparison of daily ET retrieved from each model and the observed rates over the 

season. Days of Landsat overpass are shown by points (red diamonds, DisALEXI; orange 

triangles, R-METRIC). Estimates between Landsat days are shown by lines (grey solid, Fusion, 
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dependent on MODIS; black dotted, R-METRIC, dependent on ETref).  Observed data is shown 

by the blue dots. 

3.3 Inter-model Comparison 

 Although a model may be valid over the tower footprint, this does not guarantee its reliability 

over a larger heterogeneous landscape. Therefore, the models were evaluated against each other 

over the footprint and on a pixel-by-pixel basis over the entire study scene. This allows for the 

investigation into the origins of discrepancies in the models.  

 At both Tonzi and Vaira Ranch, Rs, Rn and H over the tower footprint as evaluated by R-

METRIC were all greater than those evaluated by DisALEXI (Fig. 3.4). DisALEXI found higher 

daily ET on average than R-METRIC. Differences for each component are shown in Table 3.4. 

Looking at the entire study area, R-METRIC produced Rs and H output larger than those output 

by DisALEXI while Rn, G, λET and daily ET were smaller. These differences are summarized in 

Table 3.5. 

 Instantaneous Rs, Rn and G over the Metolius footprint agreed reasonably well between the 

two models though R-METRIC systematically predicted larger Rs and Rn than DisALEXI (Table 

3.4). As over the Tonzi and Vaira footprints, R-METRIC estimated greater H and lower λET than 

DisALEXI. Average modeled fluxes over the entire Metolius scene tended to agree better than 

over the footprint with the exception of G  (Table 3.5).  

 

3.4 Land Cover  

 An intercomparison of modeled instantaneous fluxes was conducted over the different NLCD 

defined land classifications. Investigations into land cover allow a better understanding of the 

effects of landscape properties and conditions on the model output. In addition, it can indicate 

how R-METRIC performs beyond the flux towers used for the meteorological inputs. 

 Although both models were developed specifically for use in agriculture, both Tonzi and 

Metolius study scenes are dominated by other landscapes. Therefore, in addition to a comparison 

over agricultural lands, models were compared over different land cover types as defined by 

NLCD maps. Figs. 3.5 and 3.6 show comparison scatter plots of daily ET for days 195 (Tonzi) 

and 225 (Metolius) for each land cover type. While these plots are for just one day at each study 
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location, they are representative of all days. The largest discrepancies occur over forests and 

grassland over both study scenes. The mean and standard deviations for land classifications for 

each model are shown in Table 3.6. It should be noted that while DisALEXI has a minimum of 

zero, R-METRIC inherently has some negative values due to the way the extreme pixels are 

defined.  
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Figure 3.3 – Cumulative ET for the season at all EC towers.  
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Figure 3.4 – Intercomparison of instantaneous surface energy fluxes over the tower footprints as calculated from each model. Results 

for Tonzi Ranch are shown on the left, Vaira Ranch in the center and Metolius on the right. 

 

Table 3.4 – Absolute differences between DisALEXI and R-

METRIC fluxes (W/m2) and daily ET (mm) over the tower 

footprint on days of Landsat overpass. 

 

 DisALEXI – R-METRIC 

 

Tonzi Vaira Metolius 

Rs -3.19 -51.63 -72.04 

Rn -28.85 -36.31 -85.02 

H -189.02 -137.47 -207.70 

G 17.02 11.18 -0.01 

λET 200.46 89.99 122.94 

Daily ET 2.36 0.84 0.20 

Table 3.5 – Absolute differences between DisALEXI and R-

METRIC mean fluxes (W/m2) and daily ET (mm) over the 

entire study area on days of Landsat overpass . 

 

 DisALEXI – R-METRIC 

 

Tonzi and Vaira Metolius 

Rs -8.93 -58.69 

Rn 10.67 -49.46 

H -138.34 -80.96 

G 11.81 5.30 

λET 137.19 26.18 

Daily ET 1.49 -0.27 
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Figure 3.5 – Intercomparison of R-METRIC and DisALEXI modeled daily ET for day 195 over 

different land classifications over the Tonzi study scene. Dashed line indicates a 1:1 relationship. 
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Figure 3.6 – Intercomparison of R-METRIC and DisALEXI modeled daily ET for day 225 over 

different land classifications over the Metolius study scene. Dashed line indicates a 1:1 

relationship.
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Table 3.6 –The mean daily ET (mm) over the different land classifications over the Tonzi study 

site for each model.  

 

 R-METRIC DisALEXI 

 

Mean 

Standard 

deviation Mean 

Standard 

deviation 

Agriculture 2.37 0.48 3.54 0.53 

Forest 0.78 1.44 3.54 0.75 

Grassland 0.88 0.37 2.25 0.49 

Shrub 2.75 0.62 3.74 0.69 

Soil 1.29 0.52 2.43 0.35 

Scene Average 1.24 0.33 2.68 0.48 

 

 

 

 

 

Table 3.7 –The mean daily ET (mm) over the different land classifications over the Metolius 

study site for each model.  

