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ABASTRACT OF THE DISSERTATION 
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By 
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Doctor of Philosophy in Civil Engineering 

University of California, Los Angeles, 2014 

Professor Terri S. Hogue, Chair 

Potential Evapotranspiration (PET) is used as a common input to calculate evaporative demand 

in hydrological, ecological and biological modeling. Dynamic and distributed measurement of 

PET is important for improved hydrologic predictions at the watershed scale since PET varies 

with time and space. In this work, an advanced dynamic PET estimation is proposed by 

integrating geostationary satellite products into a currently existing remote sensing-based PET 

algorithm and evaluated in the framework of operational hydrologic forecasting modeling. The 

development work is approached through a series of studies. At first, a previously developed 

Moderate Resolution Imaging Spectroradiometer (MODIS) based PET (MODIS-PET) product 

applied over several flux towers and basins in the Upper Colorado River Basin (UCRB) to 

determine its applicability and predictive ability in comparison to other ground based distributed 

PET methods. Results from this primary study indicate the MODIS-PET is an improved PET 

estimation method compared to the other two contemporary distributed PET products that were 
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tested over this geographically complex study region. In addition to elevation and cloud cover, 

uncertainties are associated with the MODIS-PET algorithm pertaining from three model 

variables; land surface temperature, air temperature and surface emissivity. The crude 

hypothetical sinusoidal curve considered in the conversion of instantaneous MODIS-PET to the 

daily PET estimation can potentially be replaced with satellite data with improved temporal 

resolution. Hence, integration of Geostationary Operational Environmental Satellites (GOES), a 

series of geostationary satellites with frequent observations, data in the MODIS-PET algorithm is 

performed in the second part. The coupling of GOES within the MODIS-PET algorithm shows 

significant improvement over the previously developed stand-alone MODIS-PET product, 

especially for cloudy days and high temperature pixels. Finally, evaluation of these two remote 

sensing products (merged GOES-MODIS and stand-alone MODIS) is undertaken as lumped 

input in the National Weather Service (NWS) River Forecasting Centers (RFC) operational 

forecasting models in two mountainous watersheds from the UCRB. The preliminary results 

show that PETs estimated using the satellite data is a suitable replacement of the static PET in 

the snow-dominated basins of the UCRB region. The new remote-sensing PET available in near-

real-time which we advocate will ultimately provide more reasonable representation of current 

climatological conditions for streamflow forecasting, drought monitoring and crop water 

demand.  
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Remote Sensing-based Estimates of Potential Evapotranspiration for Hydrologic Modeling 

in the Upper Colorado River Basin Region 

 

Chapter 1: Introduction 

1.1 Potential Evapotranspiration and Hydrologic modeling  

          Advances in hydrologic modeling are required for a better understanding of earth surface 

processes and to provide improved predictions of water resources under a changing climate. 

Potential evapotranspiration (PET) is a key variable in hydrologic forecasting, climate change 

studies, drought analysis, ecological studies, and irrigation scheduling (Palmer 1965; Willmott et 

al. 1985; McKenny and Rosenberg 1993; Arnell and Reynard 1996; Tsakiris and Vangelis 2005; 

Huntington 2006). PET can be defined as the amount of water evaporation and transpiration that 

could occur from a surface if there were no limitation of water availability (Jensen et al. 1990; 

Lu et al. 2005). PET denotes the boundary limit of energy availability for evapotranspiration 

(ET) (Fisher et al. 2011). Despite being a key variable which varies significantly in time and 

space, and in most of the hydrologic models PET is represented as a static input (i.e. monthly or 

daily long term climatological average) estimated from sparsely located ground stations or pan 

data. Distributed PET estimation can bring better prospects for hydrological models with near-

real time availability and finer scale variability, especially in the Colorado River Basin (CRB) 

where short-time projection of streamflow are important for stakeholder water scheduling.  As 

new distributed PET estimation methods are being developed using new generation of satellites 

data, it is important to compare them to the traditional methods in watershed scale for potential 

improvement.  



2 
 

There are two primary methods for ET estimation in hydrological models: 1) an 

integrated approach where various ET components are calculated and summed, and 2) a 

conversion method where PET is first estimated and actual ET is simulated as a function of the 

soil-water availability (Zhao et al. 2013). Given its simplicity and adaptability, the second 

approach is commonly used (Rao et al. 2011; Zhao et al. 2013) and is found in numerous 

hydrologic models including the TOPography based hydrological MODEL (TOPMODEL; 

Beven et al. 1984), Soil and Water Assessment Tool (SWAT, Arnold et al. 1998), Système 

Hydrologique Européen (SHE, Abbott et al. 1986) and SACramento Soil Moisture 

Accounting (SAC-SMA, Burnash et al. 1973) model and many more. The SAC-SMA model is 

used by the National Weather Service (NWS) River Forecasting Centers (RFC) to predict short 

and long-term streamflow. Streamflow forecasts are important for issuing flood warnings, water 

supply predictions, and stakeholder water scheduling. Traditionally, PET in the NWS RFC 

system is the long-term climatological mean of pan evaporation data or daily observations from 

meteorological stations which generally do not reflect the temporal and spatial variability at the 

watershed scale (Lindsey and Farnsworth, 1992). Moreover, static curves developed from long 

term pan or historic data may not reflect current hydroclimatic conditions.  

1.2 Potential Evapotranspiration and Evapotranspiration Estimation Methods  

PET estimation methods starting from simple ground-based methods to state of the art 

satellite-based methods are summarized below to present background on the methods available.  

1.2.1 Point Estimation  

PET can be measured directly using lysimeters but are impractical for large domains, 

heterogeneous landscapes and forests with high canopy height (Lu et al. 2005; Rao et al. 2011). 
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Insufficient measurements of direct PET encourage the development of numerous physical and 

empirical PET estimation formulas. Explicit physical estimation of PET requires a range of 

meteorological variables: air temperature, dew point temperature, wind speed, and radiation 

components. However, ground-based records are sparsely located and are highly dependent on 

climatological and geographic location. There are approximately 50 physical, semi-physical or 

empirical PET estimation models have been developed (Grismer et al. 2002; Lu et al. 2005; 

Milly and Dunne 2011; McMahon et al. 2012).  Common empirical methods to estimate 

point/distributed PET include: Makkink(1957),Hamon(1961),Turc(1961), Jensen and 

Haise(1963),McGuinness-Bordne(1972), Hargreaves (1975), Hargreaves and Samani(1982), 

Abtew(1996). Physically-based and partially physically-based methods include: Penman (1948); 

Monteith(1965); Priestley and Taylor (1972); Thom and Oliver (1977); Wright (1982). PET can 

be measured indirectly from pan evaporation data by multiplying a coefficient value. However, 

point scale estimation of PET from pan evaporation or from meteorological station based data 

are not economically viable or efficient at the catchment scale and have drawbacks such as 

continuous maintenance requirement, numerous installation costs, limited areal extent and 

natural disturbances (Wang and Dickinson 2012). PET responses to the spatial variability of 

forcing data (McVicar et al. 2007; Hobbins et al. 2012), thus the PET of a particular basin will be 

better represented with improved spatio-temporal resolution data. 

 1.2.2 Distributed estimation 

The quality of distributed PET interpolated from point sources such as meteorological 

station or evaporation pan (Xu et al. 2006; McVicar et al. 2007) are greatly controlled by the 

density and location of the stations  (Hofstra et al. 2010). Improved spatio-temporal 

representation of PET can be provided with distributed data sources such as: 1) interpolated from 
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meteorological station (Thomas 2000; McVicar et al. 2007) 2) interpolated from pan evaporation 

(Xu et al. 2006) 3) model derived reanalysis (Baguis et al. 2010) and 4) satellite derived (Lindsey 

and Farnsworth 1997; Kim and Hogue 2008; Jacobs et al. 2009). Reanalysis data are 

fundamentally based on point scale measurements processed through a series of modeling and 

assimilation methods, but uncertainty and inherent biases in the system can bring notable error in 

products derived using reanalyzed meteorological data (Zhao et al. 2006; Hanson et al. 2007; 

Schroeder et al. 2009). Reanalysis data or a combination of satellite and reanalysis data may be 

appropriate for climate change analysis or other long term analysis. However, near-real time 

water resources forecasting requires timely information that satellite data can provide. Satellite-

based evapotranspiration products improve resolution and data continuity over a large area. This 

provides flexibility for the regional or large scale energy, water balance, or land-surface and 

atmospheric interaction studies with higher precision (Boegh et al. 2002; Yao et al. 2012). In lieu 

of the improved resolution and better continuity of satellite data, evapotranspiration estimation 

using satellite data is largely constrained by the representativeness of the model for a particular 

region specially the headwater regions of basins with complex topography (Chen et al. 2014). 

1.2.3 Satellite-based PET and ET 

Satellite data can provide estimates of PET in high resolution and in near-real time which 

may be the most feasible and practical means to get continuous PET data over large 

heterogeneous areas and for use in hydrologic models (Boegh et al. 2002; Yao et al. 2012). The 

timing and magnitude of streamflow forecasting will benefit from remote sensing estimation of 

PET which better represents the effect of terrain and landcover properties. This dissertation is 

focused in advancing satellite-based PET estimation with the eventual goal to integrate a time-

varying and spatially variable near-real time PET estimation in operational forecasting.  
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Methodologies to estimate ET/PET using remote sensing data can be broadly categorized 

into three categories (Kalma et al. 2008; Li et al. 2009; Mu et al. 2011): statistical methods 

(Seguin and Itier 1983; Jackson et al. 1983; Moran et al. 1994; Carlson et al. 1995; Jiang and 

Islam 1999, 2001), energy balance methods (from residual) (Bastiaanssen et al. 1998a, b; Su 

1999; Mecikalski et al. 1999; Bastiaanssen 2000; Norman et al. 2000; Allen et al. 2007 a, b), and 

physical/semi-physical equation based methods (Batra et al. 2006; Cleugh et al. 2007; Mu et al. 

2007; Kim and Hogue 2008; Jin et al. 2011; Mu et al. 2011; Yao et al. 2012).  Statistical methods 

are generally formulated using regression-based relationship of ET with temperature or other 

land surface variables (Seguin and Itier 1983; Jackson et al. 1983; Carlson et al. 1995). More 

recent techniques include satellite-derived vegetation-based methods (e.g. Triangle method 

(Jiang and Islam 1999, 2001) or Trapezoid method (Moran et al. 1994)). Another category 

primarily for ET calculation is based on energy balance approaches where latent heat flux is 

calculated as the residual of the net radiation, sensible heat flux and soil heat flux (e.g. SEBEL 

(Bastiaanssen et al. 1998a, b; Bastiaanssen 2000); SEBS (Su 1999); METRIC (Allen et al. 2007 

a, b); TSM (Norman et al. 2000); ALEXI (Mecikalski et al. 1999)). Most of these algorithms 

need regional calibration, subjective judgment and have the additional requirement of ground 

based data (Kite and Droogers 2000; Courault et al. 2005) which may be unrealistic for 

operational purposes and for real-time hydrological models. Utilizing the surface budget 

components derived from remote sensing in a physical/semi-physical equation for PET 

estimation, several algorithms have been developed for various evaporation terms calculation 

(Stewart et al., 1999; Garatuza-Payan et al., 2001; Batra et al. 2006; Zhang and Wegehenkel 

2006; Mu et al. 2007; Kim and Hogue 2008; Mu et al. 2011; Yao et al. 2012). This methodology 



6 
 

has potential for use in operational systems if all the variables in the equation can be primarily 

obtained from remote sensing (Kim and Hogue 2008).  

1.2.4 Merging of Satellite datasets for Improved ET/PET estimation 

The recent availability of wide array of land surface and atmospheric data from various 

satellite/remote sensing sources increased the number of efforts to generate remote sensing based 

evapotranspiration (ET) products in a wide range of temporal (monthly to daily) and spatial (up 

to 30m) continuum (Stewart et al., 1999; Garatuza-Payan et al., 2001; Jacobs et al. 2004 and 

2009; Batra et al. 2006; Zhang and Wegehenkel 2006; Cleugh et al. 2007; Mu et al. 2007; Kim 

and Hogue 2008; Mecikalski et al. 2011; Mu et al. 2011). Unfortunately, with current satellite 

remote sensing data availability, no single satellite is available to provide data for PET/ET 

estimation at both high spatial and higher temporal resolutions (Anderson et al. 2011).  

Space-born remote sensors are found on board two types of satellites: polar-orbiting and 

geostationary; categorized based on their orbital types. Polar-orbiting satellites are placed usually 

at 600 miles altitude and moves around the earth to capture images of the whole earth surface. 

Among the polar orbiting satellites, Landsat has 30m spatial resolution with the temporal 

resolution of 16 days. Other two popular polar satellites, Moderate Resolution Imaging 

Spectroradiometer (MODIS) and Advanced Very High Resolution Radiometer (AVHRR) 

images are available at 1 km spatial resolution; however, the resolution (1-2 times/day) 

recordings are not enough to capture the diurnal variability. Geostationary satellites stay 

stationary relative to a fixed point on earth surface at an approximate altitude of 22,000 miles. 

This type of satellites provides continuous data recording over a fixed coverage area in frequent 

intervals. A series of geostationary satellites provide coverage over the North America for 
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forecasting purposes and are known as Geostationary Operational Environmental Satellites 

(GOES). With the availability of images at 1 hour interval, GOES has potential to capture the 

diurnal variability in land surface properties. However, the spatial resolution (highest ~2 km 

under the nadir) of these satellites are coarse when compared to polar orbiting satellites. These 

satellites are not sufficient enough to provide the range of variables required to estimate ET/PET 

based on physical/semi-physical methods, thus requiring ground data (Stewart et al., 1999; 

Garatuza-Payan et al., 2001; Jacobs et al. 2004). The infrequent temporal coverage of polar 

orbital satellites and the coarse resolution and limited data availability of geostationary satellites 

make it challenging to estimate ET/PET at a daily temporal resolution at the watershed scale 

using individual satellites (Cammalleri et al. 2014). Hence, there exists a need to utilize strengths 

of two or more polar orbiting and geostationary satellites to derive new improved evaporation 

data products.  

1.3 Integrating Satellite-based ET/PET in Rainfall-Runoff Modeling  

The SAC-SMA model used in for streamflow predictions in the NWS uses monthly or 

daily static PET values interpolated from long-term station data (Farnsworth et al. 1982) or pan 

evaporation data maps (Farnsworth and Thompson, 1983). This static PET does not capture the 

watershed scale variability nor represent the current climatic condition. Thus efforts should be 

paid to integrate satellite-derived PET estimation in operational forecasting. Satellite-based 

retrieval of land-surface properties in geographically complex and heterogeneous landscapes is 

problematic and error-prone (Ryu et al. 2008; Weng et al. 2013). Physical estimation of ET/PET 

using remote sensing is dependent on more than one land surface (e.g. LST, emissivity) or 

atmospheric (e.g. cloud) properties which are very sensitive to the characteristics of the land 

surface, resulting in uncertainty in PET estimation in heterogeneous terrains (Ryu et al. 2008; 
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Mu et al. 2011; Jiang et al. 2012). Thus, there is a requirement to evaluate satellite-based PET 

estimates and subsequent comparison with other existing PET products to establish it as a robust 

PET input option. Precipitation, temperature and PET are the key inputs required in rainfall-

runoff models. Most efforts to introduce new satellite-based products in operational models have 

focused on precipitation (Yilmaz et al. 2005; Su et al. 2008; Meier et al. 2011; Behrangi et al. 

2011).  As new remote-sensing PET products become available they are required to go through a 

rigorous evaluation stage to integrate into the operational forecasting system.  

1.4 Research goals and research questions 

The overreaching goal of this study is to produce a sophisticated PET product that 

integrates the strengths of new generation satellites for improved hydrologic predictions at the 

watershed scale. The objectives of this study are to: 1) evaluate and identify the limitations of a 

current MODIS-based daily PET estimation algorithm, 2) modify the MODIS-based PET 

algorithm to integrate high resolution temporal geostationary GOES satellites data to improve the 

accuracy of the MODIS-based PET product, and 3) test the performance and applicability of the 

new product in an operational framework to simulate streamflow in the Upper Colorado River 

Basin Region with the National Weather Service (NWS) rainfall-runoff model SAC-SMA. In 

general, the following questions are addressed: 

- What are the limitations of a previously derived MODIS satellite-based PET data? 

How does it perform compared to other distributed PET products generated from 

reanalysis datasets over a heterogeneous terrain?  

- Does the integration of remote sensing products from a geostationary satellite in a 

polar-orbital satellite based PET algorithm improve PET estimation over a 

geographically complex region? 
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- Is the new product capable of improving streamflow simulations within an 

operational forecast system? How do the distributed dynamic PET products perform 

over traditional products within that framework for streamflow simulations?    

 

1.5 Organization of the dissertation 

In chapter 2, a MODIS-based PET product is evaluated at three flux tower locations in 

the Colorado River Basin Region and compared with two distributed PET products. A sensitivity 

analysis is also performed to identify the most sensitive parameters in the MODIS-based PET 

algorithm. In Chapter 3, several approaches to integrate GOES satellite data in to the MODIS-

based PET algorithm are tested and evaluated with flux tower derived PET. The evaluation study 

has identified the best performance against the MODIS-PET. In Chapter 4, the applicability of 

the new dynamic PET product and the MDOIS-PET are tested in the Upper Colorado River 

Basin Region in the SAC-SMA to simulate streamflow. In Chapter 5, the major findings from 

this dissertation are summarized and directions for future research are discussed.       
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Chapter 2: Evaluation of Distributed PET products for the Upper Colorado 

River Basin (UCRB) Region 

In this chapter, a MODIS-based PET product is evaluated at three flux tower locations 

and is compared with two distributed PET products (generated from reanalysis datasets) over 

dry, a wet, and normal year over seven watersheds in the UCRB region. A sensit ivity test is also 

performed to identify the most sensitive parameters in the MODIS-based PET algorithm. To 

evaluate and identify the limitations of this current MODIS-based daily PET estimation 

algorithm, the following tasks are performed: 1) The dominant variables in MODIS-PET 

algorithm with their associated limitations are identified, 2) The MODIS-PET product and two 

other distributed PET products are compared to flux tower derived PET in the UCRB region, and  

3) The variability of the MODIS-PET relative to other PET products are evaluated across 

landscape types and a range of elevation zones. 