 

 R-METRIC DisALEXI 

 

Mean 

Standard 

deviation Mean 

Standard 

deviation 

Agriculture 3.13 0.27 2.74 0.39 

Forest 3.63 0.16 4.22 0.39 

Grassland 3.63 0.38 2.22 0.28 

Shrub 2.67 0.32 2.04 0.31 

Soil 4.01 0.37 3.78 0.34 

Scene Average 3.06 0.21 2.78 0.27 
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4  Discussion 

4.1 Eddy Covariance Tower and Model Output 
 

4.1.1 Eddy Covariance Results 

 The modeled output is compared to “ground truth” measurements taken from eddy 

covariance towers at each site. The Tonzi scene contained two towers (Tonzi Ranch and Vaira 

Ranch) while the Metolius scene contained just the one tower at Metolius Intermediate Pine 

Forest. The validation data included measurements for incoming solar radiation, net radiation, 

soil heat flux, sensible heat flux and latent heat flux. Like all observed data, some error margin 

exists for each data value. Typical errors for Rn, H, and λET are less than 20% while for G, it can 

be up to 50% (Foken 2008b). However, if the magnitudes of these fluxes are sufficiently small, 

the percent error may increase significantly. Therefore, the EC data should not be considered 

error free although it is the best estimate available of the observed fluxes and is used for model 

validation. 

 

4.1.2 Instantaneous Fluxes  

 In general, the modeled outputs did not support many of the expected relationships between 

the Tonzi and Vaira flux footprints described by Baldocchi et al. (2004). It was expected that 

modeled solar radiation would be approximately the same at the two sites. Indeed, this held true 

for DisALEXI but R-METRIC estimated higher solar radiation at Vaira than at Tonzi, likely due 

to the slopes and aspects of the footprint pixels. Net radiation is expected to be greater at Tonzi 

than Vaira, partially due to higher albedo at Vaira. However, DisALEXI estimates Rn to be 

approximately the same at both towers while R-METRIC estimates Rn at Vaira to be greater than 

that at Tonzi. Some of the discrepancy likely comes from the overestimation of Rs as well as a 

higher elevation-adjusted surface temperature (Ts,dem). Both turbulent heat fluxes are expected to 

be greater at Tonzi than at Vaira but R-METRIC tended to show higher latent heat flux at Vaira 

while DisALEXI yielded results that varied by less than 10 W/m2 between the two sites. This is 

likely because the ancillary data for R-METRIC were taken from the Tonzi tower, which may 
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not be representative of the grassy landscape surrounding the Vaira tower because the grass at 

Vaira has senesced by the end of the summer, whereas although the trees at Tonzi may be water 

stressed, they are still alive and functioning. Wind speed and relative humidity from Tonzi tend 

to be higher than at Vaira while the air temperature tends to be lower. The small differences 

produced by DisALEXI likely resulted from the similarities found in the 4 km ALEXI pixels 

since they are too large to capture heterogeneities at the smaller scales. Due to problems with the 

soil heat flux measurements from the AmeriFlux data, observed G values were taken from 

Cuenca’s AirMOSS measurements near the Tonzi tower. Though the soil characteristics are 

slightly different between the two sites (Baldocchi et al. 2004), no secondary measurements were 

available from Vaira so it was decided that the Tonzi G values would be used as an estimate at 

both towers.  This agrees with the output of the two models, i.e. although both models 

overestimate G in comparison with measured values, each model shows less than 4 W/m2 

difference between the two footprints. 

 Both Rs and Rn showed very good agreement between modeled and the observed data at the 

Metolius Tower. Soil heat flux was modeled by both schemes to be over twice what was 

observed. For both models, this results from the fraction of Rn that is used to estimate G. 

However, because the observed flux was so small, the overestimation likely does not result in 

significant errors when estimating the turbulent fluxes. R-METRIC yielded reasonably accurate 

results for both H and λET, though it did predict wetter conditions than actually occurred. 

DisALEXI, like at Tonzi and Vaira, overestimated λET and underestimated H. Again, this likely 

results from the Ta retrieved from ALEXI. 

 

4.1.3 Daily ET 

 As evidenced by the magnitudes of fluxes at Tonzi and Vaira, it is clear that both sites are 

dominated by sensible heat. This is expected since both are arid sites with sparse or senesced 

vegetation and relatively little precipitation over the study periods. R-METRIC produced the 

expected relationships, that is, that H is greater than λET at both Tonzi and Vaira. DisALEXI, on 

the other hand, produced results showing that λET dominated the turbulent fluxes. It should 

again be noted that the ET at these sites is extremely low. Both Tonzi and Vaira have been 
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shown to exhibit ET rates less than 0.3 mm per day in the late summer due to minimal soil 

moisture conditions (Baldocchi et al. 2004). Indeed, the mean daily ET over the study period 

measured at Tonzi and Vaira were just 0.48 and 0.28 mm, respectively. This extremely low 

actual ET leads to the very high percent differences resulting from DisALEXI at both sites and 

R-METRIC at Vaira. As it did with instantaneous λET, R-METRIC calculated the daily ET at 

Tonzi to be less than that at Vaira. This is unexpected as the grasses at Vaira are mostly senesced 

by the end of the season while the woodlands are water-stressed but still active. While 

DisALEXI estimated Vaira ET to be lower than Tonzi, it still greatly overestimated values at 

both sites. This discrepancy may result from the assumption that the evaporative fraction, Λ, is 

constant over the day while that may not be the case with the presence of clouds or low soil 

moisture (Lhomme and Elguero 1999). 

 The models produced comparable output at Metolius though both overestimated daily ET by 

over 84%. The instantaneous fluxes produced by R-METRIC were in relatively good agreement, 

indicating that the error was produced in the extrapolation procedure from instantaneous to daily 

fluxes. That is, the assumption that ETrF is constant over the day is not likely to be valid. It is 

unclear whether the constant evaporative fraction assumption is problematic as the instantaneous 

turbulent fluxes were similarly error-prone. That is, λET was overestimated and H was 

underestimated by DisALEXI. Additionally, the same problem that causes ALEXI to produce 

wetter than expected conditions over Tonzi likely affects Metolius as well.  

 

4.2 Differences in the Models 

 As mentioned in Section 2.3 there are a number of differences between the two modeling 

schemes used in this study. While it is difficult to pinpoint exactly which differences resulted in 

the largest contribution to discrepancies between the outputs of the models, some potential 

sources are discussed below.   

 

4.2.1 Temperature Gradient 

 Because of biases arising from inaccurate calibrations of radiometric temperature from 

satellites, models that depend on the absolute accuracy of Trad (or Ts) are subject to potentially 
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significant errors in the calculation of H. Norman  et al. (1995) showed that errors as high as 87 

W/m2 may result from a 1˚C difference in dT for environments with large roughness lengths and 

high wind speed. In models that predict λET as the residual of the SEB, this can translate to 

approximately 0.15 mm/hr. When the ET is as low as that at Tonzi and Vaira, this can lead to 

significant errors in daily ET. Therefore, the best remote sensing models will find a way to 

circumvent this potential for error. Indeed, both Fusion and R-METRIC do so by depending on 

the differential Trad over a scene rather than the absolute accuracy. R-METRIC does so by 

calibrating each scene with the extreme pixels. Bastiaanssen (1995) evaluated the relationship 

between dT and Ts experimentally across a number of study locations and found evidence 

supporting the assumption that the two are linearly related across heterogeneous landscapes in 

relatively close proximity. With this assumption and the assumptions that bare agricultural fields 

exhibit zero latent heat flux while well-irrigated fields exhibit slightly more than reference ET, 

the R-METRIC method to find the temperature gradients across the scene is a viable one. Fusion, 

on the other hand, depends on the time-difference of Trad found by the growth of the ABL over 

four hours in the morning. This has previously been shown to be effective over agricultural 

fields, however it is likely that a large part of the error over the Tonzi scene can be attributed to 

the air temperature determined by ALEXI since it is implemented into the sensible heat flux 

equation and is therefore directly related to the amount of estimated ET. The results at Metolius 

show much less difference between the two models, suggesting that, over some landscapes, the 

two methods of evaluating dT are equally valid. More research is merited to evaluate how the 

determination of Ta in ALEXI may be affected by a range of water-stressed environments. 

 

4.2.2 Momentum Roughness 

 Another potential source for differences in the output of the two models may be the result of 

differing definitions of momentum roughness. The roughness lengths in R-METRIC are mostly 

held constant for a given landscape classification (with the exception of agricultural fields and 

forests, Appendix C). In the Fusion scheme, zom is found from Brutsaert's (1982) equation, 

0.123*hc which tends to result in higher values causing differences in the friction velocity and 

aerodynamic resistance and, thus, affecting the sensible heat. Momentum roughness lengths are 
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difficult to estimate for sparse vegetation like that near the Tonzi tower, however the Perrier 

function used in R-METRIC considers not only canopy height but approximate density as well 

(Perrier 1982) to produce reasonable estimations. It has been shown that small differences in zom 

do not greatly affect the final ET retrievals from METRIC (Tasumi et al. 2005). However it is 

important to accurately predict the height in landscapes with tall vegetation. Though not shown 

in the final products of this research, several iterations of R-METRIC were run varying 

roughness lengths over forested pixels, including estimating zom as initially prescribed by the 

original METRIC scheme (as a function of either LAI or NDVI) as well as using a canopy height 

of 2.5LAI as suggested by Kjaersgaard and Allen (2009) for the Perrier function. All resulted in 

unrealistically low zom. Using the Perrier function with a canopy height of the estimated mean 

from published site descriptions in the literature produced results that agreed reasonably well 

with published values for zom. 