2. 1 Introduction 

Streamflow from the Colorado River Basin (CRB) is vital to meet water supply demand 

for the seven states sharing its water. This highly–allocated basin is facing the challenge of 

periodic drought with longer drought season and climate change with earlier peak in snowmelt 

and higher evapotranspiration rates which is reflected in numerous recent studies (Christensen et 

al. 2004; Meko and Woodhouse 2005; Christensen and Lettenmaier 2007; Meko et al. 2007; 

Tang and Piechota 2009; Ficklin etal. 2013). The reservoir system in the CRB is very sensitive to 

runoff response (Nash and Gleick 1993), thus better forecasting of runoff components is critical. 

PET is a vital component for runoff calculation and better understanding of PET is required for 

future planning that considers climate change and drought effects for the region (Harding et al. 

2012; Deems et al. 2013).  
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The major input to the total flow (on average 85-90%) of the CRB comes from snow-

melt in the high-elevation headwaters of the Colorado River and its tributaries known as the 

Upper Colorado River Basin (UCRB) (Stockton and Jacoby 1976; Hidalgo and Dracup 2003; 

Christensen et al. 2004; Christensen and Lettenmaier 2007). Since the upper basin is accountable 

for the majority of flow, this region is of special concern to scientists and regional resource 

managers (Ficklin et al. 2013). The current study explores the suitability of a MODIS-based 

algorithm to estimate PET in the Upper Colorado River Basin (UCRB) and its performance 

relative to other existing ground-based models. Selection of this highly heterogeneous terrain 

provides the opportunity to simultaneously evaluate models from low to high elevation and semi-

arid to sub-alpine climates.   

Kim and Hogue (2008) formulated a Moderate Resolution Imaging Spectroradiometer 

(MODIS) satellite based daily PET (will be known as MODIS-PET for rest of the article) 

calculation framework from MODIS products which can calculate PET both for the clear and the 

cloud covered sky. A point based evaluation of the PET product over various flux tower sites 

located in Illinois, Oklahoma, Mississippi and Arizona showed a good correlation (R
2
=0.87) and 

RMSE (=1.81 mm/day) (Kim and Hogue 2008) indicating the potential of this high resolution 

(250m) product to be used for distributed hydrological modeling.  However, out of all locations 

where the product has been tested, the performance at the semi-arid Arizona site was 

comparatively less satisfactory and none of the sites used in the study were located higher than 

1000m elevation. Thus this evaluation work is extended for the geographically complex and 

mountainous lands of the UCRB. In addition, the MODIS-based PET (daily, 250m) is evaluated 

against two other distributed PET products, the PenPan model derived the Colorado Basin River 

Forecast Center’s North American Land Data Assimilation System (NLDAS) synthetic pan data 
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(daily, 0.125°) and a Hargreaves PET derived from Numerical Terradynamic Simulation Group’s 

DAYMET variables (daily, 1km), which will be respectively known as Epan and DAYMET-

PET in the remaining paper. The discrepancy among the PET estimation methods are also 

compared over major landcover types and several elevation zones found in the region.  

2.2 Data and Study Basins  

2.2.1 Study Domain 

The upper division of the CRB, historically known as the UCRB, covers approximately 

286,000 km
2 
area and contributes the majority of flow into the basin.  The UCRB has high 

variability in terms of climate where the north and east have the alpine weather and the south and 

west in the arid/semi-arid conditions. This high elevation terrain ranges approximately 4200m to 

1200m from the north to south.  
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Figure 2.1 Upper Colorado Basin (Hydrologic Unit Code 14) with seven selected basins. 

 

Seven sub-basins (Fig. 2.1; Table 2.1) from the UCRB (HUC-14) were selected to 

represent the diversity of topography and climate of this mountainous basin. Distributed over 

four states (Wyoming, Utah, Colorado, New Mexico), the basins together cover about 19,400 

km
2
 area of the UCRB.  Most of the basins in the Upper Colorado have the majority of the flow 

from spring snow-melt. Out of seven basins selected five are snow dominated and two are rain-

snow dominated (Fig. 2.2). In general the Upper Colorado region can be characterized as a semi-

arid region (Christensen and Lettenmaier 2007); however, an aridity index calculated using 

PRISM (Daly et al.1994) 800m normal (1971-2000) precipitation and temperature dataset, shows 

alpine climatology persists in three high elevation basins (New Fork, Animas and East Taylor) 
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with heavy show-fall during winter. One arid basin (Dirty Devil) is selected from the south-east 

part of the region and the rest of the basins (Lower Dolores, Lower Green Diamond and 

McElmo) are semi-arid basins with moderate elevation (Table 2.1).    

   Table 2.1 Study basins attributes in the Upper Colorado River Basin 
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Figure 2.2 Average monthly flow (line) and precipitation (inverted bars) for each selected basin.  
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2.2 Regional Flux Towers 

Data from three flux towers were obtained from FLUXNET (ORNL DAAC 2013) which 

contains meteorological and atmospheric data (Table 2.2). Two of the sites are forested sites: the 

Glacier Lakes Ecosystem Experimental site (GLEES) (GL) located in Wyoming and the Niwot 

Ridge (NR) site located in Colorado. The third site, Corral Pocket (CP), located in southeast 

Utah, is perennial grassland. The two forested sites are located in high altitude alpine weather 

and the grassland site is in a semi-arid region where one-third of the total rainfall occurs in 

summer (Bowling et al. 2010). Ancillary metrological measurements used for PET calculation 

include net radiation, air temperature, soil heat flux, humidity, and wind speed. The 2006-2007 

period was selected for the point scale comparison due to the availability of consistent data at the 

three flux tower locations. 

          Table 2.2 Flux tower characteristics 

Name GLEES Niwot tower 
Corral 

Pocket 

State WY CO UT 

Landcover  
Evergreen Needleaf 

Forest 

Evergreen Needleaf 

Forest 
Grassland 

Climate Alpine Alpine Semi-arid 

Elevation (m) 3190 3050 1520 

Avg. Temp (°C) 0.8 0.43 12 

Avg Precip 

(mm/yr) 
525 595 216 

Data used 2006-2007 2006-2007 2006-2007 
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2.3 Methodology 

2.3.1 Distributed PET Models 

2.3.1.1 Daymet-PET  

Daymet (Thornton et al. 1997) is a continuous surface weather dataset primarily 

developed for plant growth modeling (Thornton et al. 2013) and is used in a wide range of 

surface and terrestrial modeling studies. The data is available over the conterminous United 

States, Mexico, and southern Canada for 1980-2012 at daily temporal resolution and 1kmx1km 

spatial resolution. The developed Daymet-PET uses the Hargreaves PET (Eq. 2.1) with 

temperature and solar radiation from the Daymet database.  

The Hargreaves model is a temperature and solar radiation based-PET estimation method 

(Hargreaves 1975; Hrgreaves and Samani 1982, 1985) (Eq. 2.1). 

0.0135 ( 17.8)e s aP R T           Eq. 2.1 

Where eP is the potential evapotranspiration (mm.day
-1

), sR is solar radiation (MJ m
-2

day
-1

) and aT

is calculated from the average of maximum and minimum temperature (
⁰
C).  This model is 

recommended as a replacement of the Penman-Monteith model in case of unavailability of all the 

data required to calculate Penman-Monteith (Allen et al. 1998). The Hargreaves model was used 

to calculate Daymet-PET using radiation and air temperature data from the Daymet dataset. 

2.3.1.2 PenPan Epan 

Hobbins et al. (2012) generated 30 years of synthetic Epan data for the contiguous U.S. 

using the meteorological and radiation forcings derived from the NLDAS.  Epan uses a modified 

Penman method known as the PenPan method which makes adjustment for increased solar 
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radiation and heat transfer pan walls to simulate Class A pan data (Rotstayn et al. 2006). The six 

drivers from NLDAS, including air temperature at 2m height, surface pressure, specific humidity 

at 2m height, wind speed at 10m height, downwelling shortwave radiation, and downwelling 

longwave radiation. The final PenPan estimate is a daily 0.125⁰resolution product and is derived 

from:  

2. . ( )( )n
pan s a

v

R
E g U e e

L

 

   
  

 
    Eq. 2.2 

Where K is the gradient of saturated vapor pressure (Pa K
-1

),  is the psychometric constant (Pa 

K
-1

), Lv is the latent heat of vaporization (Jkg
-1

), Rn is the available energy flux (Wm
-2

), g(U2) is a 

function of wind speed at 2 m height U2 (ms
-1

),  is the ratio of effective surface areas for heat 

and water-vapor transfer in a pan,  se and ae are 

2.3.1.3 MODIS-PET 

We estimate a daily MODIS-PET at 250m utilizing the Priestley-Taylor formulation and 

a previously developed algorithm (Kim and Hogue, 2008) which uses eight MODIS products 

(Table 2.3). The Priestley-Taylor equation (Priestley and Taylor, 1972) is a radiation based 

method where the aerodynamic and surface resistance of the Penman combination method 

(Monteith 1965) is replaced with a Priestley-Taylor Coefficient (), making it suitable for the 

integration of satellite products (Kim and Hogue 2008; Yao et al. 2012). The Priestley-Taylor 

model has been tested using ground-based station data over a wide verities of terrains and 

climatic conditions and has been proven to provide reasonable estimates (Lu et al.2005; Xu and 

Singh 2002; Oudin et al. 2005). The Priestley-Taylor equation (Eq. 2.3), with MODIS inputs, is 

developed as follows: 
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( )e netP R G



 


  

Where Rnet is net radiation (Wm
-2

), G is soil heat flux (Wm
-2

),   is the slope of the saturation 

vapor pressure-temperature plot (Pa/⁰C),  is the psychrometric constant (Pa/⁰C). The parameter 

alpha () is set to 1.7 for semi-arid and arid regions and 1.26 for other regions in this study. 

Since alpha is noted to account for the aerodynamic term of the Penman-Monteith equation, 

theoretically the ratio of PET estimated from the Penman-Monteith equation (Eq. 2.16) and the 

Priestley-Taylor equation (Eq. 2.3) without the   term approximates the alpha value. At 

GLEES, Niwot Ridge, and Corral Pocket tower locations this ratio is obtained as 0.94, 0.98 and 

1.64 respectively. The ratio obtained at the semi-arid site (Corral Pocket) justifies our selection 

of 1.7 alpha value for the semi-arid and arid sites (which was based on prior literature). 

However, for the Niwot Ridge and the GLEES sites 1.26 alpha value is used since “The concept 

of equilibrium evaporation” on which the Priestley-Taylor equation is based, requires the alpha 

() value should be equal to or greater than 1.26 (Eichinger et al. 1996).   

All variables for the satellite based PET (MODIS-PET) are derived using MODIS 

products (Table 2.3). The net radiation is estimated using the energy balance equation from the 

difference of net shortwave radiation and the net longwave radiation and adapted for MODIS 

products (Eq. 2.4). 

 (1 )net sw lw lwR A R R R       

Where A  is the albedo (MCD43B3), swR
is the incoming shortwave radiation, lwR

is the incoming 

longwave radiation and lwR
is the outgoing longwave radiation. 

Eq. 2.3 

Eq. 2.4 

http://agsys.cra-cin.it/tools/evapotranspiration/help/Penman-Monteith.html
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Table 2.3 MODIS-PET algorithm products  

MODIS 

Product  Variables  

Spatial 

Resolution 

Temporal 

Resolution 

MOD03 Longitude, Latitude, Solar zenith Angle 1km Daily 

MCD43B3 Albedo 1km 8 days 

MOD05_L2 Water Vapor 1km Daily 

MOD06_L2 

Cloud fraction, Cloud optical thickness, cloud top 

temperature day, Cloud effective emissivity day,   
5km Daily 

Surface temperature 1km Daily 

MOD07_L2 Total ozone, Air temperature, Dew temperature 5km Daily 

MOD11_L2 Land surface temperature, land surface emissivity 1km Daily 

MOD13Q1 NDVI 250m 16 days 

MYD13Q1 NDVI 250m 16 days 

 

 Incident shortwave radiation is estimated both for the clear and the cloudy sky conditions 

applying the Bisht and Bras (2010) methodology. In clear sky conditions, both the downward 

and upward longwave radiation calculations are based on the Stefan-Boltzmann equation. Clear 

sky downward lonagwave radiation is calculated using air emissivity and air temperature where 

air emissivity is calculated using a parameterization scheme developed by Prata (1996) (Eq. 2.5-

2.7). Surface emissivity and surface temperature are used for clear sky upward longwave 

radiation calculation as follows:  

4

( )lw clear a aR T                                Eq. 2.5 

1/2

0 0

46.5 46.5
1 (1 )exp( (1.2 3 ) )a

a a

e e
T T

            Eq. 2.6 
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4

( )lw clear s sR T                                                       Eq. 2.7 

Where ( )lw clearR
 is the downward longwave radiation for clear sky condition,  is the Stefan-

Boltzmann constant, 
aT (k) is the air temperature, 

a is the air emissivity, 
0e  (hPa) is the vapor 

pressure at the screen level calculated from dew temperature (
dT (k)) using Clausius–Clapeyron 

equation, ( )lw clearR

 is the upward longwave radiation for clear sky condition, 
s is the surface 

emissivity and sT (k) is the surface temperature. aT and dT  products are obtained from MOD07, 

whereas a and sT (k) from MOD11. MOD07 provides aT  and dT  profiles at 20 vertical 

atmospheric pressure levels. In this highly variable terrain the lowest level (highest pressure) can 

not be utilized as the surface pressure level. A pressure-altitude relation (Eq. 2.8) is therefore 

used to calculate pressure at the pixel level elevation and this pressure is used to interpolate aT

and dT  from the vertical profile.  

0

0

exp( )
gMH

p p
RT

 

 

where H(p) is the height of each pixel determined from MOD03 product,  p (hpa) is the pressure 

at H height,  p0=1013.25 hpa; T0= 288.15 K; g=9.8 ms
-2

; M=0.0289 kg/mol; R=8.31 j/(mol.k); 

 

Under cloudy sky conditions downward longwave radiation is calculated as proposed by 

Forman and Margulis (2009) (Eq. 2.9) and cloudy sky upward longwave radiation is calculated 

using the same formulation used for clear sky upward longwave radiation (Bisht and Bras 2010).  

4 4

( ) (1 )lw cloudy a a a cl clR T T      
                            Eq. 2.9 

 Eq. 2.8 
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Where ( )lw cloudyR
is downward longwave radiation under the cloudy sky condition, cl is the cloud 

emissivity and clT (k) is the cloud top temperature derived from MOD06 product.  

4

( ) _06 _06lw cloudy s sR T                             Eq. 2.10 

Where ( )lw cloudyR
 is the upward longwave radiation under cloudy sky conditions, 

_ 06s  is the 

surface emissivity and _ 06sT (k) is the land-surface temperature from MOD06. 

The cloudy sky calculation of radiation components is undertaken when the cloud 

fraction in a pixel is greater than 0, otherwise clear sky equations are used. These radiation 

components are then used to calculate net radiation for all sky conditions at the satellite 

overpassing time (instantaneous net radiation, insR ) (Eq. 2.4). Net radiation at the satellite 

overpass time is converted to the daily average based on the distribution of PET as a sinusoidal 

function (Eq. 11) (Bisht et al. 2005; Kim and Hogue, 2008; Li et al. 2009).  

2

sin

ins

i sunrise

sunset sunrise

Rn R
t t

t t
 

 
  
  

  

             Eq. 2.11 

where Rn  is the daily net radiation, sunriset is the sunrise time, sunsett  is the sunset time obtained 

from the U.S. Naval Observatory and it  is the satellite over-passing time.   

The daily net radiation ( Rn ) is used in the Priestley-Taylor equation for daily average PET (Eq. 

2.12-2.15). 

( )PET Rn G



 


                                            Eq. 2.12 
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2

exp 17.27( 273.15) / (( 273.15) 237.3)
0.611 4098

(( 273.15) 237.3)

a a

a

T T

T

  
  

 
        Eq. 2.13 

100

622 (2.501 (0.02361( 273.15)))aT
  

  
                                        Eq. 2.14 

4(0.0038 0.0074 )(1 0.98 )sG T a NDVI                                               Eq. 2.15 

Where A  is the albedo and NDVI is the normalized vegetative index derived from MODIS 

MCD43B3 and MOD13Q1 (or MYD13Q1) products respectively. G (W/m
2
) is the ground heat 

flux calculated applying a SEBAL-based method (Eq. 15) (Bastiaanssen 2000).  

2.3.2 Flux Tower Estimates 

Evaluation for each derived spatial product (Daymet, Epan and MODIS-PET) was 

performed using a tower-estimated PET with the Priestley-Taylor equation (Eq. 2.3) as well as a 

tower-estimated PET using Penman-Monteith (Monteith 1965) (Amatya et al. 1995; Lu et al. 

2005; Chen et al. 2005; Gebhart et al. 2013).  

2.3.2.1 Penman-Monteith (PM) Model 

Penman-Monteith (Monteith 1965) is a combination method which considers both the 

energy and the aerodynamic principles and is considered one of the most competent models 

(Amatya et al. 1995; Lu et al. 2005; Chen et al. 2005; Gebhart et al. 2013).  