 It was also discovered that NLCD classifications varied for many pixels surrounding the 

Tonzi and Vaira towers and they may not be sufficiently representative of the land cover. For 

example, though some surrounding pixels were identified as deciduous forest, the pixel in which 

the Tonzi tower is located is identified as grassland. The pixel in which Vaira is located is 

identified as shrub. This clearly affects the definition of zom and thus the calculation of sensible 

heat flux. However, because it is not possible to know the accuracy of all NLCD classifications 

in a scene, it was decided for this study to not change any NLCD values and run the models with 

the data available. 

 

4.2.3 Interpolation Schemes 

 Because Landsat 8 has a 16-day repeat orbit, the interpolation of actual ET between satellite 

overpass days is an important aspect of these modeling schemes. Even if Landsat 7 is used in 

conjunction with Landsat 8, eight days pass between potential image acquisitions. STARFM 

integrates the relatively coarse-spatial-resolution MODIS with the higher resolution Landsat 

scenes which allows some of the variability of actual ET to be captured. It has also been shown 

to be a robust method for interpolating reflectance data between Landsat overpass days and has 

been used for studies of vegetation phenology and crop monitoring (Gao et al. 2013; Walker et 

al. 2012; Bhandari et al. 2012) in addition to ET. Gao et al. (2006) revealed differences in 
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reflectance values to be small across all wave bands between STARFM-predicted and Landsat-

observed images. Though not specifically done as part of this project, Anderson et al. (2011) also 

reported errors of about 10% when comparing STARFM-predicted ET to DisALEXI-retrieved 

ET on Landsat acquisition days. Alternatively, the spline interpolation of ETrF in R-METRIC is 

dependent on the reference ET. While it is able to capture some of the variability by using 

ET24ref, it will likely miss some of the phenological changes that occur between Landsat images. 

However, it has proven to be accurate when computing the seasonal cumulative ET in this study 

over Metolius and Tonzi as well as other studies (Allen et al. 2007; Cuenca et al. 2013). Given 

the computational resources required for STARFM, if only the seasonal ET is of interest, the 

spline interpolation scheme of METRIC is likely sufficient. However, if daily detail is desired, 

STARFM likely provides more accurate information for individual days, provided, of course, 

that DisALEXI produces reasonably accurate results on days of satellite overpass. Figures 4.1-

4.4 show the times series at Tonzi Ranch and Metolius Forest for each modeling scheme together 

with the basis for the interpolation (MODIS for Fusion and ET24ref for R-METRIC).  

 

4.3 Hot and Cold Pixel Selection 

 The selection of the hot and cold pixels in R-METRIC has the potential to be a major source 

of error since the selection is subject to user experience and bias. Long & Singh (2013) showed 

that while the standard deviation and skew of the evaporative fraction (Λ) are unaffected, 

different users selecting different end pixels may result in differences as high as 18% in the mean 

Λ, resulting in differences in ET.3 An automated algorithm for pixel selection is described in 

Allen et al. (2013); however, the procedure only narrows down the options to appropriate pixels, 

similar to the strategy employed in this study. The user must ultimately make the selection.  

 It has been shown that the calibration is especially sensitive to the selection of the hot pixel, 

due to criteria being not as well defined (Morton et al. 2013; Timmermans et al. 2007). A 

number of pixels met the criteria for albedo and NDVI but Trad among those potential hot pixels 

vary by more than 20 degrees at Metolius. Higher Trad tends to increase the mean ET. Choosing a 

                                                 
3 In their analysis, Long and Singh used Λ to extrapolate to daily ET rather than ETrF. 
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pixel in the hottest 5% of the available pixels, as was done in this study, certainly affected the 

distribution of the turbulent fluxes. However, it was necessary in order to minimize the number 

of pixels with negative ET in the non-agricultural areas of the study scenes as many of the pixels 

were hotter than the “hot” extreme pixel. Even with careful selection, because the true extremes 

are not used, some negative ET is inherently produced and is expected from R-METRIC. 
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Figure 4.1 – Time series of the Landsat and MODIS retrieved ET measurements combined to 

interpolate a Landsat-scale estimation over Tonzi using STARFM. 

 

  
 

Figure 4.2 –Time series of R-METRIC retrieved ET over Tonzi with the interpolation scheme 

based on the ET24ref. 

DOY 

 

 T
o

n
zi

 D
a

il
y

 E
T

 (
m

m
) 

DOY 

 

 T
o

n
zi

 D
a

il
y

 E
T

 (
m

m
) 



53 
 

 
 

  
 

 

Figure 4.3 – Time series of the Landsat and MODIS retrieved ET measurements combined to 

interpolate a Landsat-scale estimation over Metolius using STARFM. 

 

  
  

Figure 4.4 –Time series of R-METRIC retrieved ET over Metolius with the interpolation scheme 

based on the ET24ref. 
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4.4 Importance of Accurate Footprint Mapping 

 To compare modeled ET to that measured by the EC towers, the footprint was determined at 

each tower. Though initial estimations of the footprint are useful (for example, averaging the 

nine pixels immediately surrounding the tower), an accurate estimation can be important if the 

homogeneity assumption is not valid which may occur under certain conditions since the 

representative area changes with wind speed and wind direction. This was especially important 

for the retrievals over the tower at Tonzi since it lies on the edge of a discontinuity in landscapes 

(Fig. 4.5a). Because the tower is 23 m tall, the footprint is large and captures information up to 

500 m from the tower. Therefore, fluxes may differ significantly if the wind direction is from the 

northeast compared to southwest. The footprint is less variable at Vaira since the tower is only 2 

m high and the majority of the footprint is in relatively open grassland. The footprint at Metolius, 

with a tower height of 32 m, is also important despite its relative homogeneity. On days with 

high wind speed, the drier landscape to the north could affect the flux measurements. 