. ( ).1500 /

[ (1 )]

net s a a
e
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           Eq. 2.16 
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Where 
se is the saturated vapor pressure at air temperature (kPa), 

ae is the actual vapor pressure 

(kPa), 
ar is the aerodynamic resistance (sm

-1
), 

sr is the surface resistance (sm
-1

) and 
vL is the 

latent heat of vaporization (MJ kg
-1

), Rnet is in MJ  m
-2

 day
-1

, s and   are in Pa
⁰
C

-1
 

The aerodynamic term is calculated from the following equation: 

2

ln[ ].ln[ ]m h

om oh
a

z

z d z d

z z
r

k u

 

    Eq. 2.17 

Where mz is the wind measurement height (m), hz is the humidity measurement height (m), d is 

the zero-windspeed plane displacement (m), omz  is the roughness length of momentum transfer 

(m), and ohz is the roughness length for vapor transfer (m). These are calculated using the 

following empirical equations suggested by Jensen et al. (1990) d=2/3h, 0.123omz h ,

0.17oh omz z , and k=0.41 (where h is the canopy height (m)).  

2.3.4 Sensitivity Analysis 

The MODIS-PET algorithm is first tested for sensitivity to MODIS input variables using 

a one-factor-at-a-time (OFAT) method. Seven key variables, air temperature, land surface 

temperature, cloud optical thickness, land surface emissivity, cloud emissivity, albedo and 

NDVI, were varied by increments of −15%, −10%, -5%, -2%, + 2%, +5%, +10% and +15%. 

Percent bias (sec 3.6.1) was calculated for each of the increment from the original model output. 

The pixel containing the Corral Pocket tower was selected for the sensitivity test as it has the 

least missing data out of the three sites. One year (2004) of data is used for the sensitivity test.  
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2.3.5 Spatial Comparisons  

Epan and Daymet PET products were resampled to 250m resolution using the nearest 

neighbor method for comparison to the 250m MODIS-PET. A comparison of the three products 

was undertaken for years 2002, 2004 and 2005, representing a dry (2002), average (2004) and 

wet (2005) year based on PRISM precipitation data (Daly et al.1994). However, for landcover 

and elevation analysis, only the average year (2004) is used. Distributed PET is estimated over 

the seven study watersheds, as demarcated by USGS HUC 8 watershed boundaries. The average 

PET for all the pixels inside the basin boundary is used for basin average PET calculation. Days 

with missing data (flux tower) were excluded from analysis. 

2.3.6 Statistical Analysis 

  For the quantitative evaluation of the PET products at the flux tower locations three 

widely used validation statistical indices are applied in this study. 

2.3.6.1 Bias 

Bias (BIAS) measures the average tendency of the simulated data to be larger or smaller 

than their observed counterpart.  

1
( )

[ ]

n

i ii
S R

BIAS
n







 

where iR is the observed value, iS is the predicted value for the i th time step, and n is the total 

number of timesteps. 

Eq. 2.18 
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2.3.6.2 Correlation 

Pearson’s r is used to determine the strength of the linear relationship between the PET 

products:  

.x y

Cxy
r

 
  

where Cxy  is the covariance of the variables x  and y , x is the standard deviation of variable 

x and 
y is the standard deviation of variable y . Here, x represents the observed data and y the 

simulated data. 

2.3.6.3 Root Mean Squared Error (RMSE) 

RMSE measures the square root of residuals and measures the accuracy of PET 

estimates: 

2

1
( )

n

i ii
S R

RMSE
n







 

where iR is observed value, iS is the predicted value for the i th time step and n is the total 

number of time steps. 

2.4 Results 

2.4.1 Sensitivity Analysis 

The MODIS-PET model was most sensitive to air temperature, land surface temperature 

(LST) and surface emissivity (Fig. 2.3). For 15% to -15% changes in air temperature, LST and 

emissivity, the percent bias in PET varied between 50-100%, 20-105% and 0-50% respectively 

Eq. 2.19 

Eq. 2.20 
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(Fig. 2.3). MODIS-PET was relatively less sensitive (the bias was not more than 20% even for 

the maximum change of 15% from the current value) to uncertainties associated with cloud 

emissivity and cloud optical thickness. Very little sensitivity was observed for NDVI and albedo 

which are used to calculate ground heat flux and net shortwave radiation respectively (the bias 

was not more than 5% even for the maximum change of 15% from the current value).  

Air temperature, LST, and surface emissivity were tested seasonally to evaluate the 

seasonal sensitivity of the MODIS-PET to these variables. MODIS-PET is most responsive to air 

temperature during the winter and least responsive during the summer seasons (Fig. 2.3 b) while 

LST and emissivity showed the opposite characteristics with the most influence on the MODIS-

PET during the summer months (Fig. 2.3 c-d). The highest sensitivity is observed for LST. The -

15% change in LST resulted in bias of 130% in PET in the summer which is followed by the fall 

with 110% bias and less than 100% bias both for the winter and spring seasons.  
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Figure 2.3 % Bias of MODIS-PET products for % change (a), % change in PET based on % 

change in air temperature (b), LST (c), and surface emissivity (d) for each season- winter 

(December 21- March 19), spring (March 20-June 20), summer (June 21-September 21) and fall 

(September 21-December 20). 

 

2.4.2 Point-scale PET 

As in prior studies, the tested PET methods were first evaluated at the point scale against 

PET from flux tower data at three locations (Fisher et al. 2008; Kim and Hogue, 2008; Lu and 

Zhuang  2010; Vinukollu et al. 2011). At all tower locations, the MODIS-PET performed better 

than both Epan and Daymet-PET (Fig. 2.4). The MODIS-PET had RMSE ranging from 2.24 

mm/day to 2.85 mm/day and bias ranging from -0.25 mm/day and 0.80 mm/day (Fig. 2.4 a,e,i), 

while Epan had RMSE values ranging from 2.58 mm/day to 3.04 mm/day and bias ranging from 
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-1.59 mm/day to -2.24 mm/day (Fig. 2.4 c,g,k). The Daymet-PET had RMSE ranged from 3.55 

mm/day to 4.58 mm/day and bias ranged from -2.79 mm/day to -3.71 mm/day (Fig. 2.4 d,h,l). 

However, evaluating the spatial products against the tower-based PM (Fig. 2.4 b,f,j  ) increased 

the RMSE and the bias and decreased the R values of MODIS-PET. In general, the bias in the 

scatter plots suggests overestimation for MODIS-PET (except at the GLEES tower location 

where bias=-0.25 mm/day) and underestimation for the Epan and the Daymet-PET compared to 

tower-PET PT. The highest underestimation was observed for Daymet-PET which had bias 

ranged from -2.79 mm/day to -3.71 mm/day, followed by Epan which had bias ranged from -

1.59 mm/day to -2.24 mm/day (Fig. 2.4).  

Considering model performance against individual sites, the lowest RMSE (=2.24 m/day) 

and bias (=-0.25 mm/day) occurred at the GLEES site for the MODIS-PET method (Fig. 2.4 a) 

and the highest RMSE (=4.58 mm/day) and bias (=-3.71 m/day) occurred at the Corral Pocket 

site for the Daymet-PET (Fig. 2.4 l). A general trend in RMSE, bias and R value was observed 

where for all the methods, the lowest RMSE, bias, and the highest R occurred at the GLEES site 

and the highest RMSE, bias, and the lowest R occurred at the Corral Pocket site (Fig 2.4).  
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Figure 2.4 Comparison of daily MODIS-PET, Epan PET and Daymet PET data with flux 

tower (GLEES (a-d), Niwot Ridge (e-h) and Corral Pocket (i-l)) derived PET in the Upper 

Colorado Basin. The grey dots represent the days with cloud cover (partial or overcast) detected 

using MODIS data. 

 

Estimates of Bias and RMSE statistics for cloudy and clear days are presented in Table 

2.4. In general, cloudy days produced similar trends observed for the clear days in terms of error 

statistics; errors are comparatively lower for the GLEES site and the highest bias and RMSE 



39 
 

values are observed for the Corral Pocket site (Table 2.4). Only at the GLEES site is the cloudy 

day estimation of PET less erroneous than the clear day PET estimation, where clear day RMSE 

for MODIS-PET, Epan, and Daymet PET are respectively 2.49 mm/day, 3.35 mm/day, and 4.49 

mm/day and cloudy day RMSE are 1.79 mm/day, 1.93 mm/day, and 2.74 mm/day, respectively. 

The MODIS-PET agrees well with the tower-PET for cloudy days at the GLEES tower location 

which is also reflected in the scatter plot (Fig. 2.4 a). For the GLEES and the Niwot Ridge sites 

the highest PET values are observed for clear days (Fig. 2.4 a-h). However, at the semi-arid 

Corral Pocket site cloud presence increased the scattering especially for the MODIS-PET thus 

the RMSE value is increased from 2.06 mm/day to 3.12 mm/day in presence of cloud.  

Table 2.4 Bias and RMSE for three PET methods at three flux tower locations. 

PET Methods 

BIAS (mm/day) RMSE (mm/day) Sky 

Condition 

 GLEES Niwot Corral GLEES Niwot Corral 

MODIS-PET 0.08 0.84 1.04 1.79 2.56 3.12 

y
du
o
l
C

 

Epan 0.9 - 0.87 1.93 - 2.28 

Daymet-PET 2.14 2.61 3.47 2.74 3.27 4.37 

MODIS-PET 0.83 0.61 0.09 2.49 1.86 2.06 

C
le

ar
 

Epan 2.6 - 1.96 3.35 - 2.51 

Daymet-PET 3.79 4.98 5.04 4.49 5.53 5.51 

 

A seasonal comparison was performed considering solstice seasons: winter (December 

21- March 19), spring (March 20-June 20), summer (June 21-September 21) and fall (September 

21-December 20). The comparison of MODIS-PET to the tower-PET PT showed large variation 

in MODIS-PET depending on the season and the tower location (Fig. 2.5). At the two forested 

sites (GLEES and Niwot Ridge), comparatively higher errors (RMSE greater than 2.5 mm/day) 

occurred in the MODIS-PET during the spring and summer months (Fig. 2.5 a-h). At the only 
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grassland site (Corral Pocket) the highest RMSE of 3.00 mm/day between MODIS-PET and the 

tower-PET PT was observed for the spring season; however, there was not much difference in 

RMSE value among the remaining seasons. Winter, summer and fall had RMSE values of 2.54 

mm/day, 2.19 mm/day and 2.12 mm/day respectively (Fig. 2.5 i-l).  

Figure 2.5 Seasonal comparison of MODIS-PET to flux tower PET at flux tower location 

GLEES, WY (a-d); Niwot Ridge (e-h); Corral Pocket, UT (i-l) for each season - winter 

(December 21- March 19), spring (March 20-June 20), summer (June 21-September 21) and fall 

(September 21-December 20).    
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Figure 2.6 MODIS and NLDAS derived instantaneous temperature at the MODIS overpass time 

compared to flux tower PET at flux tower location GLEES, WY (a and d); Niwot Ridge (b and 

e); Corral Pocket, UT (c and f). The grey dots represent overcast days detected using MODIS 

data 

Instantaneous air temperature derived from MODIS and NLDAS datasets is compared 

with flux tower data in Fig. 2.6. Daymet temperature is not included in the comparison since it 

only provides daily data. At all the three locations NLDAS data shows less error and less 

scattering than that of the MODIS derived air temperature data (Fig. 2.6). No special 

characteristic in temperature estimation for the cloudy day is observed except at the Niwot Ridge 
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location where both of the datasets show overestimation especially for the higher temperature 

values (Fig. 2.6 b and e). At the Corral tower location both of the datasets show very close error 

statistics where RMSE for MODIS and NLDAS is observed 5.62 mm/day and 5.33 mm/day 

respectively and R value is calculated at 0.95 and 0.96, respectively. 

 

Figure 2.7 PET distribution in a) GLEES, b) Niwot Ridge and c)Corral Pocket locations. Epan 

data is not available for the Niwot Ridge location. 

 

Among the three methods, the MODIS-PET showed the most similar distribution to 

tower-PET at the GLEES tower (Fig. 2.7 a) and Niwot Ridge tower (Fig. 2.7 b) locations. 
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However, at Corral Pocket, the semi-arid site, no methods showed a close distribution to the 

tower-PET and their simulation differed from each other widely. Under-prediction was clearly 

visible for the Daymet-PET as this method failed to estimate a single day with PET greater than 

9 mm.   

 

Figure 2.8 PET estimation errors at flux tower pixels for different NDVI thresholds. Aggregated 

data from three flux towers are considered in this analysis.  

MODIS-PET, Epan, and Daymet-PET are compared against flux tower data (Fig. 2.8 a-c) 

and against each other (Fig. 2.8 d-f) at the flux tower locations for different NDVI threshold 

values to identify the NDVI range in which discrepancies are mostly visible. Aggregated data 

from the three flux towers are used for the analysis. At Niwot tower location Epan data is 

a) c) b) 

d) e) f) 
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missing thus comparison with Epan data includes less data points. Discrepancies among the 

methods are mostly observed for 0-0.25 NDVI category specially while compared against the 

MODIS-PET data (Fig. 2.8 a, b, d and f). Less scattering and higher agreement among the 

methods are visible for NDVI greater than 0.75 followed by NDVI 0.5-0.75. A certain increase 

in bias in Epan estimation is especially visible for PET higher than 9 mm/day (Fig. 2.8 b,d and f).  

2.4.3 Distributed PET 

Box plots representing the distribution of basin average daily PET values for each model 

is highlighted for the seven study basins (ordered from low to high mean elevation) for the dry 

(2002), normal (2004) and wet (2005) year (Fig. 2.9).  Similar to the trends observed in the point 

scale PET average (Table 2.5), the MODIS-PET has the highest median values, ranging from 4 

to 10 mm/day, followed by Epan from 2.5 to 8mm/day, and Daymet-PET from 2 to 4 mm/day 

(Fig. 2.9). In general, for the semi-arid lower elevation basins such as Dirty Devil, McElmo, 

Lower Green Diamond and Lower Dolores, the spread between the maximum and  minimum 

values were higher than that of higher elevation alpine basins such as New Fork, Animas and 

East Taylor for the MODIS-PET and Epan (Fig. 2.9). All methods showed the same trend in PET 

values, where the drier year showed comparatively higher PET values than the wetter year.  
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Figure 2.9 Box plots of MODIS-PET, Epan and Daymet-PET for each basin for 2002 a dry year 

(a), 2004 an average year (b) and 2005 a wet year (c).  
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Table 2.5 PET value averaged over all the flux tower locations.  

PET Method GLEES Niwot 

Ridge 

Corral 

Pocket 

Tower PT (mm/day) 5.6 5.7 7.4 

Tower PM (mm/day) 4.2 4.6 7.1 

MODIS-PET (mm/day) 5.3 6.5 8.1 

Epan (mm/day) 3.9 - 6.1 

Daymet-PET (mm/day) 2.7 2.6 3.4 

 

 Mean and coefficient of variation (CV; standard deviation divided by the mean) of the 

daily PET values for the winter and the summer seasons are summarized in Table 2.6. In 

summer, the mean PET seasonal values are increased for all methods in all study basins 

compared to those winter due to longer daylight hours, higher temperature and radiation inputs. 

Also, all methods showed higher CV in summer than winter except for Epan, which showed 

lower CV for Animas and Lower Dolores basins during summer than the winter period. CV 

during the winter period in Animas and Lower Dolores was 65.8% and 62.2%, respectively, and 

CV for summer was 26.8% and 38.1%, respectively. For MODIS-PET, the lowest (winter 2.31 

mm/day and summer 7.31 mm/day) and the highest (winter 6.23 mm/day and summer 11.51 

mm/day) basin average PET were observed for East Taylor and McElmo basins, respectively. 

Both  Epan and Daymet-PET showed similar trends; except in winter the Daymet-PET had the 

lowest mean value (1.11 mm/day) observed for the Lower Dolores and in summer Epan had the 

highest mean value (10.42 mm/day) for Dirty Devil. It should be noted, however, that among the 

selected basins East Taylor has the highest mean elevation and Dirty Devil and McElmo have the 
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two lowest mean elevations. Similar to the point scale comparison, the MODIS-PET showed the 

highest value for all basins for both the winter and summer periods with one exception, when 

Epan showed higher value than that of MODIS-PET for Dirty Devil in the summer.  

Table 2.6 Mean basin PET with Coefficent of variation (CV) for winter and summer (basins are 

arranged by ascending mean elevation). 

  Winter Summer 

Basin 

MODIS-PET 
Daymet-
PET 

Epan MODIS-PET 
Daymet-
PET 

Epan 

Mean(CV) Mean(CV) Mean(CV) Mean(CV) Mean(CV) Mean(CV) 

mm/day(%) mm/day(%) mm/day(%) mm/day(%) mm/day(%) mm/day(%) 

East 
Taylor 2.31(20.3) 1.21(11.7) 1.60(15.5) 7.31(36.3) 4.02(36.8) 5.16(44.6) 

Animas 2.80(33.7) 1.41(13.0) 1.73(65.8) 8.38(34.4) 4.13(19.6) 5.48(26.8) 

New Fork 3.78(20.6) 1.88(22.7) 3.19(27.64) 7.79(41.8) 3.82(36.8) 6.79(44.6) 

Lower 
Green 
Diamond 3.33(25.3) 1.59(6.3) 2.86(32.2) 7.54(37.5) 4.37(39.2) 8.68(46.4) 

Lower 
Dolores 2.72(25.8) 1.11(30.5) 1.18(62.2) 10.93(36.9) 4.69(36.7) 8.08(38.1) 

McElmo 6.23(17.2) 2.34(5.3) 3.54(17.0) 11.51(24.8) 5.24(25.9) 9.30(29.3) 

Dirty 
Devil 4.38(24.9) 1.84(11.4) 2.83(14.9) 10.04(40.1) 5.19(42.1) 10.42(59.6) 

Average 3.63(24.0) 1.63(14.4) 2.42(33.6) 9.07(36.0) 4.49(33.9) 7.70(41.3) 

 

Two basins, New Fork and McElmo, with differing climatology were chosen to highlight 

the spatial patterns and differences in the mean daily MODIS-PET and Daymet-PET (Fig.2.10 

a,c), and MODIS-PET and Epan (Fig.2.10 b,d) for year 2004. New Fork is a snow dominated 

basin with 59% forest cover and McElmo is a semi-arid basin receiving a rain-snow mix and 

containing 46% forested land. Differences between the MODIS-PET and Daymet-PET were 

higher than differences between the MODIS-PET and Epan products. The differences in PET 

values in the low elevation McElmo basin were almost twice that of the high elevation East 

Taylor basin (Fig. 2.10). Difference between MODIS-PET and the other two methods were 
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further investigated over different landcover types (Fig. 2.11) and elevation classes (Fig. 2.12). 