Additionally, the tower is located just 160 m from a road that is small but noticeable on the 

images and may affect measurements.  

 This also shows the importance of being able to accurately measure ET over a large spatial 

extent. If the observed data were taken strictly from the tower at Tonzi, with the prevailing winds 

coming from the southwest, one might assume that the whole area classified as a woody 

savannah, would show relatively consistent ET. Instead, it is important to note and differentiate 

between land cover types, elevations and densities across the area of interest. 

 

4.5 Limitations of the Modeling Schemes 

Cloud Cover and Resolutions 

 The obvious advantage to both R-METRIC and Fusion is that they estimate ET  beyond the 

point measurements taken by EC towers. This is necessary if any large scale ET estimation is to 

be made. However, current satellite retrievals are limited to those with either high spatial or high 

temporal resolution. R-METRIC ET retrievals are limited to the days of Landsat overpass, 

generally every 16 days. (This can be reduced to 8 days if Landsat 7 is used to supplement 



55 
 

 
 

    
 

   
 

Figure 4.5 – Spatial distribution of ET around (a) the Tonzi Ranch tower and (b) Metolius Forest. 

An area of denser vegetation is evident to the northeast of the Tonzi tower where there are higher 

rates of ET. The landscape around the Metolius Forest tower shows a relatively homogenous 

surrounding landscape. 1 pixel = 30 m. 
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Landsat 8.) Though Fusion integrates multiple satellites to retrieve ET at varying resolutions, the 

low spatial resolution images are used to predict higher resolution images in this research. The 

highest spatial resolution images are, as in R-METRIC, restricted by Landsat overpass days. This 

limits the number of scenes that can be analyzed in a season. The time between clear sky images 

may be increased in certain locations that experience high cloud cover, reducing the available 

scenes to one monthly or even more infrequently. The Tonzi scene is an exception where the site 

was located at the intersection of two paths and has very few cloudy days in the summer months, 

allowing for a large number of scenes to be analyzed. The atmosphere directly above the 

Metolius site was clear for the four days analyzed but other parts of the scene showed cloud 

cover. In addition, those four days were chosen specifically because they were the only 

consecutive overpass days that the study area was clear. Although DisALEXI may also be run 

with MODIS and acquire daily images (assuming clear skies), the resolution is too coarse for 

field scale estimations of ET and does not allow for the same spatial detail in analysis unless 

combined with Landsat using STARFM. 

 

Dependence on Extreme Conditions and Local Measurements 

 R-METRIC is prone to user subjectivity in the selection of hot and cold pixels. It is also 

dependent on the existence of extreme conditions in the scene. If such conditions are not present, 

as may occur early in the growing season or in scenes in which there are few or no agricultural 

fields, this may force a change in algorithms. Fortunately, for this study, agricultural fields were 

available relatively near the chosen study sites. However, for scenes without extreme pixels as 

defined by Allen et al. (2007), one would need some alternative method of calibrating the 

turbulent fluxes in the procedure. 

 R-METRIC also requires at least one meteorological station located within the analyzed 

scene that is representative of the entire area of interest. While this is relatively common in the 

US, especially near agricultural fields, it remains more difficult in developing regions where up-

to-date, reliable weather data are generally not available. 

 Because Fusion uses gridded meteorological data, it can be run over even the most isolated 

sites that lack their own weather station. Assuming that gridded data are, or can be made, 

available for the specific region of interest, this can be applied anywhere in the world. Studies 
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are already underway in the Nile River Basin (Yilmaz et al. 2014) and Brazil (personal 

communication, Martha Anderson).  

 

User biases 

 Additionally, R-METRIC can produce highly variable results depending on user discretion 

and understanding of the specific study site in question. For example, zom may need calibration 

specific to the area of interest depending on the land cover types. The mountain and desert 

models may need to be implemented, each involving parameters that are selected by the user. 

The selection of appropriate extreme pixels takes experience and expertise as previously 

described. In addition, the SAVI L value, and equations for G must be deemed appropriate for the 

study area by the user. Errors in any or all of these parameters may lead to significant biases in 

fluxes. This research did not involve a sensitivity analysis of these parameters but they were 

selected based on suggestions made in literature as well as by trying to create realistic measured 

parameters (as in the case with SAVI L value). This user subjectivity is a large disadvantage as 

the users must be not only highly trained but highly knowledgeable about the area of interest 

which may not always be possible. 

 

Continued Model Development  

 Fusion is a work in progress. It has been shown multiple times to work well over irrigated 

agricultural fields (Cammalleri et al. 2013; Cammalleri et al. 2014). Most recently, its accuracy 

over vineyards in California is under study with promising results with percent errors 15-20% 

over the SEB components (personal communication, Kate Semmens). The wet conditions 

estimated by Fusion in this study results from an underestimation of sensible heat flux likely 

originating in the air temperature predicted by the ABL model in ALEXI. However, through 

personal communication with Martha Anderson, it is known that bugs have been found in the 

ALEXI model code and it is currently being debugged and adjusted in an effort to increase the 

accuracy of the scheme. 

 As these modeling schemes continue to be developed, it may be fruitful to add a biophysical 

component to account for the differences in vegetation. Particularly in arid environments, many 

types of vegetation have adapted characteristics to aid their survival. Of specific interest to this 
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research is stomatal regulation which can play an important role in the ET rate. It has been shown 

that the stomatal conductance may change throughout the day, especially in water stressed 

conditions. Though it would require specific knowledge of the vegetation in the area of interest, 

the ability to represent the biophysical behaviors of the vegetation could greatly improve model 

performance. 
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5  Conclusions 

 The purpose of this study was to investigate how well R-METRIC and the Fusion scheme 

estimate ET over two semi-arid, wooded environments and to compare the outputs from the 

models. This was done by creating comparable high-resolution daily and seasonal ET maps 

produced by the full Fusion scheme and R-METRIC. Instantaneous fluxes, daily and seasonal ET 

outputs were evaluated against observed measurements on a local scale at the EC tower and 

against each other across each study scene and different land classifications. 

 The Tonzi study scene was highly dominated by sensible heat and showed extremely low 

observed ET. This resulted in unexpectedly high relative errors of DisALEXI modeled ET while 

R-METRIC yielded ET in good agreement at the Tonzi tower but high relative errors at the Vaira 

tower. The overestimations resulting from DisALEXI were likely caused by the bugs found in 

ALEXI which affect the air temperature used in DisALEXI. The errors could also be affected by 

the gridded meteorological data used. Overestimations at Vaira were more extreme than those at 

Tonzi likely because the grassland was mostly senesced as well as containing NLCD pixels that 

were not representative of the grassland. For R-METRIC, the high percent errors may also be 

caused by the use of meteorological parameters from Tonzi which is 2 km from the Vaira tower 

and is a woodland environment rather than grassland.  

 The Metolius scene was also dominated by sensible heat but was not as extreme as Tonzi. 

Both models produced overestimations in daily ET but R-METRIC showed very reasonable 

agreement with observed instantaneous fluxes. The Fusion scheme, again, overestimated ET 

predicting an environment dominated, at the instantaneous time scale, by latent heat fluxes. This 

may have been avoided in R-METRIC by including aspects of the model to directly address 

issues arising in mountain and desert-like environments.  

 It is clearly important that the meteorological parameters used in both modeling schemes are 

representative of the area being modeled. Because R-METRIC uses one meteorological tower 

per scene, it may not always be representative of the whole area of interest. The non-

representativeness of the Tonzi flux tower is apparent when looking at the ET estimations made 

over the Vaira footprint, located just 2 km away but with a different landscape. A potential next 

step in this research would be to analyze the Tonzi scene with R-METRIC using the 
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meteorological inputs from the Vaira tower and comparing them to the current output which uses 

meteorological inputs from the Tonzi tower. 

 Both models have proven their utility over agricultural landscapes in a number of previous 

studies. Indeed, the two models compared relatively well over the agricultural fields in the two 

scenes from this study. The two models showed the biggest difference in means over forested 

landscapes followed by grassland over Tonzi and bare soil over Metolius. Both models should 

continue to be studied and validated over non-agricultural fields with varying water availabilities 

in order to prove their utility with other landscapes and environments. It is unclear how well the 

Fusion scheme might perform over these other landscapes until the problems in the ALEXI data 

processing are addressed. In this study, R-METRIC has shown to produce reasonable 

approximations of instantaneous fluxes and daily ET at the Tonzi tower and instantaneous fluxes 

at the Metolius tower, both water stressed environments, but is subject to errors resulting from 

user decisions.  

 Though seemingly more accurate than Fusion when calibrated correctly, the Reconstructed 

METRIC scheme is difficult to calibrate for each scene. The most user-intensive decision is the 

extreme pixel selection. Not only does it take extra time to choose appropriate pixels, it requires 

a relatively high level of expertise and experience to know what characteristics one is 

specifically looking for in each pixel. Even when the criteria are well understood and appropriate 

pixels can be selected, the model output is highly dependent on the relative radiometric 

temperature of the selection, increasing or decreasing ET with higher and lower Trad, . This can 

lead to easy, yet potentially inadvertent, manipulation by the user. In addition to the extreme 

pixel selection, R-METRIC is subject to user error in many other aspects in which the model 

must be calibrated specifically to the area of interest. Several equations for G are available and 

must be carefully chosen for suitability for the soil and land type, the SAVI L value should be 

calibrated to account for specific soil types, and the zom may need to be changed depending on 

the variety of land cover. Successful implementation of R-METRIC can be difficult and time 

intensive because it is restricted by the high level of site-specific information that must be known 

or learned by the user. 