The median difference between MODIS-PET and Epan varied from 1.5 to 2.5 mm whereas 

between MODIS-PET and Daymet-PET differences varied from 3.2 to 4.2 mm depending on 

landcover type (Fig. 2.11). Among all landcover classes, relatively higher difference between the 

MODIS-PET and the other two models were observed in the three forested types (Deciduous, 

Evergreen and mixed) than other vegetated/open landcover types (Grass, pasture, shrub and 

barren lands).  

 

Figure 2.10 Absolute difference of mean PET for year 2004 between MODIS-PET and Tower 

PET (a,c), and between MODIS-PET and Epan (b, d) for East Taylor  (a,b) and McElmo (c,d) 

basins.  

 

a) b) 

c) d) 
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              Figure 2.11 Box plots of differences in distributed PET in different landcover classes.    

 

In order to examine how the MODIS-PET differs from other two methods with respect to 

elevation, the basin average difference in PET values was calculated for six different elevation 

zones (0m-1500m, 1500m-2000m, 2000m-2500m, 2500m-3000m, 3000m-3500m, 4000m-

4500m) (Fig. 2.12).  Lower Dolores, McElmo and Dirty Devil showed the highest mean 

differences between MODIS-PET and other two methods for almost all the elevation categories. 

All three basins are from the south-west semi-arid part of the UCRB (Fig. 2.1 and Table 2.1). 

The three higher elevation basins, New Fork, East Taylor, Animas and Lower Green Diamond 

from the northern and the western part of the UCRB, showed the lowest PET difference - less 

than 3 mm/day between MODIS-PET and Daymet-PET and less than 2 mm/day between 

MODIS-PET and Epan. A general pattern is observed for all the difference-elevation curves 

where the differences in PET models increases till 2500 m and then decreases to the top of the 
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systems. However, for McElmo this pattern is different, where the PET difference gradually 

increases until the highest elevation category. 

 

Figure 2.12 Variation of differences in distributed PET in different elevation classes 
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Figure 2.13 MODIS-PET variations with albedo in different landcover types in the New Fork 

basin for 2004. Here, w=winter, s= spring, su= summer and f= fall. 

 Variation in MODIS-PET is plotted against albedo values for different landcover types 

in the New Fork basin (Fig. 2.13). Four solstice seasons are marked separately in the plot to 

observe the seasonal variability in different landcover types. Although winter shows the highest 

albedo variation, PET variation is the least in this season. The highest variation in PET is noticed 

during the summer season which is the season with the lowest albedo change. Lower PET values 

are mostly associated with higher albedo values. Higher PET values are observed for snow, 

barren, grass and evergreen forests landcovers even during the lower albedo seasons.   
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2.5 Discussion 

2.5.1 Sensitivity Analysis 

Our results show that air temperature and LST are the most sensitive inputs in the 

MODIS-PET model. This indicates that days with higher inaccuracy in MODIS temperature 

estimation could result in higher error in the MODIS-PET estimates. In addition, Wan (2008) 

found that in mountainous areas, uncertainties are higher during the daytime for MODIS 

temperature products. In general, a PET calculation is primarily sensitive to four key variables 

temperature, humidity, shortwave radiation and wind speed (McKenney et al. 1993; Hobbins et 

al. 2012). In the MODIS-PET algorithm, there is no provision for wind speed and humidity, and 

solar radiation is derived as a secondary product.  The control of air temperature and LST on 

MODIS-PET is because of their direct and indirect association with calculating almost all 

variables in the PT equation (Eq. 2.3). Moreover, the semi-arid characteristic of the study region 

make temperature a dominate variable in our PET calculation. We observed very little change in 

bias when the surface emissivity and LST values are increased from the baseline values (Fig. 2.3 

c-d), this is mainly because of using various thresholds in the algorithm to keep the values 

realistic. In the sensitivity test, for the realistic representation of the variable the emissivity value 

is kept at 1 while the factored emissivity is obtained greater than 1. An emissivity value close to 

one in the baseline run and the factored value being cut off at one, we observe very little 

sensitivity for increasing the emissivity value. Increasing the LST value increases the upward 

longwave and soil heat flux which reduces the PET value. Thus having control over two 

important radiation components, even a very low increment of the LST value from the baseline 

value brings the PET value to negative and negative PET value is not considered in the bias 

calculation since a negative PET is not an evaporative component instead it represents 
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deposition. Thus we do not see as much sensitivity to the increasing LST value as we see for the 

decreasing LST value.       

2.5.2 Point scale Comparison 

Evaluation of the PET methods at the flux tower locations showed that differences in the 

mean PET value between the tower-based PT and the Daymet-PET reached up to 4 mm/day at 

the Corral pocket location (Table 2.5). The highest difference – around 4.7 mm/day - was 

observed between the MODIS-PET and Daymet-PET methods at the semi-arid Corral Pocket 

tower.  Federer et al. (1996) also observed up to 1500 mm annual difference (~4.1 mm/day) in 

estimating PET values between two methods at a semi-arid site in Arizona. The authors listed 

three factors that contribute uncertainties in PET estimation: 1) the definition of PET, 2) the 

method chosen to represent the definition, and 3) the formula and variables used for PET 

estimation. Here, although the definition of PET was the same there were difference in PET 

formulation and variables used. The MODIS-PET uses a semi-physical PT model, whereas Epan 

used the physically based PenPan method, and Daymet-PET uses a simple empirical HG model. 

The uncertainty associated with the type of model used for PET estimation was further noticed 

when compared with the tower-PM PET calculation. The inconsistency among PET models for a 

particular location has been acknowledged by numerous authors (Federer et al. 1996; Lu et al. 

2005; Kingston et al. 2009). In addition, further uncertainties may be added since the three 

methods used data from three different sources. Reanalysis datasets generated using ground data 

contain biases (Luo et al. 2003; You et al. 2010) and can differ strongly from satellite data 

(Lohmann et al. 2006), which may also contribute to variation of results among the methods.         
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In addition to differences in methodology and data sources, the PET estimation was also 

influenced by site characteristics. Moving from north to south in our study region, model 

performance deteriorated, where the poorest PET model performance was observed for the 

southern-most semi-arid site (Corral Pocket). This trend was noted in all three PET methods., 

GLEES, and Niwot Ridge are high elevation forested sites, whereas Corral Pocket is a grassland 

located in a comparatively lower elevation and semi-arid region (Table 2.2). Even The average 

temperature of Corral Pocket is about 11⁰ C warmer than that of other two alpine sites used in 

the comparison (Table 2.2).  

In the comparison to flux tower data, the MODIS-PET model performed the best when 

compared to the tower-based PT model. However, PET calculations in semi-arid regions are 

highly responsive to the model used and performance degraded when compared to the PM model 

(Weib and Menzel 2008; Fisher et al. 2011). However, use of the PT model to calculate a tower-

PET was motivated by prior work showing improved performance for this method in semi-arid 

regions (Stannard 1993) and to initially utilize the same equation for both ground-based and 

satellite-derived products.  

Despite relatively coarse resolution, the Epan showed better statistics than that of the 

Daymet PET (Fig. 2.4). The Epan formulation is based on the more sophisticated Penman 

method which is an advantage over the Daymet PET which is estimated using the simplified HG 

model. Temperature based methods do not agree as well with radiation based or combined 

methods in regions other than mid-latitudinal and temperate (Fisher et al. 2011). In addition, the 

HG model performs better when calibrated regionally for coefficient values (Bautista et al. 

2009).     
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Overall, discrepancies between the tested methods are higher for lower NDVI values 

(Fig. 2.8). Lower NDVI is associated with the winter season due to snow presence in the ground 

or less-vegetated semi-arid regions. In the case of MODIS, the presence of snow cover brings 

higher uncertainties in cloud detection (Hall et al. 2002; Pu et al. 2007) and associated error in 

PET estimation. Also, sensitivity to temperature contributes to higher error in semi-arid pixels 

that have lower NDVI.  

Point scale evaluation of the distributed PET data is also challenging given the footprint 

of flux towers relative to landscapes characteristics and other environmental factors surrounding 

the tower (Cohen et al. 2003; Turner et al. 2003; Vinukollu et al. 2011; Twine et al. 2000; Mu et 

al. 2007; Nagler et al. 2005). The scaling difference in the site measurement and satellite 

retrieval adds uncertainties in our comparison, though flux tower data is still commonly used to 

validate satellite land surface data (McCabe and Wood 2006). 

2.5.3 Distributed Comparison 

Inter-model differences over the study basins showed similar trends to point-scale results, 

where the highest spread and mean PET value were observed for the MODIS-PET, followed by 

the Eapn and Daymet-PET (Fig. 2.9). Among the three methods, the Daymet-PET had the lowest 

mean value for each basin. There are two potential reasons for the lower PET values observed 

using the HG Daymet-PET model: 1) the model is empirical and 2) not adjusting the coefficient 

depending on the location and the month. Empirical methods may show uncertain response for a 

climatic region other than the one for which it is developed (Grismer et al. 2002; Lu et al. 2005). 

There is also a requirement for adjustment of the HG equation also depending on the month of 

the year especially for the semi-arid region (Bautista et al. 2009). However, carrying out regional 
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scale calibration requires a significant amount of ground-based data, and the fundamental goal of 

this study was too compare the methods which estimate PET without the use of ground 

observations. In addition, comparatively higher values of PET for basins from the southern 

region of the UCRB (Table 2.6; McElmo, Dirty Devil, Lower Dolores) indicate the dominance 

of temperature in the variability of PET in this region. In reference to the poor performance of 

PET estimation by all the methods at the semi-arid Corral pocket site, we note more uncertainty 

in PET estimation in the southwestern basins of the UCRB.  

Comparing six different methods over 36 watersheds, Lu et al. (2005) found the lowest 

PET values at the highest elevations. In this study, all the tested methods also showed relation 

with elevation where the lowest basin average PET is observed for the highest elevation basin 

East Taylor (Table 2.6).  However, the highest PET for most of the cases is observed for 

McElmo which is the basin with the second lowest mean elevation. Even though Dirty Devil has 

the lowest mean elevation, McElmo has a low elevational gradient with only 1511 m rise in 

comparison to Dirty Devil which has a 2147 m rise. Also, of the study basins, McElmo is the 

only one with an outlet at an elevation lower than 3000m (Table 2.1).  

Larger differences between MODIS-PET and the other two methods were observed for 

forest cover; however, point scale evaluation showed all the PET methods performed better at 

the forested sites compared to the grassland site. Forested sites are more sensitive to the type of 

model used for PET estimation because of their complex canopy characteristics (Douglas et al. 

2009). Since MODIS-PET showed the lowest error and bias among the three methods at the 

tower locations we hypothesize that the differences are largely due to uncertainties in the Epan 

and Daymet-PET methods. Also, PET comparison across the different NDVI classes shows (Fig. 

2.8) underestimation of Epan for higher NDVI values which may contribute to the higher 
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difference between MODIS-PET and Epan for the forested pixels (Fig. 2.11). Prior studies (Jin 

and Liang 2006; Tang and Li 2008) showed MODIS emissivity/land surface temperature 

products to land-cover and seasonality, especially for semi-arid regions. Differences between the 

MODIS-PET and the other PET methods tested in this study peaked in the 2000m to 3000m 

elevation range. In the UCRB, tree line is generally noted to be in this elevation band (Berdanier, 

2010). The Daymet-PET product, with has no provision for vegetation presence, and Epan with 

coarse resolution, may be unable to capture the canopy density change in this elevation range. 

 

2.6 Summary  

The current study evaluated MODIS-PET, as well as synthetic Epan and Daymet-PET 

data at three flux tower locations and across seven watersheds in the Upper Colorado River 

Basin. This coupled evaluation/comparison study was motivated from the urgency of verifying 

the creditability of a near real-time and continuous PET product (MODIS-PET) in a 

geographically complex region for water resources forecasting. Results from this study 

confirmed that the MODIS-PET is an improved PET estimation method compared to the other 

two distributed PET products that were tested over the study region. The MODIS-PET showed 

lower errors and uncertainties than either Daymet-PET or Epan, especially in high altitude and 

forested areas. Comparison among the methods also shows that the estimation of PET largely 

varied depending on the PET formula and the data source used. Also, for the UCRB region, the 

high temperature semi-arid south-western region showed the most difficulties and uncertainties 

in PET estimation.  
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The MODIS-PET estimation has uncertainty associated with three model variables; land 

surface temperature, air temperature and surface emissivity. The lack of flat topography and a 

homogeneous area within the size of a MODIS pixel make it difficult to calibrate and validate 

temperature products for mountainous area (Ryu et al.2008; Schroeder et al. 2009). MODIS 

temperature evaluation has been mostly limited to lake sites or flat homogeneous lands leaving 

uncertainties in temperature retrieval in mountainous regions (Wan et al. 2004; Coll et al. 2005; 

Batra et al. 2006; Wang et al. 2008; Wan 2008). Moreover, quality temperature retrieval from 

MODIS is dependent on the surface emissivity characteristic which is not well quantified for arid 

and semi-arid regions, adding more uncertainty in temperature retrievals in the UCRB (Wan et 

al. 2004). During low temperature period variability of MODIS-PET with landcover types, cloud 

cover or albedo can be found; however, during the high temperature period or in arid regions 

temperature is the most controlling factor in PET estimation. The lack of direct PET observations 

makes it difficult to justify a particular PET method (Federer et al. 1996; Vorosmarty et al. 

1998); however, the current study provides initial insight into the variability and uncertainties for 

a range of spatial products, including a remote sensing algorithm, that do not rely on ground-

based inputs. 
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Chapter 3: Estimation of daily potential evapotranspiration through 

integration of MODIS and GOES products  

Chapter 3 discusses the coupling of Geostationary Operational Environmental Satellites 

(GOES), a series of geostationary satellites with frequent observations, within the MODIS-PET 

algorithm in order to develop a near real-time daily distributed PET product for operational 

forecasting.  

3.1 Introduction 

The MODIS-based daily PET (MODIS-PET) estimation framework proposed by Kim 

and Hogue (2008), is capable of assessing PET both for clear and cloudy days. However, the 

method is based on an instantaneous (once/day) overpass image. Conversion of the instantaneous 

to the daily value is performed assuming the diurnal variation of PET as a sinusoidal curve 

between sunrise and sunset (Jackson et al. 1983; Batra et al. 2006). Instead of considering a fixed 

pattern for diurnal PET variation, the MODIS- PET estimation can benefit from using 

signals/data from geostationary satellites of higher temporal resolution. 

Launched by National Aeronautics and Space Administration (NASA) and operated by 

National Oceanic and Atmospheric Administration (NOAA), Geostationary Operational 

Environmental Satellites (GOES) provide frequent images (up to 30 min) of North America 

which are mainly used for forecasting purposes. GOES-derived solar radiation data have been 

used in several studies (Stewart et al. 1999; Garatuza-Payan et al. 2001; Jacobs et al. 2002, 2004, 

2009; Peach et al. 2011; Mecikalski et al. 2011) to estimate ET/PET with a higher temporal 

resolution. These methods showed successful application but required ancillary data (Stewart et 

al. 1999; Garatuza-Payan et al. 2001 Jacobs et al. 2002, 2009) or regional calibration (Jacobs et 

al. 2004; Peach et al. 2009; Mecikalski et al. 2011). In addition, GOES satellites’ inability to 
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provide air temperature or vegetation properties makes it difficult to generate physically-based 

PET solely based on a GOES data source.  

Recent efforts to utilize the strengths of two or more polar orbiting and geostationary 

satellites to derive the evaporation of a high resolution at the watershed scale have been 

attempted (Anderson et al. 2011; Gamage et al. 2011; Shu et al. 2011; Cammalleri et al. 2013 

and 2014). Gamage et al. (2011) used both MODIS and GOES data to calculate available ET 

(AET). However, this method is partially dependent on ground data. Anderson et al. (2011) 

showed a data fusion method to calculate ET using a combination of several polar orbiting and 

geostationary satellites which include MODIS and GOES. This method also has the requirement 

of ancillary data, thus is not completely free of ground assistance. ET estimated using MODIS 

and Fengyun-2C geostationary satellite over China is based on the triangle method which 

requires subjective judgments (Shu et al. 2011). The method developed by Cammalleri et al. 

(2014) based on Landsat and MODIS data is capable of producing high resolution daily ET but 

this data cannot be produced in near-real time required for hydrologic forecasting. Given the 

array of high-temporal resolution provided by Geostationary Operational Environmental Satellite 

(GOES) satellites, integration of GOES products in the MODIS- PET algorithm offers a potential 

improvement in daily PET estimations.  This study explores the possibility of uniting the 

strength of both MODIS and GOES to generate a new PET product with near-real time 

availability without any requirements of ground data, subjective judgment or further regional 

calibration. In the near future, GOES-R (a new addition to the GOES series) will be providing 

various land surface and cloud property measurements at 15 min intervals with resolution as low 

as 2 km. The Advanced Baseline Imager (ABI) imager on board the incoming GOES-R satellite 

is expected to produce a similar quality of data captured by the MODIS imager. The GOES solar 
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radiation data used in this study is produced under the same cloud algorithm that will be used for 

the GOES-R data retrieval. The integration of MODIS and GOES will also provide insight on the 

future possibility of near real-time PET generation using future GOES-R satellite data.  

The overarching goal of the current chapter is to evaluate the potential of integrating 

remote sensing data from the MODIS and GOES to evaluate the current strengths and future 

capabilities to determine PET estimation using satellite data.  Our work targets the heterogeneous 

landscape of the Upper Colorado River Basin (UCRB). The UCRB covers 286,000 km
2
area 

upstream of the USGS gauge where it is delineated from the Lower Colorado Basin at Lees 

Ferry, AZ.  The UCRB has high variability in terms of climate where the north and east have 

alpine/sub-alpine weather and the south and west have more arid/semi-arid conditions. The 

UCRB flows through five southwestern states (Wyoming, Utah, Colorado, Arizona and New 

Mexico) of the United States providing a crucial supply of water and irrigation water for millions 

of people. Improved forecasting of runoff is crucial in this region to secure supply water, 

irrigation water and stable power generation in the downstream region. In addition, a better 

understanding of PET is required for future planning considering climate change and drought 

impacts on the region (Harding et al. 2012; Deems et al. 2013).  

The objective of the current research is threefold: 

1) To evaluate various approaches to integrate geostationary GOES satellite data into 

MODIS- PET algorithms to identify the best data combination performance. 

2) To provide insight into PET estimation difficulty by investigating cloudy/non-cloudy and 

seasonal/annual estimates over heterogeneous terrain 

3) To understand and identify potential avenues to integrate more advanced GOES satellite 

data in an existing MODIS-PET algorithm.  
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3.2 Study region and data  

3.2.1 Study area selection 

 The McElmo basin from the UCRB is selected for qualitative distributed PET 

comparison using the GOES data (Fig. 3.1). This basin is located in the south-western region of 

the UCRB covering 1860 km2 of area and ranging from 1378-2889 m in elevation. The basin is 

located in a semi-arid climate and contains 27% forest and 61 % shrub/grassland and a good 

variation in elevation.  

 

Figure 3.1 The Upper Colorado River Basin region with the three selected flux towers and 

McElmo basin  
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3.2.2 Flux tower selection  

 Three flux towers, with the most consistent datasets and proximity to the Upper Colorado 

basin are used for a point scale evaluation of simulated PET (Fig. 3.1; Table 3.1). Flux tower 

data are obtained from FLUXNET (ORNL DAAC 2014) which contains meteorological and 

atmospheric data along with site characteristics. Two of the sites: the Glacier Lakes Ecosystem 

Experimental Site (GLEES) (GL) are located in Wyoming and the Niwot Ridge (NR) study site 

is located in Colorado. The third site, Valles Caldera (VC), located in New Mexico, represents 

the southern relatively warmer part of the basin. The two northern forested sites are located in 

high altitude alpine weather with long winters (Bradford et al. 2010). The Valles Caldera is 

located in the Valles caldera National Preserve in the Jamez River basin in north-central New 

Mexico. This is a snow dominated area with two thirds of the precipitation occurring during 

winter (Molotch et al. 2009). This is a mixed conifer forest.  Ancillary meteorological 

measurements used for the PET calculation include net radiation, air temperature, soil heat flux, 

humidity, and wind speed. PET data from the individual pixel data containing the tower pixel is 

extracted from the distributed PET to compare it in point scale.  

Table 3.1 Flux tower characteristics 

Name GLEES Niwot tower 
Valles 

Caldera 

State WY CO NM 

Landcover  
Evergreen Needleaf 

Forest 

Evergreen Needleaf 

Forest 

Mixed-

conifer 

Climate Alpine Alpine Semi-arid 

Elevation (m) 3190 3050 3004 

Avg. Temp (°C) 0.8 0.43 4.9 

Avg Precip 

(mm/yr) 
525 595 665 

Data used 2011 2011 2011 
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3.3 Methodology 

 Development of an integrated GOES-MODIS PET product is formulated on the 

framework of the previously developed MODIS-PET (Kim and Hogue 2008). Details on the 

approach to incorporate the GOES data into the MODIS-PET algorithm are provided below. 

3.3.1 MODIS-PET 

 PET estimation in the MODIS-PET algorithm (Kim and Hogue 2008) is based on the 

Priestley-Taylor (PT) (Priestley and Taylor 1972) equation (Eq. 3.1) where all of the components 

( Rn , G,   and ) are primarily derived using a MODIS remote sensing products (Table 3.2).  

( )PET Rn G



 


      Eq. 3.1 

Where, Rn (Wm
-2

) is the daily time average net radiation, G (Wm
-2

),   is the slope of the vapor 

pressure-temperature curve (kPa K
-1

),  is the psychometric constant (kPa K
-1

) and  is an 

empirical factor known as the Priestley-Taylor constant.  =1.26 has been used in this study 

since all the sites are densely vegetated (Batra et al 2006) and this value of  is suitable for this 

type of atmospheric condition. All the components of  Eq.3.1 are estimated using MODIS 

products (Table 3.2) and the algorithm is presented in detail in equations 2.4-2.15.  

Net radiation at satellite overpass time is converted to the daily average assuming the 

distribution of PET follows a sinusoidal function (Eq. 3.2) (Bisht et al. 2005; Li et al. 2009).  

2

sin

ins

i sunrise

sunset sunrise

Rn R
t t

t t
 

 
  
  

  

             Eq. 3.2  
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where Rn  is the daily net radiation, 
sunriset is the sunrise time, 

sunsett  is the sunset time obtained 

from the U.S. Naval Observatory and 
it  is the satellite over-passing time.    

3.3.2 GOES data 

 The GOES-13 east full disk scan sector solar isolation product is available at a 3 hourly 

interval and 1/8x1/8 degree spatial resolution from the National Oceanic and Atmospheric 

Administration’s (NOAA’s) GOES Surface Insolation Products (GSIP). Observations from the 

Geostationary Operational Environmental Satellites (GOES) operated by United States 

Environmental Satellite, Data, and Information Services (NESDIS) are mainly used for weather 

forecasting.  GOES satellites are routinely retrieving real-time information for the earth’s surface 

and the atmosphere. Frequent observations from the GOES of various atmospheric and cloud 

properties encouraged in an estimation of solar radiation budgets (Gautier et al. 1980; Pinker et 

al. 2002; Perez et al. 2002; Jacobs et al. 2004; Laszlo et al. 2008) or radiation dependent 

secondary products such as ET in numerous studies (Garatuza-Payan et al. 2001; Jacobs et al. 

2009; Anderson et al. 2011, 2012).  

 The physical estimation of solar insolation using the visible and infrared channels of 

GOES was first proposed by Gautier et al. (1980). Later, based on an improved methodology, 

(Pinker and Laszlo 1992) GOES Surface and Insolation Products (GSIP, Pinker et al. 2002) were 

operational and became available producing a suite of radiation budget products at the surface 

and top of the atmosphere based on GOES series of satellites. Initially, the solar radiation 

products were available in ~50 km resolutions. Since April 2009, GSIP has been produced in 

improved resolution (~12.5 km) with a wide range of radiation parameters including radiative 

fluxes for the shortwave, longwave, and visible portions of the electromagnetic spectrum, surface 
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temperature, and cloud properties. GSIP data used in this study is obtained from NOAA's 

Comprehensive Large Array-data and Stewardship System (CLASS) data achieved. This 

improved accuracy product offers measurements for the two extended Northern Hemispheres 

(east and west) every hour, and the two full disks (east and west) every three hours. GOES-east 

full scan disk product is used in this study. This product uses the cloud AWG algorithm which is 

in the evaluation stage to be integrated in future GOES series. The daytime mean of the radiation 

data is calculated from the average of all the readings between the sunrise and the sunset.  

3.3.3 Approaches to integrate MODIS and GOES data 

 A wide applied approach to convert the instantaneous PET/ET to the daily values is by 

assuming that PET/ET has similar diurnal cycle as solar radiation (Jackson et al. 1983; Batra et 

al. 2006). More simplistic forms of this assumption consider the ET/PET diurnal variation as a 

sinusoidal curve between the sunrise and the sunset similar to the solar radiation variation (Bisht 

et al. 2005) which is applied in numerous studies (Batra et al. 2006; Kim and Hogue 2008). 

Although this assumption is acceptable for clear sky days; for cloudy or partially cloudy sky 

days this hypothetical smooth curve can fail to mimic the diurnal net radiation variation. This 

study applies four approaches of data combinations from MODIS and GOES to partially or 

completely replace the hypothetical estimation of daily average PET using the sine curve. All the 

approaches have used the Priestley-Taylor (Eq. 3.1) equation for PET calculation. For all the 

four cases, air temperature from MOD07 is used for and   calculation, similarly for all the 

cases NDVI, albedo and LST has been derived from the MODIS data for G estimation (Table 

3.2).  

The approaches include: 

http://www.class.ncdc.noaa.gov/saa/products/welcome
http://www.class.ncdc.noaa.gov/saa/products/welcome
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case i) PET generation using original MODIS-PET algorithms developed by Kim and Hogue 

(2008),  

case ii) In this approach instantaneous net radiation (Rins) estimated from the MODIS-PET 

algorithm is used; however, instead of using the sinusoidal factor in Eq. 3.2 a ratio of 

instantaneous to daily PET calculated from net radiation derived from GOES data is considered, 

thus Eq. 3.2 becomes: 

nG
n ins

insG

R
R R

R
                      Eq. 3.3

nG
n ins

insG

R
R R

R
   

Where nGR  is the average net radiation between sunrise and sunset from the GOES data and insGR

is the interpolated net radiation data at the MODIS overpassing time interpolated from two 

GOES readings nearest to the overpassing time.    

case iii) In this approach in Eq. 3.1 the daily net radiation is estimated from GOES data and  ,  

and G are from MODIS, and 

case iv) In this case the daily average longwave (LW) radiation is from GOES data. The average 

shortwave (SW) radiation,  ,   and G are estimated from MODIS products, where a equation 

similar to the Eq. 3.2 is applied for SW radiation for the conversion of the instantaneous SW 

radiation to the daily average.   

 Flux tower PET is calculated using hourly flux tower data as input in Eq. 3.1. Only the 

days that are available for all the four cases and the tower PET are considered for scatter plot 

comparisons and error calculations. The GOES radiation data has been disaggregated into a 

250m grid to be compatible with the MODIS-PET resolution. The year 2011 has been selected 

for the point scale evaluation since a full year of required data is available for all the flux towers 

and satellite sources considered in the study. 
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Table 3.2 Summary of spatial and temporal characteristics of parameters derived from       

satellite-based measurements used in the study 

 

*case i: Original MODIS-PET algorithm,  

 case ii: Instantaneous PET from MODIS and conversion factor to instantaneous to daily PET   

from     GOES,  

 case iii: Daily net radiation from GOES data and air temperature and soil heat flux from 

MODIS, and   case iv: SW, soil heat flux and air temperature estimated from MODIS and LW 

estimated from GOES 

 

 

3.4 Model evaluation 

Root mean square error (RMSE), the coefficient of determination (R
2
) and mean bias are 

calculated comparing the tower estimated PET for model evaluation.  

3.4.1 Absolute Mean Bias 

Absolute Mean Bias (MB) measures absolute average difference of the simulated data than their 

observed counterpart.  

1
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 Eq. 3.4 



75 
 

where 
iR is the observed value, 

iS is the predicted value for the i th time step, and n is the total 

number of timesteps. 

3.4.2 Correlation 

R
2
 is used to determine the strength of the linear relationship between the tower-PET and the 

remote sensing PET products.  

2
2

.x y

C xy
R

 
           

where Cxy  is the covariance of the variables x  and y , x is the standard deviation of variable 

x and 
y is the standard deviation of variable y . Here, x stands for the observed data and y for 

the simulated data. 

3.4.3 RMSE 

 RMSE measures the square root of residuals and measures the accuracy of PET 

estimates: 

2

1
( )

n

i ii
S R

RMSE
n







 

where iR is observed value, iS is the predicted value for the i th time step and n is the total 

number of time steps.  

3.5 Results  

The comparison between tower-based PET and PET estimated from cases i-iv are shown 

along with error statistics RMSE, BIAS and R
2
 (Fig. 3.2-3.4).  High to low performance 

Eq. 3.5 

Eq. 3.6 
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(considering the error statistics) can be arranged as case iii, i, iv and, ii. The greatest discrepancy 

between remote sensing based PET and tower-based PET was found for case ii where the RMSE 

ranged from 2.76 mm/day to 3.08 mm/day depending on the tower location. General 

observations of the timeseries plots indicate case iii (Fig. 3.2 a, 3.3a, 3.4a) outperformed case i 

(Fig. 3.2c, 3.3c, 3.4c) especially in the summer days when case i consistently under predicts the 

PET estimation. The size of the marker in scatter plots included with the figures (Fig. 3.2-3.4) is 

proportionate to the amount of cloud fraction present at the pixel. It is noticeable from case i 

scatter plots that higher scattering is more evident for cloudy pixels especially at the GLEES 

(Fig. 3.3 a) and Valles Caldera (Fig. 3.4a) locations. Performance of case i and case iii decreased 

from north to south direction flux tower locations.   The worst simulation is observed for Valles 

Caldera, the southern-most flux tower used in this study (Fig. 3.4). Case iv (Fig. 3.2d, 3.3d, 3.4d) 

shows relatively less scattering and better correlation than case i (Fig. 3.2a, 3.3a, 3.4a). However, 

the observed error is higher because of consistent underestimation even for winter days.  
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Figure 3.2 PET scatter plots with timeseries plots comparing all the PET cases with the tower 

data at Niwot Ridge location for year 2011. The size of the marker in the scatter plot increases 

with the amount of cloud fraction present at the pixel.  
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Figure 3.3 PET scatter plots with timeseries plots comparing all the PET cases with the tower 

data at GLEES location for year 2011. The size of the marker in the scatter plot increases with 

the amount of cloud fraction present at the pixel. 
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Figure 3.4 PET scatter plots with timeseries plots comparing all the PET cases with the tower 

data at Valles Caldera location for year 2011. The size of the marker in the scatter plot increases 

with the amount of cloud fraction present at the pixel. 

 

 Performance of all the approaches is compared for clear, partial and full cloudy sky 

conditions in terms of R
2
 values in table 3.3. R

2
 values indicate the presence of cloud creates 

large differences between the approaches. Overall, for all the approaches except for case iii, a 

gradual decrease of performance with an increase of cloud cover is greatly visible as an average 

of the R
2
 value at all tower locations decreased from 0.84 to 0.44 for clear to full cloudy sky 

conditions.  Although for case iii, cloud fractions have some effect in the performance still the 

average of the R
2
 value for partially cloudy sky (=0.76) condition is lower than that of 

completely cloudy sky (=0.79). Thus, the performance degradation in case iii is not always 
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proportionate to the cloud cover amount. Similar to the scatter plots in all three cloud conditions 

the worst performance is observed for case ii.  

Table 3.3 R
2
 value for cloudy, clear and partially cloudy days PET for all the cases comparing 

with the tower estimated PET for year 2011 

  Niwot Ridge GLEES Valles Caldera Average Cloud Condition 

Case i* 0.86 0.80 0.84 0.84 

Clear 
Case ii* 0.74 0.68 0.72 0.72 

Case iii* 0.79 0.83 0.85 0.83 

Case iv* 0.83 0.76 0.83 0.81 

Case i 0.68 0.75 0.61 0.68 

Partial 
Case ii 0.60 0.63 0.35 0.53 

Case iii 0.69 0.85 0.71 0.76 

Case iv 0.72 0.78 0.59 0.70 

Case i 0.50 0.35 0.47 0.44 

Full 
Case ii 0.34 0.24 0.33 0.31 

Case iii 0.79 0.79 0.78 0.79 

Case iv 0.68 0.51 0.62 0.61 

 

*case i: Original MODIS-PET algorithm,  

  case ii: Instantaneous PET from MODIS and conversion factor to instantaneous to daily PET 

from   GOES,  

 case iii: Daily net radiation from GOES data and air temperature and soil heat flux from 

MODIS, and    

case iv: SW, soil heat flux and air temperature estimated from MODIS and LW estimated from 

GOES 

 

Results from the scatter plots shows that the integration of the daily average net radiation 

from the GOES into the MODIS-PET algorithm is the best approach (case iii) of the test cases 

presented. The MODIS-derived net radiation is compared against the GOES-derived net 

radiation data to find out the qualitative differences among these two radiation products. Fig. 3.2 

scatter plots show comparisons of daily average net radiations from the MODIS and GOES with 

observations at three tower sites. At all tower locations, the GOES derived net radiations agreed 
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comparatively better with flux tower observations than the MODIS derived net radiations. Out of 

three flux tower locations, the satellite derived net radiation agreed the most with the GLEES 

tower recorded net radiation with RMSE, BIAS and R
2
 values of 89.67 Wm

-2
, 68.11 Wm

-2
/day 

and 0.63 respectively for MODIS and 69.74 Wm
-2

, 54.61 Wm
-2

/year and 0.82 respectively for 

GOES (Fig 3.5 c-d). In contrast, the highest RMSE values separately for the MODIS and the 

GOES derived net radiations are associated with the warmest site, Valles Caldera. Compared to 

the GOES Rnet, more scattering is observed for the MODIS Rnet (Fig. 3.5). However, no 

systematic over or underestimation is observed for both of the remote sensing derived net 

radiation. Higher R
2
 values for GOES Rnet (R2 =0.71-0.82) in comparison to MODIS (R

2
 =0.61-

0.67) are reflecting the ability of GOES to capture the day to day variation of Rnet better.  

Fig. 3.6 shows the diurnal variations of Rnet estimated using one instantaneous value 

from MODIS compared to more frequent 3 hourly GOES readings for Day 127 and 128 of year 

2011. In both cases, remote sensing products could not exactly capture the variation in net 

radiation from the tower data. However, GOES is more successful if we consider the closeness to 

the net radiation from the tower data. In case of remote sensing data, estimation of cloudy day 

radiation is taken as the biggest challenge (Forman and Margulis 2009) and we see the GOES-

derived net radiation is more successful in both of the days to indicate the change in net radiation 

due to cloud presence. Fig. 3.6 demonstrates how an absence of frequent observations (i.e. in 

case of MODIS) can contribute to errors in daily average Rnet estimations. 
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Figure 3.5 Daily net radiation from MODIS and GOES satellite observations compared with the 

flux tower data compared at the Niwot Ridge (a-b), the GLEES (c-d) and the Valles Caldera (e-f) 

locations during 2011 for all sky conditions.    