 The Fusion scheme is relatively easy for the user to implement, provided they are familiar 

with the appropriate software packages and operating systems. It currently involves many 
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individual steps and programs so that the user can check output for each aspect of the scheme but 

the user should do that anyway to ensure that the intermediate results, for example albedo, LAI 

and solar radiation, are valid and reasonable for the area of interest. The Fusion scheme does not 

require any user discretion or site-specific knowledge with the exception of identifying the 

average elevation if a DEM is not used in the analysis. However, it is computationally intensive 

compared to R-METRIC and thus requires long processing times. Additionally, until ALEXI is 

debugged, it should not be implemented it in regions in which it cannot be validated by multiple 

EC towers.  

 Parties interested in the use of these modeling schemes should consider the input and 

computational requirements as well as the expertise of the user. In the event that Fusion is 

debugged and proven accurate over semi-arid environments, the selection between the two 

modeling schemes is likely to be dependent on the available resources and user’s knowledge of 

the area of interest.  

 In addition to the limitations mentioned above, these modeling schemes are limited in part by 

the available remote sensing platforms. Not only do the spatial and temporal resolutions restrict 

the data that can be used for analysis but the spectral resolutions limit the complexity of the 

modeling schemes. Incorporating the soil moisture of an area of interest may become possible 

with the launch of the Soil Moisture Active Passive (SMAP) satellite which will use microwaves 

in the L-band (1.20-1.41 GHz) to yield estimates of moisture in the top two centimeters of soil. 

An instrument using microwaves in the P-band (0.28-0.44 GHz), such as that used in the 

AirMOSS project, would increase that depth up to about 75 cm. Incorporating both instruments 

into R-METRIC or Fusion would likely increase the accuracy of the retrieved output since soil 

moisture is a key factor that affects ET rates. Additionally, because the L-band data would 

capture only the surface soil moisture and the P-band would capture the root-zone soil moisture, 

evaporation and transpiration could be differentiated, resulting in a better understanding of the 

vegetation-atmospheric interactions.  
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Appendix A – Scene Identifiers, MODIS Products and Bounding Coordinates  

 
Table A.1 - Scene identifiers for each Landsat scene 

 
Tonzi Ranch Metolius Forest 

LC80430332013179LGN00 LC80450292013225LGN00 

LC80440332013186LGN00 LC80450292013209LGN00 

LC80430332013195LGN00 LC80450292013193LGN00 

LC80440332013202LGN00 LC80450292013161LGN00 

LC80430332013211LGN00  

LC80440332013218LGN00  

LC80430332013227LGN00  

LC80440332013234LGN00  

LC80430332013243LGN00  

LC80440332013250LGN00  

LC80430332013259LGN00  

LC80440332013266LGN00  

 

 

Table A.2 - MODIS products used for Fusion analysis 

 

Product LAI LST NDVI Albedo Geolocation 

Data Set MCD15A3 MOD11_L2 MOD13A2 MCD43B3 MOD03 

 

 

 

Table A.3 - Bounding coordinates for each study area*. 

 
 Tonzi Ranch Metolius Forest 

Upper Left Easting 649054 610201 

Upper Left Northing 4273579 4937408 

Lower Right Easting 695886 645761 

Lower Right Northing 4234687 4902800 

 
*Both scenes are located in UTM Zone 10 North. 
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Appendix B – Stability Correction Equations 

 

𝐿 = −
𝜌𝑎𝑖𝑟𝐶𝑝𝑢∗

3𝑇𝑠

𝑘𝑔𝐻
 (B.1) 

 

For unstable conditions (L<0): 

𝑥𝑚 = (1 − 16
𝑧𝑚−𝑑0

𝐿
)

0.25

 (B.2) 

𝑥ℎ2 = (1 − 16
𝑧ℎ2−𝑑0

𝐿
)

0.25

 (B.3) 

𝑥ℎ1 = (1 − 16
𝑧ℎ1−𝑑0

𝐿
)

0.25

 (B.4) 

𝛹𝑚 = 2𝑙𝑛 (
1+𝑥𝑚

2
) + 𝑙𝑛 (

1+𝑥𝑚
2

2
) − 2𝑎𝑟𝑐𝑡𝑎𝑛(𝑥𝑚) + 0.5𝜋 (B.5) 

𝛹ℎ2 = 2𝑙𝑛 (
1+𝑥ℎ2

2

2
) (B.6) 

𝛹ℎ1 = 2𝑙𝑛 (
1+𝑥ℎ1

2

2
)  (B.7) 

 

For stable conditions (L>0) (for use in R-METRIC only): 

𝛹𝑚 = −5 (
2

𝐿
) (B.8) 

𝛹ℎ2 = −5 (
2

𝐿
) (B.9) 

𝛹ℎ1 = −5 (
0.1

𝐿
)  (B.10) 

 

For neutral conditions (L=0): 