 

Figure 3.6 Diurnal Net radiation (Rnet) variation plotted from the GOES data (hollow circle), 

sinusoidal curve (solid line) estimated using the instantaneous MODIS data (solid dot on the 

sinusoidal curve), and the tower data (dotted line) at the Niwot Ridge location for Day of the 

Year (DOY) 127 and 128. CC=cloud cover  
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 Based on the scatter plots, the two best performing cases (case i and iii) are selected to show 

the further differences between the methods for four periods: December-January-February (DJF), 

March-April-May (MAM), June-July-August (JJA), and September-October-November (SON) 

(Table 3.4). In general, the highest RMSE values occurred for both cases during JJA indicating a 

higher magnitude of error the summer period. However, the worst correlation (R
2 
values) is 

observed during the cold months (DJF) which is for the case i. Large variation in RMSE values 

between the tower locations which are mostly observed for DJF months for case i with RMSE of 

1.16 mm/day for Niwot, 0.59 mm/day for GLEES, and 0.87 mm/day for Valles and MAM for 

case iii with RMSE of 1.94 mm/day for Niwot, 0.79 mm/day for GLEES, 2.43 mm/day for 

Valles. 

 

Table 3.4 Seasonal error statistics for case i and case iii for the year 2011.*  

 
Case i Case iii 

 

Monts Niwot GLEES Valles Niwot GLEES Valles 
Error 

Statistics 

DJF 1.16 0.59 0.87 1.27 0.60 0.80 

RMSE 
MAM 2.18 1.22 2.24 1.94 0.79 2.43 

JJA 2.87 2.82 2.74 2.42 2.01 1.96 

SON 1.53 1.52 1.70 1.90 1.58 1.94 

All 2.06 2.17 2.21 1.96 1.71 2.07  

DJF 0.37 0.43 0.35 0.75 0.83 0.77 

R2 MAM 0.60 0.61 0.72 0.68 0.70 0.77 

JJA 0.49 0.82 0.89 0.50 0.92 0.93 

SON 0.84 0.91 0.84 0.80 0.93 0.81 

All 0.71 0.73 0.68 0.75 0.87 0.74  

  

*DJF= December, January and February, MAM= March, April and May, JJA= June, July and August, and 

SON= September, October and November. 
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Figure 3.7 Difference between case i and case iii for clear days (a,b, and c) and for cloudy days 

(d, e and f) in different elevation zones in the McElmo basin. The difference is calculated as case 

i minus case iii. *DJF= December, January and February, MAM= March, April and May, JJA= 

June, July and August, and SON= September, October and November.  

 Difference between the two best performing approaches (case i and case iii) are further 

analyzed across three elevation categories (<1500m, 1500-2500m and >2500m) for cloudy and 

clear days in the McElmo basin for the year 2011(Fig. 3.7).  In general, the box plots show the 

spread of difference is increased between the two approaches in presence of cloud cover and 

further enhanced for JJA months. Due to cloud presence, the most significant increment in the 

box plot mean and spread are observed for the highest elevation zone (>2500m) during JJA 

months.  Presence of cloud cover, high elevation and higher temperature are the variables that 

contributes most to the uncertainties in PET estimation as observed from box plots.          

a) b) c) 

d) e) f) 
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 Daily distributed PET (mm/day) for case i and iii are plotted for McElmo basin for DOY 121 

from year 2011(Fig. 3.7). For PET calculations, in case iii, Rnet from GOES GSIP product (~12 

km) is disintegrated into 250m resolution to comply with the 250m MODIS NDVI product (used 

for soil heat flux estimation). Although a 250m PET is generated, the influence of coarser Rnet is 

clearly visible in case iii plots compared to the smooth distribution of case i 250m MODIS 

product. However, the presence of the 5 km temperature product and the 250m NDVI product in 

this PET generation scenario (case iii) brings some resemblance in PET distribution with the case 

i. Fig. 3.8 illustrates, in both cases, a comparatively higher value is observed in the middle 

portion of the basin and some higher values are observed in the basin boundary region. PET 

values over the McElmo basin are ranged approximately from 7-10 mm/day for case iii and 5-10 

mm/day for case i which indicates a higher basin average value for case iii. The wider 

distribution range for case i is possible by the fine scale generation of PET accounting for the 

terrain and vegetation variation more precisely.   

 

Figure 3.8 Distributed daily PET (mm/day) plot for the McElmo basin to show general 

qualitative differences among case i (laft) and case iii (right) for DOY 121 of year 2011. Both of 
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the cases are in 250m resolution. For case iii, 0.125
0
 net radiation from the GOES product has 

been disaggregated into 250m resolution to match with the MODIS product. 

 

3.6 Discussion 

 Results from the error statistics suggest, out of all the four approaches, case iii (where the 

net radiation is from GOES and the rest of the data is collected from MODIS) performed the best 

followed by the case i (which is solely based on MODIS-derived data) and the worst simulations 

were illustrated by case ii. Results indicate the discrepancy of PET estimation between case i and 

case iii are most evident for cloudy days. Cloud presence significantly decreases the quality of 

net radiation estimates using both MODIS (Tang et al. 2006; Bisht et al. 2010) and GOES 

radiation data (Gu et al. 1999; Stewart et al. 1999; Garatuza-Payan et al. 2001) eventually 

affecting the PET/ET estimation (Stewart et al. 1999; Garatuza-Payan et al. 2001; Kim and 

Hogue 2008). Two separate methods have been applied for cloudy day net radiation estimation 

from GOES and MODIS data. Compared to a simple empirical method, (Kim and Hogue 2008), 

a physically based method is used in GOES GSIP data where detailed cloud properties are 

considered to estimate the downwelling radiative budget (Habte et al. 2013).  The empirical 

method could not successfully translate the non-linear relation between cloud properties and the 

net radiation for this geographically complex region although they have shown quite impressive 

results while being tested in relatively less complex and flat terrains (Kim and Hogue 2008; 

Bisht et al. 2010). Moreover, assuming the sinusoidal curve for the instantaneous to daily 

conversion in MODIS is adding further uncertainty. Irregular diurnal Rnet cycles due to the 

presence of cloud coverings at various times of day is not reflected in the MODIS diurnal 

variation considering the sinusoidal curve. In comparison, GOES data with higher temporal 
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resolution provides a better representation of diurnal variations of the net radiation which is its 

advantage over the MODIS derived Rnet data. 

Even though case i performed worse than case iii, in general, if we compare the results of 

case i (RMSE=88.2-103.2 Wm
-2

 for Rnet; and RMSE=2.06-2.21 mm/day; R
2
= 0.68-0.73 for 

PET) to other similar studies where net radiation or PET/ET are based on MODIS data, the error 

results can be found within the error range found in these studies (Bisht et al. 2005, 2010, 2011; 

Cleugh et al. 2007; Mu et al. 2007, 2011; Kim and Hogue 2008; Wang and Liang 2009, Kim and 

Liang 2010). If we focus on the evaluation results from these studies for the Colorado River or 

the Rocky Mountain region, usually this region generated the worst performance compared to 

other sites in the US. Bisht et al. (2011) found, the site from the Rocky Mountain region (the 

Boulder site) showed the highest RMSE (60.18 Wm
-2

) and the lowest R
2
 (0.81) value of for the 

daily net radiation out of seven SURFRAD sites used in that study. Similarly evaluation studies 

for MODIS-based SW estimations (Kim and Liang, 2010) and LW estimations (Tang and Li 

2008; Wang and Liang 2009) identified the Boulder SURFRAD site (near to the Rocky 

Mountain region) as the worst performing site. Wang and Liang (2009) concluded that profiles 

of MODIS air temperature and pressure data products are too coarse for these high elevations 

and low pressure regions. A physically based ET estimation using MODIS data showed the 

worst performance at the Niwot Ridge flux tower showed with 0.6-0.68 R
2
 values (Mu et al. 

2011). Similarly, Mu et al. (2007) found Niwot Ridge as one of the most challenging flux tower 

sites out of 19 Ameriflux towers used to calculate ET from MODIS and tower data.  Also, 

complexities in this region can cause flux tower data footprint mismatches with the satellite data 

pixel decreasing the accuracies more than the homogeneous sites (Mu et al. 2007).   

Uncertainties can be contributed from the flux tower estimate in this type of semi-arid forested 
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lands due to the inhomogeneity brought from the complicated canopy structure (Nagler et al. 

2005). 

Case ii was an effort to replace the hypothetical sinusoidal factors used in instantaneous 

to daily MODIS-PET conversions with a ratio calculated from GOES data. Several discrepancies 

between the GOES and MODIS remote sensing derived data can be identified as the reasons 

behind the failure in the translation of the ratio from the GOES to the MODIS data. GOES 

imaging time did not match most of the time with the MODIS overpass time, thus it was required 

to interpolate GOES data at the MODIS overpass time to get the instantaneous data for GOES, 

which could be a source of error. Cloudy day calculations of net radiation from the MODIS 

showed a very poor performance and the conversion performed worse on cloudy days. Because 

of using separate methodologies (discussed above) for calculating cloudy day radiations, most of 

the difference in the MODIS and GOES net radiation is observed for cloudy days, which is also 

reflected in the conversion done using the instantaneous to daily net radiation ratios estimated 

from GOES data.  

Two flux towers from the north (GLEES and Niwot Ridge) performed better than the one 

in the south (Valles Caldera), which is consistent with the result observed on a previous study in 

this region (Barik et al. 2014). Increasing temperature form north to south in this area contributes 

to higher PET values and has associated a higher magnitude of errors (Barik et al. 2014). For the 

same reason, a higher magnitude of error is observed during the summer. In general, due to 

heterogeneity and the complex characteristics of the terrain, a large uncertainty is associated in 

modeling and estimating fluxes in the UCRB region (Mu et al. 2007; Hobbins et al. 2012; Barik 

et al. 2014). Our study is focused on an area which does not only have the challenge of 

heterogeneity but also the presence of clouds in this high elevation terrain during the winter 
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which adds to the complexity in PET estimations using remote sensing and is reflected in the 

results.  

The Priestley-Taylor (PT) PET estimation equation has been applied for all the 

approaches here. It is likely that that estimation of PET using other methods will yield different 

results. However, considering the unavailability of aerodynamic variables from satellite data, the 

PT method becomes the most suitable and popular equation in physically-based satellite derived 

ET/PET studies (Kim and Hogue 2008, Venturini et al. 2008; Jin et al. 2011; Yao et al. 2012). 

Besides the uncertainty associated with selecting a particular PET estimation equation, retrieval 

errors propagated from satellite data can accumulate into larger errors (Kim and Hogue 2008). 

Even a difference in mechanism and instrumentation behind tower data recordings can contribute 

10-30% uncertainty to the evaluation results (Glenn et al. 2008).  

3.7 Conclusion  

 This study evaluates several approaches to integrate MODIS and GOES satellites data to 

estimate PET and their comparative performances in a complex terrain. We conclude that the 

best approach is found when the net radiation from GOES GSIP data and the rest of the variables 

from MODIS products are used in the PT equation. The GOES net radiation product used in this 

study is available in 3 hour temporal intervals at 0.125
◦ 
spatial resolutions. Even though the 

spatial resolution of the net radiation of the GOES GSIP data is coarse compared to most of the 

MODIS products used in this study, it showed improvement in PET estimation which indicates 

that resolution is not always a key factor in determining the dynamics of evaporative fluxes 

(Burnshell and Anderson 2011). Temporal resolution played important part in PET estimations. 

The MODIS-PET (case i) is observed to show better distribution in the basin scale due to its high 

resolution; however, the uncertainties associated with the high resolution is outperformed by the 
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better temporal resolution of the GOES data. The advantage of this MODIS+GOES fusion 

approach is that it can be produced on global or regional scale on a daily basis in near real time. 

The temporal resolution, cloud cover presence, elevation and time of the year enhance 

differences between the MODIS-PET and the MODIS+GOES PET. 

 Since this study used a comparatively coarse GOES-derived solar radiation product, 

results indicate the upper boundary on the precision of PET estimations using future GOES 

series products. Scheduled to be launched in 2015, GOES-R is expected to produce less 

erroneous retrievals of LST and emissivity than these products have available from other 

satellites, eventually improving the measurement of net radiation. Work is ongoing to develop 

algorithms to retrieve geophysical parameters from GOES-R ABI (Laszlo et al. 2008), and our 

work confirms that the improved temporal frequency and physical retrieval of cloud properties 

can contribute to the improvement of radiation dependent PET estimations. Several fragments of 

the current mechanism used in the GSIP data to retrieve radiation budgets from the GOES are in 

the evaluation stage to be used in the GOES-R for operational purposes (Laszlo et al. 2008). 

Specially, the comparatively better performance of the GSIP product for cloudy days is a good 

indication of the GOES-R prospect because the cloud algorithm used in the GSIP net radiation 

retrieval will be used in GOES-R. The ABI imager on board of the GOES-R is capable of 

generating vegetation properties such as NDVI, EVI similar to the MODIS imager. Thus, case iii 

integration may be a reasonable method to be replicated for the GOES-R for PET generation. In 

spite of the concern of the indirect measurement of PET from the flux tower, the flux tower 

energy closure problem, the instrumentation errors of towers of measuring fluxes, the mismatch 

of tower foot-prints and the satellite data pixel, (Meng et al. 2003; Mu et al. 2007) the results 

were reasonable when GOES net radiation is integrated into the MODIS-PET algorithm (case 
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iii). GOES-R with four times more spatial resolution and five times more temporal resolution 

than the current GOES system which is expected to bring more accuracy and information to the 

scientific community. Further research efforts will be concentrated to evaluate the application of 

this MODIS+GOES-based PET in water resources applications. 
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Chapter 4: Evaluation of remote-sensing PET products in operational 

streamflow simulation  

 This chapter evaluates the performance of the developed two near-real time satellite PET 

products (merged GOES-MODIS and stand-alone MODIS) as input to the coupled snow/rainfall-

runoff models used in the National Weather Service (NWS) for streamflow forecasting. This 

study is performed to answer the following questions: (1) How much sensitivity does the rainfall-

runoff model have to the PET input? (2) Does the inclusion of dynamic remote-sensing PET data 

make any difference to the quality of the streamflow simulation over the static PET? 

4.1 Background 

 It is common in rainfall-runoff models to use a fixed annual PET curve developed using 

historic data instead of dynamic PET values. Oudin et al. (2005b) listed two reasons behind 

using static PET values as input in models: unavailability of near-real time estimation of PET 

data representing a large area, and low sensitivity of rainfall-runoff models to PET. This rough 

estimation of ET without considering the current climate and land surface condition is not a 

trustworthy solution to represent the dynamic hydrologic system (Morton 1983). There has long 

been a debate within the hydrologic community regarding how much effort should be paid to 

integrate a time-varying PET product to rainfall-runoff modeling systems (Morton 1983; 

Andreassian et al. 2004; Oudin et al. 2005 a,b; Jacobs et al. 2009).    

 The National Oceanic and Atmospheric Administration’s (NOAA’s) National Weather 

Service (NWS) is responsible for hydrologic forecasts related to activation of emergency 

services for forecast flood events, reservoir operations for water supply, streamflow regulation, 

and recreational outings on the nation’s streams and rivers. The Sacramento Soil Moisture 

Accounting (SAC-SMA) (Burnash et al. 1973)  model is the rainfall-runoff model in use in 
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twelve of the NWS’s thirteen River Forecast Centers (RFCs) located within major river basins 

throughout the U.S. In the SAC-SMA, monthly values derived from long-term station data 

(Farnsworth et al. 1982) or pan evaporation data maps (Farnsworth and Thompson, 1983) are 

used as PET input to calculate evapotranspiration demand (Smith et al. 2004). The PET curves 

developed from long time average of historic data, clearly do not reflect current hydroclimatic 

regimes or the temporal or spatial variability inherent in watershed systems. Thus, there is 

necessity and room for replacing the static curve with satellite developed dynamic PET.   

 PET estimation in watershed-scale is problematic because of unavailability of distributed 

meteorological data required for a robust PET estimation method (Andreassian et al. 2004).  

According to Schultz (1988), generally we try to overcome shortcomings in observed data by 

one of the three following measures: a) increasing the data collecting intensity, b) applying new 

quantitative methods for calculation and, c) applying advanced data collection methods such as 

remote sensing. With the advent of satellite systems, retrieval of large scale distributed land 

surface and atmospheric properties required for PET estimation became possible without 

substantial ground requirements. Although satellite data comes with high spatial and temporal 

resolution, unrestricted application of this in operational hydrology is limited due to associated 

uncertainties (Nagler et al. 2008; Behrangi et al. 2011). Precipitation, temperature, and PET are 

among the common inputs required in rainfall-runoff models; however, most of the efforts are 

observed to test suitability of satellite-based precipitation products in these types of models 

(Yilmaz et al. 2005; Su et al. 2008; Meier et al. 2011; Behrangi et al. 2011). Very few efforts 

have been paid to integrate satellite-derived PET estimation in the operational rainfall-runoff 

models (Jacobs et al. 2009; Bowman et al. 2014). Bowman et al. (2014) replaced the ET demand 

curve developed from pan data in the SAC-SMA model with a long term average estimates 
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developed from the MODIS-based PET. The intention was to reduce the uncertainty contributed 

from the subjective adjustment of the demand curve and to incorporate an updated PET. Eight 

out of the fifteen forecasting basins from the Upper Mississippi and Red River watersheds 

located within the North Central River Forecast Center (NCRFC) showed promising results. 

Since the authors developed a daily static curve, the evaluation of the dynamic near-real time 

daily PET estimate remained unexplored in the streamflow simulation. Previously, Jacobs et al. 

(2009) found some improvement in daily streamflow simulation from SAC-SMA by 

incorporating a PET product developed using GOES satellite derived solar radiation. However, 

requirement of additional metrological data from ground point sources makes this process 

incompatible for operational forecasting.      

 The MODIS-PET algorithm developed by Kim and Hogue (2008) proved competent 

compared to several other distributed PET products with the added benefit of no ground data 

requirement and near-time availability (Kim and Hogue et al. 2008; Barik et al. 2014). An 

improved version of this product is developed in the chapter 3 with the incorporation of GOES 

satellites data, which will be known as MODIS+GOES PET for the rest of the study. This work 

is focused on incorporating these two near real time remote-sensing based higher resolution PET 

products in the operational forecasts with a goal to improve the quality of the streamflow 

simulation. We hypothesize that the advanced-dynamic PET estimates derived from satellite 

products will improve operational streamflow forecasts over these traditional static products.  
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4.2 Methods 

4.2.1 Models 

4.2.1.1 SNOW17 

 The SNOW17 model is an operational model developed by the Hydrologic Research 

laboratory of the Office of Hydrology (Anderson 1973). It is a theoretical model representing 

important snowmelt and accumulation processes in snow dominated areas (NWS, 2004). The 

main two inputs required for this model are air temperature and precipitation. Air temperature is 

the single most important index in this model to control the energy exchange process or the 

melting process. The output from the model is a rain-plus-snow-melt time series which is fed 

into the runoff model. 

 The main processes that are incorporated in the SNOW17 model are: precipitation input, 

aggregation of snow, energy exchange at the contact surface between snow and the air, snow 

condition under the cover, water transmission process, and the heat exchange at snow-soil 

contact surface (NWS, 2004). The snow accumulation is greatly affected by incidents such as the 

deficiencies in the catch of precipitation gauges and sublimation in the snow cover. These 

incidents are factored in the model using a factor SCF which is applied to the snow fraction in 

the precipitation. The surface snow melting process can be divided into non-rain and rain-on-

snow periods because of the surrounding conditions such as humidity, sky condition or the wind 

condition are different in these two conditions (Anderson 1973). Surface melt rate during the 

non-rain condition is calculated using the air temperature and melt factor. A melt factor is 

calculated applying an empirical equation using model parameters maximum melt factor 

(MFMAX) and minimum melt factor (MFMIN). During non-rain conditions, conditions are 

different as solar radiation can play a vital role. In this case a model parameter, MBASE, is used 
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which defines the temperature above which melt usually occurs. In the energy budget equation 

during rainy conditions, the only calibrated parameter that is used is UADJ, which represents the 

impact of wind conditions. When there are no surface melt, the energy transfer to/from the 

snowpack is determined using the temperature gradient between the air and the snow surface. 

The snow melting and water transmission process inside the snowpack is complicated. The 

SNOW17 represents the process using single layer snow cover, where outflow from the 

snowpack happens when the heat deficit becomes zero and the snowpack crosses its maximum 

water storage capacity. Water storage capacity is calculated using the parameter percent liquid 

water holding capacity (PLWHC). The transmission of water from the snowpack is lagged and 

attenuated using an empirical equation which is dependent on ice to liquid water ratio. 

Application of this model for a particular area the extent of the snow cover is required. Heat 

exchange, snow melting and accumulation processes are calculated considering 100% snow 

cover and the areal snow cover extent determines the fraction of the area over which these 

processes takes place. For this purpose, an areal depletion curve (ADC) is used in the model, 

which determines the extent of snow cover versus bare ground over a particular area. 

4.2.1.2 SAC-SMA 

 The SACramento Soil Moisture Accounting model (SAC-SMA), developed by Burnash 

et al. (1973), is a conceptual rainfall-runoff model. This model simulates streamflow through the 

logical distribution of soil-moisture in a basin. It generates runoff in a basin outlet as a response 

to the rainfall input into the area. Generally, this model takes precipitation and potential 

evapotranspiration as inputs, however, in snow dominated areas snow melt is required as an 

input. In this study, the SNOW17 simulated output (rain+melt) is used as the precipitation input 

in SAC-SMA. 
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 The SAC-SMA model is divided into upper zone and lower zone storages to represent the 

drainage and water movement characteristic in the soil. Each zone consists of free water and 

tension water storages. Free water in the soil mantle is the water that can be drained out by 

gravitational forces. The water that can be held by suction inside the soil pores and can only be 

removed by evaporation and evapotranspiration is described as tension water. However, the 

permanent part of the soil moisture which cannot be taken out by the plants through evaporation 

is not accounted in this model. In the lower zone, the free water storage is divided into two sub-

storages, they are: supplemental and primary free water storages. Controlled by different 

parameters, these following five components of flow are added into the channel from these 

storages: 1) direct runoff from impervious areas, 2) surface runoff, 3) interflow, 4) supplemental 

base flow, 5) primary base flow. 

 During a storm event infiltration is determined by the impervious fraction of the basin 

(PCTIM) and the additional impervious fraction of the basin (ADIMC). Water infiltrated through 

the pervious zone is partitioned depending on the capacity of the upper zone tension water 

storage (UZTWM) and upper zone free water storage (UZFWM). Typically the tension zone is 

filled in before the water can enter the free storage zone. Precipitation accumulating in the free 

storage zone is considered as precipitation excess and when this storage reaches above UZFWM 

water comes out as surface runoff. Also, part of the upper zone free water percolates to the lower 

zone which is dependent on the states of the lower and upper storage zones, the maximum 

percolation rate, ZPERC, and exponent constant, REXP and part of it comes out as lateral flow 

which is known as interflow. However, the downward flow of the upper zone free water is 

calculated first and when the precipitation rate surpasses the percolation rate at that moment. The 

upper zone free water storage depletion coefficient (UZK) determines how much upper zone free 
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water contributes to the interflow. There is a limiting condition to the water percolation to the 

lower zone which is dependent on the two lower zone free water storages, known as primary 

(LZFPM) and supplementary (LZFSM) free water storages. In case of total saturation in the 

lower free storage zone water percolates in the rate of draining out of the lower zone. Depletion 

coefficients for the supplementary (LZSK) and the primary free water storages (LZPK) along 

with LZFSM and LZFPM determine the limiting rate (PBASE). Total water coming out as the 

supplementary and primary base flow from the lower zone results into the total baseflow. All the 

flow components discussed above together accumulate into total inflow to the channel. Unit 

hydrographs are used to route the outflow to the basin outlet. 

4.2.2 Study area 

 Two forecasting points from two mountainous basins within the Upper Colorado Basin 

area are chosen for this analysis, including the Animas river at Durango (Animas) and the Upper 

Green river at the Warren Bridge. Operational forecasts are issued for these basins under the 

Colorado Basin River Forecasting Center (CBRFC).  Both of these basins are characterized as 

snow-dominated and highly influenced by orographic precipitation process. The majority of the 

flow in these rivers occurs in the spring (March-July) from snow-melt of the accumulated snow 

during the winter (November-February). Characteristics of these two basins are summarized in 

Table 4.1 with their locations in Fig. 4.1.  The Animas drains approximately 1792 Km
2
 above 

Durango, Colorado and elevation range from approximately 2000m to 3700m. The Upper Green 

basin above Warren Bridge covers about 1200 km
2 
 with elevation range from  approximately 

2300m to 3900m.  
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 For operational forecasting the study basins are divided into three elevation zones: upper, 

middle and lower. This zoning is performed considering snow accumulation pattern, usually the 

upper zone receives snow every year and the lower zone only during heavy precipitation events 

(McManamon et al. 1993). Mean areal precipitation, potential evapotranspiration and air 

temperature data are available from the CBRFC in 6 hour time interval for all the elevation 

zones.    

 

Figure 4.1 The Upper Colorado River Basin with two selected study basins  
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Table 4.1 Basin characteristics  

Upper Green at Warren Bridge 

Elev. Zone Elev (m) Avg. Temp (
⁰
C) Avg. Precip (mm/day) Mean Flow (cms) 

Upper 3341 -3.8 0.62 

13.28 Middle 2779 -0.01 0.49 

Lower 2437 2.06 0.41 

Animas at Durango 

Elev. Zone Elev (m) Avg. Temp (
⁰
C) Avg. Precip (mm/day) Mean Flow (cms) 

Upper 3631 -1.2 0.78 

22.17 Middle 3113 2.23 0.62 

Lower 2438 5.34 0.47 

 

4.2.3 Statistical Evaluation 

Three widely used validation statistical indices are applied in this study: 

4.2.3.1 %Bias 

%Bias (BIAS) measures the average tendency of the simulated data to be larger or 

smaller than their observed counterpart.  
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where iR is the observed streamflow, iS is the simulated streamflow for the i th time step, and n 

is the total number of timesteps. 

4.2.3.2 RMSE 

 RMSE measures the square root of residuals and measures the accuracy of PET 

estimates: 
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Eq. 4.1 
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where iR is observed value, iS is the predicted value for the i th time step and n is the total 

number of time steps.  

4.2.3.3 NSE 

 Nash-Sutcliffe efficiency (NSE; Nash and Sutcliffe, 1970) is a normalized statistics 

derived from the squared difference of observed and simulated values being compared to the 

observed data variance. It ranges from 1 to infinitive and the highest value is achieved when the 

simulated value perfectly matches to the observed value.   
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where R is the average of all the observed value.  

4.2.4 Sensitivity tests  

4.2.4.1 Sensitivity of the runoff model to PET values 

 A sensitivity test is performed for the SNOW17/SAC-SMA models to characterize 

simulated runoff sensitivity to PET inputs. The operational PET product that is currently in use 

in CBRFC (CBRFC-PET) is considered for the sensitivity test. Using the Monte-Carlo 

simulation, the operational PET input has been multiplied by randomly chosen numbers between 

0 to 2 and respective NSE, RMSE and percent BIAS has been calculated for each simulation. 

Error statistics from 100 simulations has been plotted against the respective PET factor to 

characterize the sensitivity pattern and magnitude. The simulation with the original operational 

PET value is considered as the baseline run and the error of the factored PET simulation statistics 

from the baseline simulation error is considered in the plots. Sensitivity analysis is performed a 

Eq. 4.3 
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year (2005) as well for four periods each consisting of three consecutive months: JFM (January, 

February and March), AMJ (April, May and June), JAS (July, August and September), and OND 

(October, November and December).         

4.2.4.2 Parameter Sensitivity test 

 Another sensitivity analysis is performed for the SNOW17/SAC-SMA models to identify 

the sensitive parameters to consider in the calibration process. The sensitivity test, a valuable 

component and approach in the modeling process, is frequently used on the way to the 

calibration process. Sensitivity analysis is a filtering process through which we determine the 

parameters that have significant effects on the simulation of real world observations (van 

Griensven et al., 2006). Sensitivity testing can be manual or automated. Automated Monte-Carlo 

simulation method with cumulative distribution function (CDF) plots of percent bias has been 

used to identify the most sensitive parameters. The percent bias is calculated for between the 

observed and the simulated data for each of 5000 simulations. The percent bias values are 

organized in order from low to high values and based on the values each parameter is equally 

divided into 10 groups resulting in 500 parameters in each group. 10 CDF plots generated from 

these 10 groups are plotted together for each of the parameters. The maximum vertical distance 

between the 10 CDF plots are used to determine the sensitivity (He 2010), where higher distance 

states higher sensitivity.    

4.2.5 Model Calibration  

 PET estimates are used in calibration of the SNOW17/SAC-SMA models. Thus, before 

the application of a new set of PET it is required that the models be calibrated again.  The models 

are calibrated only using the MODIS-PET for 2005-2007 periods. The calibration is performed 
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considering the sensitive parameters identified through the sensitivity test (see section 4.2.4.2) to 

make the process efficient and less time consuming.  Parameters calibrated using MODIS-PET 

are applied for MODIS+GOES PET evaluation. The WY 2010 is used in the evaluation study.  

 Similar to the sensitivity test, calibration can also be performed in manual or automated 

way. Manual calibration is the traditional way and is done with visual inspection and experience. 

The automated calibration process can be divided into two categories: 1). Methods with local 

search criteria as the Generalized Likelihood Uncertainty Estimation (GLUE; Beven and Binley 

1992), the simplex method (Nelder and Mead, 1965); 2) Global search criteria, such as: the 

Shuffled Complex Evaluation developed at University of Arizona (SCE-UA; Duan et al. 1992; 

Dual et al. 1993), The Multi-step Automated Calibration Scheme (MACS; Hogue et al. 2006), 

Genetic Algorithms (GA; Wang, 1991). For the optimization algorithm to run one or more 

evaluation criteria or objective function is required. 

 SCE-UA is the optimization method first proposed to overcome the local optimization 

problem by applying a global search technique. SCE use randomly generated parameter set from 

the range of the parameters, it is probabilistic in methodology. To run SCE optimization some 

parameters within the algorithm need to be specified, such as: number of complexes, number of 

shuffling loops, maximum number of iterations. SCE algorithm can be described as combination 

of several local search sections which are later shuffled together. It is important to choose for the 

right type of objective function for SCE optimization to run. RMSE has been set as the 

optimization function for this study. In this study, SCE optimization has been selected because it 

is a simple, less computationally demanding yet strong and effective global optimization process 

(Duan et al. 1994; Thyer et al. 1999).  
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4.2.6 Flow transformation 

 A transformed value of discharge ( tQ ) has been used in several plots to improve the 

visualization. The transform is performed following a procedure known as Box-Cox 

transformation (Box and Cox 1964; Kinoshita 2012) which is given as below:   

( 1) 1
t

Q
Q





 
  where  =0.3 (Hogue et al. 2000)                                 Eq 4.4 

4.3 Results and Discussion 

4.3.1 Sensitivity study 

 The sensitivity study demonstrates that the runoff simulations are sensitive to PET, and 

also reveals the months of the year that require more attention in terms of PET inputs. 100 

simulations are performed applying the Monte-Carlo method. For each simulation CBRFC-PET 

is factored by a random multiplier ranging between 0-2.  

 

Figure 4.2 Streamflow sensitivity to PET values at the two study basins: Animas and Upper 

Green basins. The error statistics are calculated using 3 years (05-07) of data. X-axis shows the 
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factor PET multiplied with and Y-axis denotes the deviation of the error statistics (RMSE, NSE 

and BIAS) from the baseline run (simulation with the original value).  

 

Figure 4.3 Streamflow sensitivity to PET values at the two study basins: Animas and Upper 

Green basins for the four periods: JFM (=January, February and March), AMJ (=April, May and 

June), JAS (=July, August and September), and OND (=October, November and December). The 

error statistics are calculated using 3 years (05-07) of data. X-axis shows the factor PET 

multiplied with and Y-axis denotes the deviation of the error RMSE from the baseline run 

(simulation with the original value).  

Table 4.2 Observed streamflow between 05-07 averaged for JFM (=January, February and 

March), AMJ (=April, May and June), JAS (=July, August and September), and OND 

(=October, November and December) periods.  

Months Flow (cms) 

Animas  

Flow (cms) 

Upper Green 

JFM 7.22 3.41 

AMJ 56.94 27.05 

JAS 22.20 23.05 

OND 8.48 6.07 
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 Lower sensitivity is observed while the original PET values are factored between 0.8-1.2 

(Fig. 4.2), which indicates -20%-20% errors in PET estimation will not bring much effect on the 

streamflow simulation. Lowering the PET value from the original value to 0, increased the 

percent bias about 120% for Animas and 100% for Upper Green. On contrast, increasing the 

PET value twice as the original value changed the percent bias only about -50% for Animas and 

about -40% for Upper Green. Thus underestimation of PET has more effect on the streamflow 

simulation than its overestimation.   

 Seasonally, AMJ followed by JAS months showed the most response to the PET change 

(Fig. 4.3) which are respectively the two periods with the highest average streamflow (Table 

4.2). This indicates errors from uncertainty in PET estimation will have higher impacts during 

the high flow months which basically consist the melting season. Similarly, streamflow 

sensitivity associated to PET uncertainty is observed for the basin with the higher flow (Fig. 4.2 

and 4.3).   Animas has average flow of 22.17 cms which is almost twice as much as the average 

flow (=13.8 cms) of Upper Green (Table 4.1) and Animas shows more sensitivity to the PET 

input which is evident from all the error statistics used in the sensitivity study (Fig. 4.2).     

4.3.2 Calibration 

 The parameter sensitivity test performed with the aid of Monte-Carlo simulations and 

CDF plots (plots are not included) helped to identify the sensitive parameters from the coupled 

models for the two study basins. Five parameters: SCF, MFMAX, PXTEMP, SI, and MBASE 

for the Animas basin and four parameters: SCF, MFMAX, PXTEMP, and SI for the Upper 

Green are identified as sensitive parameters to be included in the SNOW17 calibration. Four 

SAC-SMA parameters: UZTWM, PCTIM, LZTWM, and PFREE for the Animas and five 
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parameters: UZTWM, PCTIM, LZTWM, PFREE and ZPERC for the Upper green are the 

sensitive parameters from SAC-SMA that are included in the calibration. The RFC parameter 

values are kept for the rest of the insensitive parameters for both of the models.       

 Three solar years (2005-2007) of data in 6hr interval are considered for the calibration; 

however, the simulated flow is compared with the observed flow in daily time-step. Daily PET 

data is evenly distributed in 6hr intervals to match the time-step of the precipitation and 

temperature data. To keep the calibration process unaffected by the initial state variables, the first 

100 days from the calibration is considered as spin-up period and is not considered in any error 

calculation.   

Table 4.3 Model performance for the calibration period (2005-2007) 

Upper Green 

Stat. CBRFC-PET (RFC 

Per.) 

MODIS-PET (No Calib.) MODIS-PET (After 

Calib.) 

Bias (%) -13.9 -24 -1 

NSE 0.62 0.46 0.76 

R 0.82 0.81 0.88 

RMSE 

(cms) 

1.1 1.3 0.86 

Animas 

 Stat. CBRFC-PET (RFC 

Per.) 