𝛹𝑚 = 𝛹ℎ2 = 𝛹ℎ1 = 0 (B.11) 
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These equations are input into the equations for friction velocity and aerodynamic resistance for 

use in the sensible heat flux equation: 

𝑢∗ =
𝑢𝑧𝑚𝑘

𝑙𝑛(
𝑧𝑚−𝑑0

𝑧0𝑚
)−𝛹𝑚

 (B.12) 

𝑟𝑎ℎ =
𝑙𝑛(

𝑧ℎ2−𝑑0
𝑧ℎ1−𝑑0

)−𝛹ℎ2+𝛹ℎ1

𝑢∗𝑘
 (B.13) 

 

where 

ρair = air density (kg/m2) 

Cp = specific heat of air (J/kg/K) 

u* = friction velocity (m/s) 

Ts = surface temperature (K) 

k = Von Karman’s Constant (0.41) 

g = gravity (m/s2) 

H = sensible heat flux (W/m2) 

uzm = wind speed at height zm (m/s) 

rah = aerodynamic resistance (s/m) 

zom = momentum roughness length (m) 

 

Subscript m indicates momentum transport 

Subscript h indicates heat transport 

zm = blending height across image; height of wind speed measurement or approximation 

zh2 = height where Ta is determined; 

zh1 = height where Ts is determined 

d0 = displacement height 
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DisALEXI:  

zm = 50 m ; 

zh2 = 50 m; 

zh1 =  canopy height;  

d0 = 2/3 of the canopy height 

 

R-METRIC: the differences are assumed constant over all surfaces such that 

zm - d0 = 200 m;  

zh2 - d0 = 2 m;  

zh1 - d0 = 0.1 m 
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Appendix C – Definitions of Momentum Roughness 

 

Table C.1 - Values for momentum roughness length used in R-METRIC. 

 

NLCD Land Cover Classification NLCD Classification Number zom (m) 

Open Water 11 0.0005 

Developed, Open Space 21 0.2 

Developed, Low/Medium/High 
Intensity 

22/23/24 0.2 

Barren Land 31 0.005 

Deciduous/Evergreen/Mixed 
Forest 

41/42/43 Perrier Function (h = 2.5*LAI) 

Shrub 52 0.075 

Grassland/Herbaceous 71 0.01 

Pasture/Hay/Cultivated Crops 81/82 0.018*LAI 

Wood Wetlands/Emergent 
Herbaceous Wetlands 

90/95 0.018*LAI 

 

 

Method for finding momentum roughness length in DisALEXI. 

𝑧𝑜𝑚 = 0.123ℎ𝑐        (C.1) 

where 

ℎ𝑐 = ℎ𝑐,𝑚𝑖𝑛 + (ℎ𝑐,𝑚𝑎𝑥 − ℎ𝑐,𝑚𝑖𝑛 ) ∗ 𝑓𝑐(𝜃)     (C.2) 

fc(θ) is the fractional vegetation cover and hc is the canopy height with the maximum and 

minimums for each land classification defined in Table C.2: 

  



73 
 

 
 

Table C.2 – Maximum and minimum canopy heights defined for each NLCD class used in 

DisALEXI 

 

NLCD_class hc,min(m) hc,max (m) 

11 0 0.6 

12 0 0.6 

21 0 0.6 

22 0 0.6 

23 1 1 

24 6 6 

31 0 0.2 

32 0 0.2 

41 10 10 

42 15 15 

43 12 12 

51 0.2 0.2 

52 1 1 

71 0.1 0.6 

72 0.1 0.6 

73 0.1 0.1 

74 0.1 0.1 

81 0.1 0.6 

82 0 0.6 

90 5 5 

91 1 2.5 

92 1 2.5 

93 1 2.5 

94 1 2.5 

95 1 2.5 

96 1 2.5 

97 1 2.5 

98 1 2.5 

99 1 2.5 
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Appendix D – Coordinates of Extreme Pixels for R-METRIC 
 

Table D.1 – UTM coordinates of extreme pixels selected for use in the Tonzi study scene, 

located in zone 10 North. 

 

 Hot Pixel Cold Pixel 

Day Easting Northing Easting Northing 

179 679002 4240029 653709 4256967 

186 678959 4240091 652762 4244263 

195 678959 4240091 653971 4256956 

202 678959 4240088 656836 4261141 

211 678959 4240088 653226 4256631 

218 678975 4240122 652655 4243073 

227 678975 4240122 653799 4256967 

234 662115 4260906 650909 4243116 

243 678999 4240128 653959 4256956 

250 651132 4256095 652724 4243117 

259 662130 4260946 652664 4243130 

266 651652 4255925 658817 4245068 

 

 

Table D.2 – UTM coordinates of extreme pixels selected for use in the Metolius study scene, 

located in zone 10 North. 

 

 Hot Pixel Cold Pixel 

Day Easting Northing Easting Northing 

161 633240 4910134 634340 4913811 

193 345232 4919449 622404 4904021 

209 641523 4935833 632937 4919222 

225 644611 4929942 625546 4906561 

 