MODIS-PET (No Calib.) MODIS-PET (After 

Calib.) 

Bias (%) -13.5 -42 -4.7 

NSE 0.75 -0.15 0.84 

R 0.92 0.92 0.93 

RMSE 

(cms) 

1.1 2.41 0.90 

 

 Prior to the calibration being performed, the models are run using the MODIS-PET with 

the RFC parameters to observe the change in the streamflow simulation. While the CBRFC-PET 

is replaced with the MODIS-PET without bringing any change to the parameters, a sharp 

decrease in the performance of streamflow simulation is observed. The bias in the Upper Green 
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is increased from -13.4% to -24% and for the Animas it increased from -13.5% to -42% while 

the NSE is reduced from 0.62 to 0.46 for the Upper Green and 0.75 to -0.15 for the Animas when 

the CBRFC-PET is replaced with the MODIS-PET without any calibration being performed 

(Table 4.3). The performance is observed to decrease significantly for the Animas because the 

new MODIS-PET resulted in high bias both for the higher and the lower flows (Fig. 4.5 b) while 

in case of Upper Green the bias in mainly visible for the higher flows (Fig. 4.4 b). After the 

calibration has been performed, MODIS-PET is observed to improve the simulation for both of 

the basins (Table 4.3). In fact, after calibration the MODIS-PET outperformed the CBRFC-PET 

for the calibration period as observed from all the error statistics (Table 4.3). After calibration, 

the bias is reduced from -13.9% to -1% and -13.5% to -4.7% respectively for Upper Green and 

the Animas. Similarly, the NSE is increased from 0.62 to 0.76 for Upper Green and 0.75 to 0.84 

for Animas. Specially, in the high flow zones the MODIS-PET with the calibration showed 

notable improvement over the CBRFC-PET with the RFC Parameters (Fig. 4.4 and 4.5.).  
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Figure 4.4 Streamflow simulations for the Upper Green basin compared with the observed flow 

for the calibration period (2005-2006) using a) CBRFC-PET, b) MODIS-PET without any 

calibration, and c) MODIS-PET with calibration. First 100 days of 2005 is considered as spin-up 

period, thus not included in the plots. Flows in the plots are transformed to improve the 

observation in the low flow range.  

 

Figure 4.5 Same as Fig. 4.3 except for the Animas basin 
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4.3.3 Streamflow comparison      

 WY 2010 has been selected to evaluate the simulation performance for a year 

independent of the calibration period. The GOES GSIP data is only available from the middle of 

year 2009, thus MODIS+GOES PET could not be generated prior to the WY 2010. Selection of 

the WY 2010 provided a common study period to assess the relative performance of all the PET 

datasets. Table 4.4 summarizes the performance of the CBRFC-PET, MODIS-PET and 

MODIS+GOES PET to simulate streamflow for the validation year along with the performance 

of each individual year from the calibration period in terms of error statistics BIAS, NSE, R and 

RMSE.    

  Although for both of the basins integration of the MODIS-PET showed better 

performance during the calibration period, the evaluation period shows mixed performance 

(Table 4.4). In comparison to the CBRFC-PET, improved bias, NSE, R and RMSE is observed 

for both of the remote-sensing PETs for the validation year for the Upper Green basin (Table 

4.4). However, for the Animas basin the MODIS- PET does not perform very well (Table 4.4). 

For the evaluation year, significant improvement is observed in the model performance for 

Upper Green while CBRFC-PET is replaced with MODIS-PET in terms of all the statistics 

except for the %bias. Although during the calibration years MODIS-PET showed less %bias than 

the CBRFC-PET, for the evaluation year the reverse is observed when % bias is increased 9.4% 

for the Upper Green and 24.5% for the Animas while MODIS-PET is used as input.  
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Table 4.4 Model performance for each individual calibration period (2005-2007) and the 

validation period (WY 2010) using CBRFC-PET, MODIS-PET and MODIS+GOES PET. 

Upper Green 

  Error Stat. 2005 2006 2007 WY2010 

C
B

R
F

C
-P

E
T

 

BIAS (%) -18.8 -11.3 -13.5 1.8 

NSE 0.47 0.66 0.61 0.61 

R 0.78 0.83 0.84 0.78 

RMSE (cms/day) 1.5 1.1 0.8 1.06 

M
O

D
IS

-P
E

T
 

BIAS (%) -1.1 0.1 -1.2 11.2 

NSE 0.72 0.78 0.69 0.68 

R 0.85 0.89 0.88 0.87 

RMSE (cms/day) 1.1 0.9 0.74 0.96 

G
O

E
S

+
M

O
D

IS
 

P
E

T
 

BIAS (%) - - - 8.4 

NSE - - - 0.73 

R - - - 0.88 

RMSE (cms/day) - - - 0.89 

Animas 

 Error Stat.  2005 2006 2007 WY2010 

C
B

R
F

C
-P

E
T

 

BIAS (%) -22 -10.8 -8.7 -2.8 

NSE 0.64 0.84 0.79 0.87 

R 0.96 0.95 0.92 0.94 

RMSE (cms/day) 1.68 0.75 0.86 0.75 

M
O

D
IS

-P
E

T
 

BIAS (%) -11.7 0 -3 21.7 

NSE 0.79 0.88 0.82 0.75 

R 0.93 0.95 0.95 0.96 

RMSE (cms/day) 1.27 0.65 0.81 1.05 

G
O

E
S

+
M

O
D

IS
 

P
E

T
 

BIAS (%) - - - 16.4 

NSE - - - 0.83 

R - - - 0.96 

RMSE (cms/day) - - - 0.88 

 

 No calibration is performed for the MODIS-GOES PET since no data is available during 

the 2005-2007 periods for this remote-sensing PET. However, its performance is evaluated for 

the WY 2010 using the MODIS-PET calibrated parameters. Later, while the MODIS-PET is 

replaced with the MODIS+GOES PET, all the error metrics are improved including an 
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approximate 3% reduction in the bias in the Upper Green and about 5% in the Animas. Using the 

MODIS+GOES PET as input to the model with the MODIS-PET calibrated parameters even 

outperforms the RFC parameters with the CBRFC-PET for the Upper Green. Even though for 

the Animas basin the MODIS+GOES PET with the calibrated parameters could not perform 

better than the NWS setup still the statistics are very close except for the %bias. As reference, 

the NSE value is 0.83 for the MODIS+GOES PET which is very close to the NSE value (0.87) 

of the NWS run and there is even little increment in the R value (increased from 0.94 to 0.96).  

For all the years, it is observed that integration of the remote-sensing PETs increased the 

correlation (R) of the simulated flow to the observed flow which may be the result of using a 

dynamic daily PET value which is representing the actual day-day variation of the PET in the 

basins.     
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Figure 4.6 Streamflow hydrograph for Upper Green for the evaluation period WY 2010 for a) 

CBRFC-PET with RFC parameters, b) MODIS-PET with calibrated parameters and c) 

MODIS+GOES PET with calibrated parameters. Flows in the plots are transformed to improve 

the observation in the low flow range.  
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Figure 4.7 Streamflow hydrograph for Animas for the evaluation period WY 2010 for a) 

CBRFC-PET with RFC parameters, b) MODIS-PET with calibrated parameters and c) 

MODIS+GOES PET with calibrated parameters. Flows in the plots are transformed to improve 

the observation in the low flow range.  

 Flow simulated using the remote-sensing PETs and the new calibrated parameter sets are 

generally showing higher flow than the simulation using CBRFC setup and more successful to 

simulate the peak flows during the prime melting season (Fig. 4.6 and 4.7). However, for the 

evaluation period poor performance is observed during the recession period for both of the 

basins. This could be resulted from the objective function (RMSE) used in the optimization. 

Depending on the RMSE in a single step optimization process could trigger unexpected biases in 

the hydrographs after the peak flows   (Hogue et al. 2000).      
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Table 4.5 Yearly average met data, streamflow and PET data 

Upper Green 

Year 2005 2006 2007 WY2010 

Precip (mm) 772 583 623 577 

Air temp. (C) -0.2 -0.1 0.6 -1.27 

Flow (cms) 12.7 11.5 8.7 9.7 

CBRFC-PET (mm/day)  3.05  3.05 3.05  3.05 

MODIS-PET(mm/day) 4.11 4.28 4.49 3.84 

MODIS+GOES-PET (mm/day)  -  -  - 4.57 

Animas 

Year 2005 2006 2007 WY2010 

Precip (mm) 903 996 993 814 

Air temp. (C) 2.9 2.8 3.2 1.96 

Flow (cms) 32.5 21.4 23.8 17.2 

CBRFC-PET (mm/day) 3.4 3.4 3.4 3.4 

MODIS-PET(mm/day) 8.25 6.91 7.02 5.67 

MODIS+GOES-PET (mm/day)  -  -  - 6.83 

 

 Annual average of the meteorological inputs and observed flow for each of the 

calibration and the evaluation years are summarized in Table 4.5. The average flow for the WY 

2010 for Animas is 17.2 cms which is out of range for the average annual flow range (21.4-32.5 

cms) found for the calibration period. It is a possibility that parameters calibrated for a higher 

flow period could not capture the variability of an exceptionally low flow year (WY2010). 

However, the average flow for WY 2010 for Upper Green is 9.7 cms which is higher than the 

lowest average flow year (2006) from the calibration period.  

 CBRFC-PET, MODIS-PET and MODIS+GOES PET timeseries are plotted in Fig. 4.7 

for the Upper Green basin for WY2010. For the remote-sensing PETs not only that substantial 

variation in day to day PET values are observed, difference in PET values between the elevation 

zones are also clearly visible, especially for the summer days (Fig. 4.8). While CBRFC-PET has 

a constant annual value, the difference in average yearly MODIS-PET is observed up to 45% 
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(between 2005 and WY 2010) for the Animas basin and up to 17% (between 2007 and WY 

2010) for Upper Green  (Table 4.5). For day to day change the difference is expected to become 

even higher (Oudin et al. 2005b).  Previously observed from the sensitivity test, PET data can 

bring considerable bias in the streamflow simulation while the change in PET is usually greater 

than ±20%, thus a 45% difference in PET values between two years is expected to have 

significant impact on the streamflow simulation. However, the benefit of using the dynamic PET 

is sometimes lost in the “filtering process” of converting PET to ET in the rainfall-runoff models 

(Oudin et al. 2005b).    

 

Figure 4.8 Timeseries of daily a) CBRFC-PET, b) MODIS-PET, and c) MODIS+GOES PET 

over the Upper Green basin for WY 2010. U=Upper, M=Middle and L=Lower elevation zones.  
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4.4 Summary 

 This chapter evaluates the usefulness of two remote-sensing PET products - MODIS-PET 

and MODIS+GOES-PET - for simulating streamflow. Two watersheds of the UCRB region are 

selected for the evaluation study.  The results also highlight the strengths and weaknesses of the 

remote-sensing derived PETs to generate streamflow in a coupled rainfall-runoff models 

SNOW17/SAC-SMA used in NWS.  The preliminary investigation on the evaluation of the 

dynamic PETs to generate streamflow indicates that: 

1. Streamflow generation using SNOW17/SAC-SMA models are sensitive to PET input and 

the sensitivity increases during the spring melt. Impact on the streamflow simulation 

become significant when more than ±20% change is observed from the original PET 

input.   

2. The model parameters must be calibrated for the new set of dynamic PET data. A long 

period of data with wide range of flow variation should be considered for better 

calibration results.  

3. Improvement is observed for flood peak simulation in case of using remote-sensing 

PETs. However poor simulation performance is spotted in the recession limb. Integration 

of a new set PET and the updated calibrated parameters is likely to change the dynamics 

of the streamflow simulation.    

4. Distributed PETs used in this study not only represent the day to day variation in PET 

values but also capture the spatial variability in the PET estimation which makes it 

possible to provide separate PET estimates for each elevation zones similar to the 

precipitation or the temperature data inputs. 
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5. The MODIS-GOES PET data has the potential to be used in operational forecasting 

because of its near-real time availability and improved performance (Barik et al. 2014b). 

Because of the unavailability of the MODIS-GOES PET for a sufficient period for 

calibration, MODIS-PET calibrated parameters are used with the MODIS-GOES PET 

which is observed to perform better than the MODIS-PET.  This is possible because they 

show similar dynamics in PET variation because of sharing the same PET algorithm.  

6. Daily PET estimation is more realistic since it is estimated considering the present 

metrological and landsurface condition. However, the benefit of using dynamic PET 

sometimes is scarified to the internal crude mechanism of the rainfall-runoff model at the 

time of converting it to ET.    
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Chapter 5: Conclusions and Future Work 

5.1 Conclusions and original contributions 

 The overarching goal of this research was to produce an advanced, satellite-based PET 

product that integrates the strengths of two satellites platforms for improved hydrologic 

predictions at the watershed scale. The objectives were to: 1) evaluate and identify the 

limitations of a current MODIS-based daily PET estimation algorithm, 2) modify the MODIS-

based PET algorithm to integrate temporally improved geostationary GOES satellites data to 

improve the accuracy of the product, and 3) test the performance and applicability of the new 

product in operational setup to simulate streamflow which are respectively addressed in chapter 

2, chapter 3, and chapter 4.,The following questions were answered to meet the objectives: 

- How does MODIS-PET perform compared to other distributed PET products 

generated from reanalysis datasets over a heterogeneous terrain?   

In Chapter 2, a comprehensive verification and comparison study was performed 

using the MODIS-based PET. The study is carried out in a region with heterogeneous 

landscapes, the Upper Colorado River Basin (UCRB), to provide the opportunity to 

simultaneously evaluate the select models from low to high elevation and semi-arid to sub-alpine 

climates. At the basin scale, the largest differences between MODIS-PET and the other two 

methods were observed for evergreen/mixed forest landcover types and tree-line areas. The 

MODIS-PET showed lower errors and uncertainties than either the Daymet-PET or Epan, 

especially in high altitude and forested areas. Differences in the PET estimation between the 

methods are mainly due to uncertainties relevant to the model used for PET estimation and the 

data sources. The MODIS-PET estimation has uncertainty associated with three model variables; 

land surface temperature, air temperature and surface emissivity. In general, the dominance of 
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temperature and associated uncertainties is observed for all tested models. The MODIS-PET was 

calculated in near-real-time which we advocate will ultimately provide more reasonable 

representation of current climatological conditions for streamflow forecasting, drought 

monitoring and crop water demand.  PET derived from polar orbiting satellites has limitations in 

limited number of observations available for daily average calculation.  

Does the integration of remote sensing products from a geostationary satellite in a 

polar-orbital satellite based PET algorithm improve PET estimation over a geographically 

complex region? 

Four approaches of integrating GOES satellites data into the MODIS-PET algorithm 

were evaluated in Chapter 3. The best integration approach was found when the net radiation 

from GOES GSIP data and the rest of the variables from MODIS products were used in the PT 

equation. Although MODIS-PET shows better distribution, high uncertainties are associated with 

this PET estimation. Improvement in temporal resolution is likely contributing more to overcome 

the error pertaining from the low resolution distribution. This new improved methodology is 

creating an excellent balance between temporal availability and spatial variability to create a new 

remote-sensing PET product.   

-  Is the new product capable of improving the streamflow simulation in the operational 

setup? How does the distributed dynamic PET products performing over other traditional 

products in use in operational forecasting for streamflow simulation?    

Remote-sensing derived PET inputs applied to the SNOW17/SAC-SMA models in 

two mountainous watersheds showed mixed results. The dynamic PET inputs show more errors 

and uncertainties for the basins with higher flow and a warmer climate. However, these 

preliminary results show that PETs estimated using the satellite data is a suitable replacement of 
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the static PET in the snow-dominated basins of the UCRB region. Remote sensing PET data 

comes with realistic presentation of PET estimation providing not only the day to day variation 

but also the spatial variation between the elevation zones.  

The MODIS+GOES PET product is easily retrievable for all the basins. This thesis is 

a contribution to the continuous effort visible in the scientific community to make the forecasting 

process automated and free of ground data observation.  The evaluation work performed here 

concludes that ground-based PET estimation can be replaced with the higher resolution remote 

sensing PET data with near-time availability to better capture the current dynamics of watershed.  

Remote-sensing comes with promises; however, inclusion of a new product to the system 

demands uncertainty quantification and robust evaluation studies for confidence building 

(Sorooshian et al. 2011). This research is an effort to introduce the scientific and operational 

communities to advanced remote sensing PET products.  

5.2 Future work 

 Several potential future improvements and suggested extensions of the study include: 

1. Future work will include calibration of the SNOW17/SAC-SMA models for the MODIS-

GOES PET and evaluate the performance as longer periods of GOES data as they 

become available.   

2. A new generation of GOES satellites the GOES-R series is scheduled to be launched in 

early 2016. This new series is designed to provide continuous atmospheric measurements 

of the Western hemisphere with improved temporal and spatial resolution. This study 

provided the indication that remote-sensing PET estimation can be further advanced 

using more accurate information from the GOES-R satellite. As the GOES-R data 



130 
 

become available, this study can be replicated to generate an updated and advanced PET 

product. 

3. Application of the MODIS+GOES PET proposed in this study can be further extended to 

drought analysis, ecological modeling and water resources management studies.  Also, 

this product can be produced in global scale to increase the understating of PET 

distribution over a wide range of geographic and climatic regions without any ground 

data assistance.  

4. The dynamic PET products should be tested in various watersheds in diverse climatic 

regions. The response of a basin from a rain dominated humid region will certainly be 

different from the snow-dominated mountainous basins used in this study.  

5. The NWS streamflow forecast is primarily dependent on the lumped SNOW17/SAC-

SMA models. Thus, the new developed PET has been tested for these coupled models 

first. However, the newly developed MODIS-GOES PET can be tested in NWS’s 

distributed operational model, the Hydrology Laboratory Research Distribution 

Hydrologic Model (HL-RDHM) framework (Koren et al. 2004).  
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